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Background

Finding effective prognostic signatures is of great urgency due to the high risk of recurrence and progression of bladder cancer (BC). Although a lot of genetic alterations are involved in the carcinogenesis, none of them were referred in the current risk group stratifications. In this study, we aimed to find significant copy number variations (CNVs) to predict prognosis for BC patients.



Methods

CNVs with high aberration frequencies in BC were explored by array-based comparative genomic hybridization in 65 tumor samples. Candidates were validated in independent groups of BC tumor samples (n=219) and urine samples (n=123). 3D digital PCR was applied for detecting accurate gene copy numbers in BC urine. In order to explore the prognostic value of candidate CNVs, all enrolled patients were followed up for the disease-free survival (DFS). Cox proportional hazards regression analysis was performed to find the independent prognostic factors for DFS.



Results

CNVs of CEP63, FOSL2 and PAQR6 with high aberration frequencies (67.7%, 56.9% and 60.0%, respectively) were found in BC tumors. Copy numbers of CEP63, FOSL2 and PAQR6 were gained in 219 tumor samples. CNVs of CEP63 and FOSL2 were correlated with advanced tumor stage and high grade. Retrospective analysis (median follow-up time: 69 months) revealed that CNVs of CEP63 and FOSL2 were independent prognostic factors for DFS of non-muscle-invasive bladder cancer (NMIBC) patients, while CNVs of FOSL2 and PAQR6 were independent prognostic factors for DFS of muscle-invasive bladder cancer (MIBC) patients. Models for predicting DFS were constructed based on CNVs of three genes. Patients with high prognostic indexes tended to have poor DFS. Prognostic index can also help to identify those with worse outcomes among high risk NMIBC patients. Copy number gains of CEP63 and FOSL2 in urine were found to be significantly correlated with poor DFS of NMIBC patients.



Conclusions

CNVs of CEP63, FOSL2 and PAQR6 were capable of predicting DFS and may serve as promising signatures for prognosis of BC.





Keywords: copy number variation, bladder cancer, prognosis, CEP63, FOSL2, PAQR6



Introduction

Bladder cancer (BC) is the most common malignancy of the urinary tract, with approximately 550,000 newly diagnosed cases per year worldwide (1). Most BCs are urothelial carcinomas (2). Urothelial bladder cancer is classified into muscle-invasive bladder cancer (MIBC) and non-muscle-invasive bladder cancer (NMIBC) depending on whether the tumor invaded muscularis propria (3). Nearly 75% of BCs are NMIBCs (3). The standard treatment for NMIBC is transurethral resection of bladder tumor (TURBT), along with intravesical instillation of chemotherapy or vaccine-based therapy, followed by regular cystoscopy (4). The 5 year rates of tumor recurrence ranged from 50% to 70%, while the 5 year rates of progression ranged from 10% to 30% in NMIBC patients (3). It is reported (5) that high risk NMIBC patients (high grade Ta tumors, T1 tumors, carcinoma in situ or multiple, recurrent, and large (>3 cm) low grade Ta tumors) had a risk of 78% in recurrence and a risk of 45% in progression over 5 years. Those patients at high risk required correct treatment decision and should be paid more attention to on their surveillance. However, therapy strategies for high risk BC patients were still in debate. The prognosis prediction can be of great help for clinical decision making on treatment and surveillance practices. Approximately 25% of BCs are MIBCs (6), including those with distant metastasis, regularly treated by radical cystectomy, chemotherapy or radiotherapy (7). Approximately 50% of MIBC patients develop distant metastases, despite having received the standard therapy of radical cystectomy with pelvic lymph node dissection (PLND) (8).

The high recurrence nature of bladder cancer has urged researchers to pursue an efficient prognostic predictor for evaluating the risk. Despite the fact that current histopathologic classification has given rise to improvement in clinical management, evaluating the risk of recurrence still remains a challenge. Although various urinary markers based on different kinds of technologies have been recently developed, such as nuclear matrix protein-22 (NMP-22), bladder tumor antigen (BTA)-Stat, BTA-TRAK, and DD23 (9–11), none of these have been accepted as prognostic indicators in clinical guidelines, as their utility in predicting the prognosis of individual patients is not clear yet (4). However, evaluating recurrence or progression risk and assessing prognosis is critical since a delay in therapy can be life-threatening, especially for high-grade NMIBC and MIBC patients (12). Therefore, novel prognostic signatures, which are both effective for prognosis prediction and convenient for detection, are in urgent need.

Variations in gene copy number are commonly regarded as a source of difference in the genome sequences across individuals (13). As an initiative factor of genetic evolution and phenotypic variation, copy number variations (CNVs) present at the rate of 4.8%-9.5% (13) of the variability in the human genome. Other than benign polymorphic variants, CNVs are known to be associated with malignancies. Extra or missing copies of protein-coding genes or regulatory regions alter gene dosage and are related to various types of cancers (14).

BC, known for its high recurrence and metastasis rate, is characterized by a large number of genetic alterations involved in tumor development (15). However, the current risk group stratifications were still depending on clinical parameters such as recurrence history, tumor size, tumor number, histologic type, grade and stage (4, 7, 9), without any cancer related genetic alterations included.

In this study, we explored the CNVs with high aberration frequencies (>50%) from array-based comparative genomic hybridization (array CGH) data and validated in an independent group of 342 BC samples (including 219 tumor samples and 123 urine samples) by real-time polymerase chain reaction (PCR). 5 CNVs with high aberration frequencies were selected to explore their prognostic value in BC (Figure 1). The retrospective analysis of disease-free survival (DFS) was performed on all enrolled patients. Since there is a small amount of tumor cell DNA in urine, we adopted the highly sensitive 3D digital PCR to detect candidate CNVs in urine samples, to provide a simple and fast method for detection in clinical practice.




Figure 1 | Study design. To discover significant copy number variations (CNVs), CNVs of 5 genes with high aberration frequencies were selected from array comparative genomic hybridization (CGH) data. Copy number gains of 3 genes were found in tumor samples by real-time PCR (qPCR). To explore their clinical value, correlations between the CNVs of 3 genes and clinicopathological characteristics were analyzed. CNVs of 3 genes were later applied in constructing and validating prediction models in 219 bladder cancer (BC) cases. To evaluate their potential clinical application, CNVs of 2 genes were validated by real-time PCR in 123 BC urine sediment samples and 49 healthy control samples. They were also validated by digital PCR (dPCR) in 40 BC urine and 42 healthy control samples. The prognostic value of 2 CNVs was further assessed in 123 urine samples.





Materials and Methods


Patients and Samples

This study (CH-BMS-013) was approved by the Cancer Hospital, Chinese Academy of Medical Sciences Clinical Research Ethics Committee. Informed consent was obtained from all participants.

320 BC patients who were admitted to Cancer Hospital, Chinese Academy of Medical Sciences from July 1998 to March 2012 were enrolled in this study.

The inclusion criteria were as follows. (1) Patients were newly diagnosed and received treatment in Cancer Hospital, Chinese Academy of Medical Sciences. (2) The histopathological diagnoses of tumor were urothelial carcinoma of the bladder. The exclusion criteria were as follows. (1) Patients who received any neoadjuvant treatment before surgery were excluded. (2) Patients who had upper tract urothelial carcinoma or a history of upper tract urothelial carcinoma were excluded. (3) Patients who had a known history of other malignancy were excluded.

Tumor samples were staged and graded by a urological pathologist referring to the International Union Against Cancer (UICC) 2002 TNM staging system (16) and the World Health Organization (WHO) 2004 classification system (17), according to which carcinoma in situ and Ta–T1 stage was non-muscle-invasive cancer and T2–T4 stage was muscle-invasive cancer.

The tumor group included 219 cases with fresh-frozen tumor tissue samples. The urine group included 123 cases with preoperative urine sediment samples, among which 22 cases had both tissue and urine sediment samples. These 123 urine sediment samples were tested by real-time PCR. 40 of the 123 samples with DNA left after real-time PCR were further tested by 3D digital PCR. The clinicopathological characteristics of patients are outlined in Table 1.


Table 1 | Clinicopathological characteristics of bladder cancer patients.



All 320 newly diagnosed patients were followed up for disease-free survival (DFS). The disease-free survival (DFS) in our study was defined as the period after a successful treatment during which there were no signs and symptoms of the recurrence or metastasis for NMIBC patients. For MIBC patients, the DFS was defined as the period after a successful treatment during which there were no signs and symptoms of the metastasis of tumor. For patients who had tumor recurrence or metastasis for many times, the DFS refers to the period before the first recurrence or metastasis.

35 blood samples from Chinese healthy donors were used as the control group for detecting CNVs of the 5 candidate genes in BC tissue. 91 urine sediment samples from donors without urinary tumors served as the control group for detecting CNVs in the urine.

Fresh-frozen tissue surgically resected from primary bladder tumors were obtained from patients who underwent standard treatment (4) including TURBT or cystectomy. The tissue was cleaned with saline and stored within 1 hour after removal at −80°C until use.

First morning urine samples of 200–500 ml were collected from BC patients on the date of surgery. The urine samples were centrifuged at 3000 × g for 20 minutes at 4°C and the sediments were stored at −80°C for DNA extraction. Blood samples of healthy donors were centrifuged to separate the plasma and blood cells within 1 hour after collection. Peripheral blood leukocytes were isolated using Erythrocyte Lysis Buffer (Qiagen, Germany) and frozen at –80°C until use.



DNA Extraction

Fresh-frozen tissue and urine sediment DNA was extracted using QIAamp DNA Micro Kit #56304 (Qiagen, Germany). Blood sample DNA was extracted using DNeasy Blood & Tissue Kit #69506 (Qiagen, Germany). All procedures were performed according to the manufacturer’s protocol.



Array-Based Comparative Genomic Hybridization

We performed array CGH on fresh-frozen tumor samples of 65 bladder cancer cases using human Genome CGH Microarray Kits, 4x44K #G4413A (Agilent Technologies, Santa Clara, CA, USA). All procedures were performed by the manufacturer’s instructions.

The chips were scanned on an Agilent G2565BA DNA Microarray Scanner. Image analysis was carried out by Feature-Extraction v.10.5.1.1 software (Agilent Technologies, Santa Clara, CA, USA). The array CGH data (GSE164743) had been uploaded on Gene Expression Omnibus (GEO).



Real-Time Polymerase Chain Reaction (PCR)

Primers for real-time PCR were designed using Primer Premier 5.0 (Premier Biosoft International, Palo Alto, CA, USA). Primer sequences are shown in Table 2. Real-time PCR was performed using Mx3005p™ real-time PCR system (Agilent Technologies, Santa Clara, CA, USA). Each sample was tested in triplicate.


Table 2 | Sequence of primers for real-time fluorescence quantitative PCR to detect the CNVs of candidate genes.



Each reaction contained 20ng genomic DNA, 10μM paired primers, 0.5μl ROX Reference Dye II (50×) and 12.5μl SYBR® Premix ExTaq™ (2×) (Takara Bio, Japan). After an initial denaturation step at 95°C for 10 sec, the amplifications were carried out with 45 cycles at a melting temperature of 95°C for 5 sec and an annealing temperature of 60°C for 20 sec. The specificity of the real-time PCR products was evaluated by melting curve analysis. TBP showed no variation in array CGH data and was therefore selected as the reference gene.



3D Digital PCR

3D digital PCR was performed using the QuantStudio™ 3D Digital PCR System (Applied Biosystems, Foster City, CA, USA). Copy numbers of target genes were detected using TaqMan® Copy Number Assay and TaqMan® Copy Number Reference Assay (Thermo Fisher Scientific, USA). Both assays were run simultaneously in a duplex PCR reaction.

14.5μl of reaction mixtures containing the 10ng DNA, 2×Mastermix, 20×Copy Number and 20×Reference Assay was loaded on the 3D Digital PCR Chip v2 and was performed PCR using the ProFlex™ 2x Flat PCR System. After an initial denaturation step at 96°C for 10min, the amplifications were carried out with 40 two-step cycles at 60°C for 2 min and 98°C for 30s and then an annealing step at 60°C for 2 min.

After PCR amplification, the chip was read by QuantStudio™ 3D Digital PCR Instrument. The fluorescent signals were further analyzed by QuantStudio™ 3D AnalysisSuite™ software.



Data Analysis

Agilent Genomic Workbench 7.0 (Agilent, Santa Clara, CA, USA) was used for analyzing array CGH data. The Aberration Detection Method 1 (ADM-1) algorithm was adopted to identify DNA CNVs. The ADM-1 algorithm can identify the aberrant intervals with consistently high or low log-ratios based on the statistical score. A threshold of 6.0 was used according to the instruction manual. An aberration filtering option of a minimum of 3 probes in each region and the absolute average log2 ratio>0.25 was applied. Diploid centralization and the GC correction algorithm were used for data normalization. The University of California Santa Cruz (UCSC) human genome assembly hg19 was used as a reference. The genes with high aberration frequencies (>50%) were validated by subsequent real-time PCR. The copy number ratios relative to TBP of the candidate genes detected by real-time PCR were calculated using the comparative cycle threshold (Ct) 2−ΔΔCt method.

Raw fluorescence data of 3D Digital PCR Chip v2 was read by the 3D Digital PCR Instrument. The ratio of FAM : VIC (ratioFAM/VIC) representing the adjusted copy number of target genes was calculated using the Poisson distribution by the QuantStudio™ 3D AnalysisSuite™ software (Supplementary Figure 1). To maximize the detection of copy number imbalance, ratios of candidate gene/TBP (ratiocandidate/TBP) were calculated indirectly by dividing candidate gene ratioFAM/VIC by TBP ratioFAM/VIC.

Statistical analysis was conducted using SPSS Statistics 25.0 (IBM Corp., Armonk, NY, USA). A p-value <0.05 on a two-sided test was considered significant. The Kolmogorov-Smirnov test was used to assess the normality of the data distribution. The group differences of continuous variables were assessed using the non-parametric Mann–Whitney U test (for non-normal distributions) and Student’s t-test (for normal distributions). Pearson’s χ2-test was used for categorical values. Bar graphs were drawn by GraphPad Prism 5 (San Diego, USA).

The cumulative incidence of copy number ratios and DFS, stratified by tumor stage, was plotted using Kaplan–Meier curves on “R” computing environment version 3. 6. 0 (18) (R Foundation for Statistical Computing, Vienna, Austria). The R package “survminer” was used to determine the optimal cutoff point for copy number ratios of identified genes in the survival analysis. The log-rank test was applied to assess the differences in DFS. Hazard ratios (HRs) for tumor recurrence or progression were calculated using univariate and multivariate Cox proportional hazards regression analysis with the forward logistic regression method. The proportional hazards assumption was satisfied (p>0.05) for variables in the Cox regression analysis for NMIBC and MIBC.




Results


Discovering Significant CNVs in BC


Investigating CNVs With High Frequencies From Array CGH Profiling

The array CGH data of 65 BC tumor samples (GSE164743) were used to explore CNVs with high aberration frequencies. A total of 108 gained fragments (length>1kb) and 279 lost fragments (length>1kb) were found in tumor samples (log2 ratio>0.25, Supplementary Tables 1, 2). 5 genes located on 5 fragments with high aberration frequencies (>50%) were selected as candidate genes for validation. The 5 genes were CEP63, FOSL2, GHR, PAQR6 and ZFAND3 (Table 3). Gains of copy numbers was found in 4 genes (CEP63, GHR, PAQR6 and FOSL2). Deletion of copy numbers was found in 1 gene (ZFAND3). TBP, with no copy number change in the array CGH data, was selected as an internal reference gene for subsequent real-time PCR validation.


Table 3 | Candidate genes selected from array CGH profiling for validation.





Real-Time PCR Validation for CNVs of Candidate Genes

We performed real-time PCR on 219 fresh-frozen tumor tissue samples to validate CNVs of 5 candidate genes selected from the array CGH data. Peripheral blood samples from 35 healthy donors were used as the control. Results showed that compared with the control group, copy numbers of 3 genes, CEP63 (p<0.01), FOSL2 (p<0.01) and PAQR6 (p<0.01) were significantly gained in tumor tissues (Figure 2).




Figure 2 | Copy number variations [mean with 95% confidence interval (CI)] of 5 candidate genes in bladder cancer tumor and control samples (**p < 0.01). Copy numbers of CEP63, FOSL2 and PAQR6 were significantly gained in 219 tumor tissue samples, determined by Mann-Whitney U test.






Analyzing the Clinical Value of Identified Candidate Gene CNVs


Correlations Between Identified CNVs and Clinicopathological Characteristics

To evaluate the clinical significance of CEP63, FOSL2 and PAQR6 CNVs, we analyzed the correlations between CNVs of 3 genes and the clinicopathological characteristics of the 219 BC patients (Table 4). Among the 219 cases, there were 127 NMIBC cases and 92 MIBC cases. The copy numbers of CEP63 and FOSL2 were significantly different (p<0.01 and p<0.01, respectively) between the NMIBC and MIBC groups. Copy number gains of CEP63 and FOSL2 were correlated with advanced tumor stage and high tumor grade (p<0.01 and p=0.047, respectively). Copy number gains of CEP63 were also associated with positive lymph node metastasis (p<0.01). Copy numbers of PAQR6 were gained in BC but had no significant correlations with clinicopathological characteristics. No significant correlations between the CNVs of 3 genes and age, sex were found.


Table 4 | Correlation between 3 CNVs and clinicopathological characteristics of 219 BC patients [median (interquartile range)].





Correlations Between Identified CNVs and Disease-Free Survival (DFS)

To explore the prognostic value of 3 identified genes, CEP63, FOSL2 and PAQR6, all enrolled 320 patients were retrospectively analyzed for their DFS. The overall median follow-up time for 320 patients was 61 months, ranging from 3 to 188 months. The overall DFS for 320 patients at 5 and 10 years was 48.3% and 22.7%, respectively.

The median follow-up time for 219 patients with tumor samples was 69 months. 16 NMIBC patients and 16 MIBC patients were censored. The following survival analysis was stratified by NMIBC and MIBC. The median follow-up time for 111 NMIBC patients was 53 months, while the median follow-up time for 76 MIBC patients was 102 months.

Kaplan–Meier tests were performed to analyze the correlations between the CNVs and DFS in 111 NMIBC and 76 MIBC patients. Results showed that NMIBC patients with copy number gains of CEP63 (copy number ratio>2.82) and FOSL2 (copy number ratio>0.95) had a significantly poorer DFS (p=0.00052 and p=0.0011, respectively, Figure 3). MIBC patients with copy number gains of FOSL2 (copy number ratio>0.99) and PAQR6 (copy number ratio>0.78) had a significantly poorer DFS (p<0.0001 and p<0.0001, respectively, Figure 3).




Figure 3 | Prognosis prediction by 3 identified genes. Kaplan–Meier curves revealed that copy number gains of (A) CEP63 and (B) FOSL2 were related to poor disease-free survival (DFS) in non-muscle-invasive bladder cancer (NMIBC) patients (log-rank test, p<0.01). Cutoff points of copy number ratios relative to TATA-box binding protein (TBP) gene were 2.82 and 0.95 for CEP63 and FOSL2, respectively. Copy number gains of (C) FOSL2 and (D) PAQR6 were related to poor DFS in muscle-invasive bladder cancer (MIBC) patients (log-rank test, p<0.01). Cutoff points of copy number ratios of FOSL2 and PAQR6 were 0.99 and 0.78, respectively.



Univariate Cox proportional hazards regression analysis revealed the significant correlations between the DFS of NMIBC patients and CNVs of CEP63 (p=0.001) and FOSL2 (p=0.003). Multivariate analysis showed that CNVs of CEP63 (p=0.002) and FOSL2 (p=0.004) were independent prognostic factors for the DFS of NMIBC patients (Table 5). Significant correlations were found between the DFS of MIBC patients and CNVs of FOSL2 (p=0.0002) and PAQR6 (p=0.001) by univariate analysis. Multivariate analysis revealed that CNVs of FOSL2 (p=0.022) and PAQR6 (p=0.024) were independent prognostic factors for DFS of MIBC patients (Table 5).


Table 5 | Univariate and multivariate Cox proportional hazard regression analysis for DFS prediction in NMIBC and MIBC patients.





Prediction Models for the DFS of NMIBC and MIBC Patients

In order to construct prediction models for DFS, we randomly divided NMIBC and MIBC patients into training sets and test sets (Table 6). No differences were found between the training set and test set in terms of clinical parameters including age, sex, smoking, drinking, tumor size, tumor number, histologic grade and lymph node metastasis. Independent prognostic factors from multiple Cox regression analysis were used to construct prediction model equations in the NMIBC training set (n=56) and the MIBC training set (n=45). The prognostic index (PI) was applied for assessing the risk of recurrence for NMIBC and the risk of progression for MIBC. NMIBC and MIBC patients with high PIs had poorer DFS (p<0.05 and p<0.01, respectively) compared with those with low PIs (Figure 4).


Table 6 | Clinicopathological characteristics of BC patients in the prediction model.






Figure 4 | Validation of the prediction models for non-muscle-invasive bladder cancer (NMIBC) and muscle-invasive bladder cancer (MIBC). High prognostic index (PI) (PI>1.5095) indicated poor disease-free survival (DFS) (p<0.05) for NMIBC patients in the (A) training set (n=56) and (B) validation set (n=55). MIBC patients with PIs higher than 2.2079 tended to have poorer DFS (p<0.01) in the (C) training set (n=45) and (D) validation set (n=31). The differences between the high PI group and the low PI group were assessed by the log-rank test.



The prediction model equation for NMIBC was as follows: copy number ratios of CEP63 were categorized as 1 if higher than the cutoff point of 2.82; otherwise, they were categorized as 0. Copy number ratios of FOSL2 were categorized as 1 or 0, using a cutoff point of 0.95. The p value of the likelihood ratio was 0.002.

	

	

The prediction model equation for MIBC was as follows: copy number ratios of FOSL2 were categorized as 1 or 0, using a cutoff point of 0.99. Copy number ratios of PAQR6 were categorized as 1 or 0, using a cutoff point of 0.78. The p value of the likelihood ratio was 0.0001.

	

	

The cutoff point of the PI was 1.5095 for NMIBC and 2.2079 for MIBC, which meant when the copy numbers of the 2 genes in the equation were both gained (copy number ratios higher than the cutoff points), the patient tended to have a poorer DFS. The prediction models were subsequently validated in the NMIBC validation set (n=55) and MIBC validation set (n=31). It was shown that NMIBC and MIBC patients with high PIs tended to have poor prognosis (p<0.01 and p<0.01, respectively, Figure 4).



Prognosis Prediction for High Risk NMIBC Patients

According to the risk group stratification in European Association of Urology Guidelines on NMIBC (19), patients with any of the following were at high risk: T1 tumor; G3 (high grade) tumor; carcinoma in situ, multiple, recurrent and large (>3 cm) Ta G1G2/low grade tumors (all features must be present). Among the 111 newly diagnosed NMIBC patients in our study, there were 98 patients at high risk and 13 patients at low or intermediate risk. Kaplan–Meier tests were performed to analyze the correlation between the PIs and DFS of 98 patients at high risk. The results showed that among the high risk NMIBC patients, those with high PIs had shorter DFS (p=0.00056), indicating that the PIs calculated by the prediction model can also be of help on predicting prognosis for high risk NMIBC patients (Figure 5).




Figure 5 | Correlations between disease-free survival (DFS) and prognostic index (PI) of high risk non-muscle-invasive bladder cancer (NMIBC) patients. Kaplan-Meier curves revealed that the high risk NMIBC patients with high PIs tended to have poorer DFS than the high risk NMIBC patients with low PIs (log-rank test, p=0.00056).



Among the 111 NMIBC patients, DFS of 19 patients were less than 1 year, while DFS of 26 patients were more than 5 years. We analyzed the CNVs of CEP63 and FOSL2 in those patients and found that copy numbers of CEP63 (p=0.037) and FOSL2 (p=0.021) were significantly gained in NMIBC patients with DFS of less than 1 year compared with patients with DFS of more than 5 years (Supplementary Figure 2).




Applying Identified CNVs to Clinical Practice


Detecting Identified CNVs in Urine Sediment Samples by Real-Time PCR

Currently, urinary tests are widely applied in clinical practice. Therefore, we tested the identified CNVs in 123 BC urine sediment samples to evaluate their clinical value for prognosis.

Real-time PCR results showed that compared with the 49 healthy control urine sediment samples, copy numbers of CEP63 (p=0.036) and FOSL2 (p<0.01) were significantly gained in BC urine sediment samples, which was consistent with the results in tumor samples (Supplementary Figure 3).

The correlations between the CNVs of 3 genes in urine and the clinicopathological characteristics of 123 BC patients were analyzed to assess the clinical significance of identified CNVs. However, no significant correlations were found between the identified CNVs in urine and clinicopathological characteristics (Supplementary Table 3).



Detecting Identified CNVs in Urine Sediment Samples Using 3D Digital PCR

The amount of tumor cell DNA in urine was much less than that in tumor tissues, thus making it difficult to obtain accurate gene copy numbers by real-time PCR. 3D digital PCR, a novel technique with high sensitivity, was therefore adopted for CNV detection in urine sediment samples to explore a promising method of urinary test.

3D digital PCR was conducted in 40 BC urine sediment samples with DNA left after tested by real-time PCR. Results showed that copy numbers of CEP63 (p<0.01) and FOSL2 (p<0.01) were significantly gained in 40 BC urine sediment samples compared with 42 control urine sediment samples (Supplementary Figure 4), which was consistent with the real-time PCR results of tumor samples and 123 urine sediment samples. Copy number gains of CEP63 (p<0.01) and FOSL2 (p=0.046) were found to be correlated with advanced tumor stage. CEP63 copy number gains (p=0.042) was also associated with high tumor grade (Supplementary Table 4). Those new findings may result from the improvement of sensitivity on detecting gene copy numbers by 3D digital PCR.



Prognostic Value of Identified CNVs in BC Urine Samples

In order to explore the prognostic value of the identified CNVs in urine sediment samples, we have retrospectively evaluated the 123 patients for DFS. 7 NMIBC patients were censored. The median follow-up time was 44 months.

Kaplan–Meier tests were performed to analyze the correlations between the CNVs in urine and DFS of 97 NMIBC patients. Results showed that copy number gains of CEP63 (copy number ratio>1.02) and FOSL2 (copy number ratio>0.97) detected by real-time PCR were found to be significantly correlated (p<0.01 and p=0.018, respectively) with poor DFS of NMIBC patients (Figure 6), suggesting that CNVs of CEP63 and FOSL2 in urine can be the prognosis predictor for NMIBC patients.




Figure 6 | Prognosis prediction by 3 identified genes in urine sediment samples detected by real-time polymerase chain reaction (PCR). Kaplan-Meier curves showed that copy numbers gains of (A) CEP63 and (B) FOSL2 were associated with poor disease-free survival (DFS) in non-muscle-invasive bladder cancer (NMIBC) patients (p<0.0001 and p=0.018, respectively). The cutoff point of the copy number ratio relative to the TATA-box binding protein (TBP) gene for CEP63 and FOSL2 was 1.02 and 0.97, respectively. No correlations were found between DFS and CNVs of (C) PAQR6.







Discussion

In this study, we found that copy numbers of CEP63, FOSL2 and PAQR6 were significantly gained in BC. The array CGH data used for exploring candidate CNVs with high aberration frequencies were based on the patient cohort of the previous research. CNVs of CEP63 and FOSL2 were correlated with tumor stage and histologic grade. Copy number gains of CEP63 were also associated with lymph node metastasis. Survival analysis revealed a significant correlation between the CNVs of 3 identified genes and DFS. Copy number gains of CEP63 and FOSL2 were independent factors for DFS in NMIBC patients while copy number gains of FOSL2 and PAQR6 were independent factors for DFS in MIBC patients. The prediction models based on tumor samples were used for calculating PIs to predict the risk of recurrence for NMIBC and the risk of progression for MIBC patients. Among the high risk NMIBC patients, those who had high PIs tended to have poorer DFS than those with low PIs.

Since the role of 3 identified genes on prognosis prediction have been validated in tumor sample, they were further tested in urine samples for the convenience of application in clinical practice. Copy numbers of CEP63 and FOSL2 in urine showed significant correlations with poor DFS of NMIBC patients and were the significant predictors for prognosis. A highly sensitive and accurate technique, 3D digital PCR, was adopted to detect the exact gene copy numbers in urine. The consistency of the results with those in tumor samples suggested that this novel method may be helpful for urinary test in the future.

We have focused on identifying cancer related CNVs in this study, since unlike single-nucleotide polymorphisms, CNVs affect wider regions in the human genome and thus can cause imbalances in gene dosage with or without phenotypic consequences. A genome-wide CNV analysis of multiple cancer types have found that an average of 17% of the genome per tumor sample was amplified while 16% of it was deleted, indicating a much higher frequency of CNVs in malignant cells (20). Bioinformatics analysis of the GEO and TCGA public databases revealed some CNVs correlated with BC patient survival including 22 CNVs located on chr3p25 and chr11p11 (21) in MIBC and CCNE1 (22) in NMIBC. In a large population study, CNVs of GSTM1 and GSTT1 in blood samples were found to be related to survival in BC patients (23). However, these studies have not reported the correlations between BC and CNVs of the 3 identified genes in our study. Besides, there has not been any study on CNVs in BC combining mining from tumor tissues and applying in urine sediment for clinical use, which was assumed to produce more stable and reliable results. Furthermore, the sensitive 3D digital PCR method has not yet been adopted for detecting CNVs in BC urine samples.

The 3 identified genes we reported in this study have been reported in carcinogenesis in other cancers.

The CEP63-encoded centrosomal protein acts as a recruitment factor for cyclin-dependent kinase 1 (CDK1), which is essential for mitotic entry (24). Overexpression of CEP63 leads to de novo centrosome amplification and has been associated with poor prognosis in neuroblastoma patients (24). Elevated expression of CEP63 was also correlated with poor DFS of BC patients in TCGA Bladder Cancer (BLCA) data set (Supplementary Figure 4), which indicated the prognostic value of CEP63 on RNA levels. FOSL2 (FOS like 2, AP-1 transcription factor subunit) is a member of the Fos gene family. The FOS proteins have been implicated in a wide range of biological processes, including the regulation of cell proliferation, differentiation and transformation. Elevated expression of FOSL2 plays a key role in regulating the transforming growth factor beta (TGF-β) pathway (25). Abnormal expression of FOSL2 was also found in osteosarcoma (26), colon cancer (27) and ovarian carcinomas (28). According to our study, FOSL2 CNVs were independent prognostic factors for both NMIBC and MIBC, indicating their important role in tumor progression. Survival analysis of FOSL2 expression in the BLCA data set indicated a significant association between DFS and high expression of FOSL2, suggesting its prognostic value in BC (Supplementary Figure 2). PAQR6 is a member of the progestin and adipoQ receptor (PAQR) family (29). PAQR6 is coupled to G proteins and is a potential intermediary of the nonclassical antiapoptotic actions of neurosteroids in the central nervous system (30). Correlations were found between PAQR6 and tumor progression in endometrial cancer (31).

In this retrospective study, we have focused on the prognostic value of CEP63, FOSL2 and PAQR6 in bladder cancer. Carcinoma in situ was risk factor for tumor recurrence and progression. However, since it was much less common in NMIBC patients, there were not any CIS samples included in tumor group. We have verified the prognostic value of 2 CNVs in urine samples by 3D digital PCR. However, the sample size is a little small and only a few cases have both urine samples and tumor samples. Besides, an independent group of urine samples were needed for further validation. Apart from that, the reason why the CNVs of 3 genes were correlated with prognosis of BC patients needed to be illustrated by further research.



Conclusions

In conclusion, we found that the cancer-related CNVs of CEP63, FOSL2 and PAQR6 were competent in evaluating recurrence or progression risk for BC patients and may be used for the risk group stratifications in the future. Copy number gains of CEP63 and FOSL2 in urine had the capability to be the novel urinary biomarkers for predicting recurrence risk. The innovative 3D digital PCR, applied in detecting CNVs in BC urine samples for the first time, may provide a new approach for urine-based surveillance of BC patients.
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Supplementary Figure 1 | 3D digital PCR results of 5 candidate genes and 1 reference gene in BC and healthy control urine sediment. Gene copy numbers of 5 candidate genes (CEP63, FOSL2, GHR and PAQR6) and 1 reference gene (TBP) in (A) BC urine sediment and (B) healthy control urine sediment were analyzed by the QuantStudio™ 3D AnalysisSuite™ Software. Blue points near Y-axis of the plot indicated the sequences with only FAM reporter dye signal detected. Red points near X-axis of the plot indicated the sequences with only VIC reporter dye signal detected. Green points located midway between the FAM and VIC data point clusters in the plot suggested sequences with both FAM and VIC reporter dye signal. Yellow points located near the origin of the plot suggested sequences with no signal detected. A digital PCR Chip with more than 85% data point above threshold was applied for subsequent copy number analysis.

Supplementary Figure 2 | Correlations between copy number variations (mean with 95% confidence interval [CI]) and disease-free survival (DFS) in non-muscle-invasive bladder cancer (NMIBC) patients (*p<0.05). Copy number variations of CEP63 (p=0.037) and FOSL2 (p=0.021) were significantly gained in NMIBC patients with DFS of less than 1 year, in comparison with patients with DFS of more than 5 years, determined by Mann-Whitney U test.

Supplementary Figure 3 | Copy number variations (mean with 95% confidence interval [CI]) of 5 candidate genes in urine sediment detected by real-time PCR. Copy number variations of 5 candidate genes were tested in 123 bladder cancer urine and 49 healthy controls (*p<0.05, **p<0.01). Comparing with healthy controls, copy numbers of CEP63 (p=0.012) and FOSL2 (p=0.0001) were significantly gained in bladder cancer urine sediment, determined by Mann-Whitney U test.

Supplementary Figure 4 | Copy number variations (mean with 95% confidence interval [CI]) of 5 candidate genes in urine sediment detected by digital PCR. Copy number variations of 5 candidate genes in 40 bladder cancer urine sediment and 42 healthy controls (**p<0.01) were detected by digital PCR. In comparison with control group, copy numbers of 2 genes (CEP63 and FOSL2) were significantly gained in BC urine sediment, assessed by Mann-Whitney U test.

Supplementary Figure 5 | Recurrence prediction of CEP63 and FOSL2 expression in BLCA data set. Normalized BLCA gene expression RNAseq data (n=299) and clinical matrix were downloaded from UCSC Xena (https://xenabrowser.net). Kaplan-Meier curve revealed that high expression of (A) CEP63 and (B) FOSL2 were related to poor recurrence-free survival in 299 bladder cancer patients. Cutoff points of gene expression were 9.13 and 11.90 for CEP63 and FOSL2, respectively.



Abbreviations

BC, bladder cancer; CNV, copy number variation; DFS, disease-free survival; MIBC, muscle-invasive bladder cancer; NMIBC, non-muscle-invasive bladder cancer; PCR, polymerase chain reaction.
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Background

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



Methods

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



Results

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



Conclusion

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

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

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

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

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

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

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



Materials and Methods


Study Design

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




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





Data Collection

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



Identification of the Genomic Instability Derived lncRNAs

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



Identification of Overall Survival Related GID-lncRNAs

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



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

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

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

	

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



Analysis of the Mutation Profiles of the Two Risk Groups

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



Verification of the Effectiveness in Prognosis Predicting of the Risk Signature

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

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

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

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

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





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

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



Efficacy Prediction of Precise Treatments With the Risk Signature

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



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

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




Results


Identification of GID-lncRNAs With Differentially Expressed Analysis

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




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





Identification of OS-Related GID-lncRNAs

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



Development of the GID-lncRNAs Based Risk Signature

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


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



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

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

	

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


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



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



Analysis of the Mutation Profiles of the Two Risk Groups

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




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



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



Verification of the Effectiveness of Prognosis Prediction of the Risk Signature

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

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

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

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






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




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





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

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




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



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



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

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




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





Efficacy Prediction of Immunotherapy Using Tumor Mutation Burden Analysis

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




Discussions

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

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

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

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

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



Conclusions

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

CDC6 (Cell division control protein 6), located at chromosome 17q21.3, plays an important role in the early stage of DNA replication and has unique functions in various malignant tumors. Here, we evaluate the relationship between CDC6 expression and oncology outcomes in patients with clear cell renal cell carcinoma (ccRCC).



Methods

A retrospective analysis of 118 ccRCC patients in Affiliated Hospital of Nantong University from 2015 to 2017 was performed. Triplicate tissue microarrays (TMA) were prepared from formalin-fixed and paraffin-embedded specimens. Immunohistochemistry (IHC) was conducted to evaluate the relationship between CDC6 expression and standard pathological features and prognosis. The RNA sequencing data and corresponding clinical information were acquired from the TCGA database. GSEA was used to identify signal pathways related to CDC6. Cox regression analysis was used to assess independent prognostic factors. In addition, the relationship between CDC6 and immunity was also investigated.



Results

The results of Kaplan–Meier curve indicated that the OS of the patients with high expression of CDC6 was shorter than that of the patients with low CDC6 expression. Integrating the TCGA database and IHC staining, the results showed that CDC6 in ccRCC tissue was obviously up-regulated compared with adjacent normal kidney tissue. The results of Logistic regression analysis demonstrated that ccRCC patients with high expression of CDC6 are more likely to develop advanced disease than ccRCC patients with low CDC6 expression. The results of GSEA showed that the high expression of CDC6 was related to multiple signaling pathways. As for immunity, it was also related to TMB, immune checkpoint molecules, tumor microenvironment and immune infiltration. There were significantly correlations with CDC6 and immune cell infiltration levels and tumor microenvironment. The results of further results of the TCGA database showed that CDC6 was obviously related to immune checkpoint molecules and immune cells.



Conclusions

Increased expression of CDC6 is a potentially prognostic factor of poor prognosis in ccRCC patients.
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Introduction

Renal cell carcinoma (RCC) is one of the most common renal malignancies. In 2020, there were an estimated 73,750 new cases and 14,830 deaths in the US (1). Recent studies demonstrated the improving incidence and mortality rates of RCC in the US (2). RCC is mainly composed of several histological subtypes—clear cell RCC (ccRCC), papillary RCC (pRCC) and chromophore RCC (chRCC) (3–5). ccRCC is the most common form of RCC and it accounts for about 70–75% of the total number of cases (6). The 5-year cancer-specific survival rate of patients with CCRCC was 68.9%, and the prognosis was worse than that of other renal cell carcinomas such as pRCC and chRCC (p <0.001) (7, 8). Localized RCC can be performed by partial or radical nephrectomy (9), ablation (10) or active monitoring (11). The diagnosis and treatment of ccRCC continue to evolve, however, at the first diagnosis, about 20 to 30% patients already have metastases (12, 13). Moreover, one-third of patients developed local recurrence or metastatic disease during long-term follow-up after resection of curable tumors (14). Nevertheless, the 5-year survival rate of metastatic ccRCC is less than 10% (15). RCC is a complex disease, and combining the biomarkers with conventional clinical pathological predictors may have important clinical significance.

Cell division control protein 6 (CDC6), located at chromosome 17q21.3, plays an important role in the cell cycle in the early stages of DNA replication (16–18). CDC6 is a key element of the DNA replication initiation permission system and proto-oncogene (19). Many research has shown that CDC6 has the characteristics of oncogenes, and it also plays a significant role in assessing tumor grade and predicting prognosis (19). Previous studies have shown that the down-regulation of CDC6 may inhibit E‐cadherin and metastasis of cervical cancer (20). Changes in CDC6 gene expression have been reported in many species of cancers (Figures 1A, B), such as gastric cancer (21, 22), pancreatic cancer (23), prostate cancer (24) and so on, related to cancer cell proliferation, metastasis, invasiveness and drug resistance. However, the role of CDC6 in ccRCC has not been described well. Therefore we analyzed the expression of CDC6 in IHC in clinical specimens of ccRCC and its relationship with clinicopathologic features and clinical outcomes in this article.




Figure 1 | The CDC6 expression in ccRCC tissues. (A) The CDC6 expression in various cancers by using TCGA database. (B) The CDC6 expression in various cancers by using TCGA and GTEx databases; (C) Pairwise boxplot of the CDC6 expression between the paired normal and ccRCC tissues in TCGA dataset; (D) Relative expression levels of the CDC6 expression between the ccRCC and normal tissues from TCGA; (E) Kaplan–Meier curves for low- and high-risk groups from TCGA.  *P < 0.05, ***P < 0.001.





Materials and Methods


Data Acquisition

We acquired the expression data and related clinical information for ccRCC from The Cancer Genome Atlas (TCGA) (http://gdc.cancer.gov) datasets. All data were standardized by log2 transformation and all results were analyzed by R and GraphPad Prism 7 software. We selected |log2 fold change (FC)| ≥1 and adjusted P-value <0.05 as statistically significant genes.



Patients and Clinical Database

We conducted a retrospective study and recruited 118 ccRCC patients who underwent radical resection surgery of ccRCC in Affiliated Hospital of Nantong University between 2015 and 2017. All patients have paraffin-embedded tissue blocks that could be used for IHC staining and outcome data. Patients were selected according to the following criteria, including 1) confirmed of histopathological diagnosis, 2) no adjuvant anti-cancer treatment after surgery, and 3) review of TNM classification. The clinicopathological data of each patient were obtained from the patient’s hospitalization records. The research medical ethics committees of the two hospitals have obtained ethics approval, and all patients participating in this study provided informed consent. All statistical tests were bilateral tests, P <0.05 was regarded statistically significant.



Immunohistochemistry

The tissue microarray was constructed as described above. The primary anti-CDC6 antibody (diluted 1:1,000; ab109315; Abcam) was used for IHC staining. Two independent pathologists who did not know the clinical pathological data and the clinical results of each patient evaluated the staining intensity of the specimen. The specimens were deparaffinized, hydrated and blocked, and then added into the primary anti-CDC6 goat polyclonal antibody (diluted 1:1,000) and incubated overnight at 4°C. The scores were evaluation positive cells score. The positive cells score: negative: 0–5%; low: 6–25%; medium: 26–50%; high: >50%.



Screening of CDC6 Expression and Functional and Pathway Enrichment in ccRCC

By using the Limma software package (http://www.bioconductor.org/packages/release/bioc/html/limma.html), the DEGs between tumor tissue and adjacent non-tumor kidney tissue was studied, and CDC6 expression in different clinical stages of cancer was also compared. In addition, the KEGG pathway enrichment analysis is an encyclopedia of genes and genomes through GSEA (25).



Associations Between CDC6 Expression and MSI, TMB or Neoantigen

In order to evaluate the regulations between CDC6 expression and microsatellite instability (MSI), tumor mutational burden (TMB) or neoantigens, we applied MISA (Microsatellite, a widely-used marker system in plant genetics and forensics.) to identify all autosomal microsatellite segment composed of more than five bp in length, and introduced the specific methods as mentioned before (26, 27). Moreover, we carried out the tumor mutation burden based on the number of somatic non-synonymous mutations (NSM), and compared the sequence information between ccRCC tissues and their blood samples (28). Meanwhile, we performed seq2HLA, version 2.2 without changing the default settings to obtain the 4-digit number of differential tumors of TCGA. Then the pvac-seq was performed to produce a specific new antigen on the samples (29).



Connection Analysis of CDC6 in Tumor Microenvironment and Immune Infiltration

To study the relationship between CDC6 gene and immune infiltration, we carried out correlation analysis with the purity-adjusted Spearman to study the correlation between six immune cell infiltration and CDC6. Besides, the ESTIMATE algorithm was implemented to estimate the three aspects consisting of the stromal, estimate and immune scores by applying the normalized expression matrix (30). P-value less than 0.001 was considered as statistically significance.

CIBERSORT is an important deconvolution algorithm used to predict the proportion of multiple cell types in multiple gene expression profiles according to reports (31). The cellular composition of the entire tissue can be estimated based on standardized data of gene expression, revealing a wealth of specific cell types (32). By evaluating each gene expression level in two aspects consisting of immune checkpoint molecules and immune cells, the gene composition in each cell was found in this study.



Statistical Analysis

SPSS Statistics 20 was used for statistical analysis. Chi-square test was used to analyze the Categorical data. We analyzed digital data by Student’s t-test. By log-rank test compared to the subgroup OS curve calculated by Kaplan–Meier method. Univariate and multivariate Cox proportional hazards models were used to assess HR and 95% CI. All statistical tests were bilateral tests, P <0.05 was regarded statistically significant.




Results


Overexpressed CDC6 in ccRCC Tissues Compared With Adjacent Normal Kidney Tissues

The mRNA expression level of CDC6 was investigated to identify the differential expression pattern between tumor tissues and normal tissues from TCGA. CDC6 expression of in tumor tissues was higher than that in normal tissues (P <0.001, Figure 1A). Then, after analyzing the expression of CDC6 in the TCGA and GTEx data sets, the same results can be found(P <0.001, Figure 1B). Based on the results of ccRCC patients from the TCGA database, the expression of CDC6 was obviously increased compared with normal tissues (P <0.001, Figure 1C). The Pairwise boxplot also showed that most tumor samples had high expression of CDC6 (P <0.001, Figure 1D). Furthermore, ccRCC patients were divided into low- and high-risk subgroups according to the median expression of CDC6. The Kaplan–Meier curve indicated that the OS of the patients in the low CDC6 group was longer than that of the patients in the high CDC6 group (P <0.05; Figure 1E). The results of IHC staining showed that among the 118 cases(including 114 tumor cases and four normal cases), 56 cases had high expression of CDC6 levels, 58 cases had low CDC6 expression levels and four cases had negative results(all the negative results are from the normal cases) (Figures 2A–H). In summary, CDC6 in ccRCC tissue is significantly up-regulated compared with adjacent normal kidney tissue.




Figure 2 | CDC6 expression in ccRCC tissues and adjacent normal renal tissues. IHC staining showed low CDC6 expression in normal renal tissues (A, B) and low (C, D), medium (E, F) and high (G, H) ccRCC tissues.





Correlations of CDC6 Expression With Clinical Parameters in 118 ccRCC Tissues

In order to research the connection between CDC6 expression and clinicopathological parameters of ccRCC, we examined the results of IHC staining and the homologous clinical data in 118 ccRCC tissues. The clinical characteristics are shown in Table 1. The results showed that CDC6 expression was closely related to age (P = 0.012), tumor size (P = 0.011), T stage (P = 0.041) and Fuhrman grade (P = 0.008).


Table 1 | Associations between CDC6 expression and clinicopathological characteristics in 118 ccRCC tissues.





Association With CDC6 Expression and Clinicopathologic Characteristics in TCGA

Logistic regression analysis was used to explore the relationship between CDC6 expression and clinicopathological characteristics in ccRCC patients. A significant association was between high expression of CDC6 and grade (p = 0.002, Figure 3A), race (p = 0.015, Figure 3B), stage (p = 0.001, Figure 3C) and T stage (p = 0.001, Figure 3D). Therefore, ccRCC patients with high expression of CDC6 are more likely to develop advanced disease than ccRCC patients with low CDC6 expression.




Figure 3 | Association between CDC6 expression and clinicopathologic characteristics. (A) Grade; (B) Race; (C) Stage; (D) T stage.





Overexpressed CDC6 in ccRCC Tissues in TCGA Database

Gene expression data and corresponding clinical information were acquired from the TCGA database. It was found that CDC6 was up-regulated in all data sets, and the results were overviewed in Figure S1. The results indicated that CDC6 expression in ccRCC tissue was closely associated with individual cancer stage (Figure S1A) and patients’ race (Figure S1B), patients’ gender (Figure S1C), patients’ age (Figure S1D), tumor grade (Figure S1E), KIRC subtypes (Figure S1F) and lymph node metastasis status (Figure S1G).



CDC6 Could Be Regarded as an Independent Prognostic Factor

Univariate and multivariate Cox regression analysis was shown on the data from the TCGA dataset to study whether CDC6 expression is an independent factor related to OS (Table 2). In the univariate Cox analysis, age (HR = 1.039, p <0.001), grade (HR = 1.391, p <0.001), stage (HR = 1.780, p <0.001) and CDC6 expression (HR = 1.266, p <0.001) were independent factors related to OS in ccRCC patients (Figure 4A). Multivariate Cox regression analysis showed that CDC6 expression was found to be an independent risk factor for the prognosis of ccRCC patients (HR = 1.344, p <0.001; Figure 4B). In addition, age (HR = 1.033, P <0.001), grade (HR = 1.967, P <0.001), stage (HR = 1.856, P <0.001), T stage (HR = 1.998, P <0.001), metastasis (HR= 2.100, p <0.001) were also confirmed as an independent risk factor for OS. In summary, the above results indicated that CDC6 expression might be an independent predictor of ccRCC prognosis.


Table 2 | Associations with overall survival and clinicopathologic characteristics in TCGA patients using univariate and multivariate Cox analysis.






Figure 4 | CDC6 could be regarded as an independent prognostic factor and established nomogram. (A, B) Univariate and multivariate Cox regression analysis of clinicopathologic variables and CDC6 in patients with ccRCC in TCGA database.





GSEA Identified CDC6-Related Signaling Pathways

To evaluate how CDC6 is involved in the pathogenesis of ccRCC, we conducted a GSEA study on the signaling pathways related to CDC6. GSEA was performed between high- and low- CDC6 expression datasets. According to the NES and FDR q-value (FDR <0.05), seven pathways showing significant differential enrichment in the high-CDC6 expression phenotype were determined and selected, including Cell cycle, Chemokine signaling pathway, Cytosolic DNA sensing pathway, JAK_STAT signaling pathway, Nod like receptor signaling pathway, P53 signaling pathway, Toll like receptor signaling pathway (Table 3). The results could help understand the pathogenesis mechanism underlying ccRCC.


Table 3 | Gene sets enriched in phenotype high.





Associations Between CDC6 and PPI, MSI, TMB, Neoantigen in ccRCC

The PPI network showed that ten genes (ORC1, ORC2, ORC5, CDT1, MCM2, MCM3, MCM4, MCM5, MCM7 and CCNA2) were associated with CDC6 expression (Figure 5A). Moreover, we investigated whether CDC6 is related to MSI, neoantigen or TMB according to the ccRCC samples in the TCGA database. Our results showed that CDC6 was connected with MSI (P = 0.0002) and TMB (P = 0.029), but not connected with neoantigens (P = 0.77) (Figures 5B–D).




Figure 5 | Associations between CDC6 and PPI, MSI, Neoantigen, TMB in ccRCC. (A) Associations between CDC6 and MSI; (B) Associations between CDC6 and Neoantigen; (C) Associations between CDC6 and TMB; (D) PPI network.





Associations Between CDC6 and the Immune Infiltrations and Tumor Microenvironment in ccRCC

Through online analysis TIMER, the correlation were conducted between CDC6 and six immune cell infiltration levels, it was found that CDC6 was significantly related with the immune infiltrations consisting of B cell infiltration, CD4+ T cell infiltration, CD8+ T cell infiltration, neutrophil infiltration, macrophage infiltration, and dendritic cell infiltration (P <0.01, Figure 6A). In addition, it showed that CDC6 has significant relationships with immune cells, stromal cells, and both of them (Figure 6B).




Figure 6 | Associations between CDC6 and the immune infiltrations, tumor microenvironment, immune checkpoint molecules and immune cells. (A) Associations between CDC6 and immune infiltrations; (B) Associations between CDC6 and immune microenvironment; (C) Associations between CDC6 and immune checkpoint molecules; (D) Associations between CDC6 and immune cells. *P < 0.05, **P < 0.01, ***P < 0.001.





Associations Between CDC6 and Immune Checkpoint Molecules and Immune Cells

In order to further study the association between CDC6 and the immune microenvironment of ccRCC tissues from the TCGA database, we analyzed more accurately and found that CDC6 was obviously related to the immune checkpoint molecules, such as CD274, CD276, CD444, CD80 etc. in ccRCC (Figure 6C). Moreover, we investigated the immune pathway between CDC6 and immune cells in ccRCC and showed that CDC6 is significantly connected with immune cells, including Active CD4 T cell, Central memory CD8 T cell, Memory B cell etc. (Figure 6D).




Discussion

CDC6 plays an important role in the activation and maintenance of checkpoint mechanisms in the cell cycle by acting as a regulator at the early stages of DNA replication (16–18). It has been reported that the changes in CDC6 gene expression in many species of cancers, such as gastric cancer (21, 22), pancreatic cancer (23), prostate cancer (24), are related to the proliferation, metastasis, invasiveness and drug resistance of cancer cells. However, few studies have concentrated on the correlation between the CDC6 gene and the prognostic prediction of ccRCC.

Hence, our study reported the correlation between the high expression of CDC6 and the high risk of death in ccRCC patients for the first time. The high expression of CDC6 is positively correlated with Fuhrman grade and tumor T stage, which strongly indicates that CDC6 plays a vital role in the occurrence and development of ccRCC.

In this study, an analysis of RNA sequence data in ccRCC from TCGA was carried out systematically. Compared with CDC6 expression level in normal renal tissues, we found that CDC6 expression in tumor tissues was elevated. According to the median expression of CDC6 in all patients, we divided patients with ccRCC from TCGA into low- and high-expression groups. The results demonstrated that the OS in the high-expression group was shorter than that in low-expression group.

The results of IHC staining indicated that CDC6 in ccRCC tissue was significantly up-regulated compared with adjacent normal kidney tissue. Furthermore, the results of the corresponding clinical data showed that CDC6 expression is closely related to age, tumor size, T stage and Fuhrman grade. Logistic regression analysis showed that there was a significant association between high expression of CDC6 and grade, race, stage and T stage. According to TCGA and ICGC databases, we found CDC6 expressed highly in tumor tissues compared with adjacent normal tissues. It was found that CDC6 was up-regulated in all data sets. The results showed that the CDC6 expression in ccRCC tissue is closely related to individual cancer stages, patients’ race, patients’ gender, patients’ age, tumor grades, KIRC subtypes, and lymph node metastasis status. Moreover, univariate and multivariate Cox regression analysis demonstrated that CDC6 gene has the potential to be a predictor of the prognosis of ccRCC patients.

In order to study the possible signaling pathways and mechanisms of CDC6, we conducted GSEA analysis and found a total of seven related pathways were identified. These pathways showed significant differential enrichment in the high-CDC6 expression phenotype, including Cell cycle, Chemokine signaling pathway, Cytosolic DNA sensing pathway, JAK_STAT signaling pathway, Nod like receptor signaling pathway, P53 signaling pathway, Toll like receptor signaling pathway.

As for immunity, CDC6 was significantly related to MSI and TMB. It was found that CDC6 was related to the immune infiltrations including B cell infiltration, CD4+ T cell infiltration, CD8+ T cell infiltration, neutrophil infiltration, macrophage infiltration, and dendritic cell infiltration. Furthermore, it showed that CDC6 was closely related to immune cells and stromal cells. This study determined that CDC6 expression could be a prognostic factor for ccRCC patients.

In addition, CDC6 was significantly related to immune checkpoint molecules in ccRCC such as CD274, CD276, CD444, and CD80. Besides, we studied the immune pathways between CDC6 and immune cells in ccRCC, and it indicated that CDC6 was strongly connected with related immune cells, including active CD4 T cell, Central memory CD8 T cell, Memory B cell etc.

There are still a few limitations that ought to be attached importance to. First and foremost, clinical data was limited, because the data from TCGA was retrospective. Second, in TCGA, the sample size of normal kidney tissues was relatively small, which may lead to our conclusion bias. Last but not least, we do not yet know the likely mechanism of CDC6. For example, is it endogenous or exogenous, or both? We need a larger sample size and enough clinical data to correct our results in future studies.

In conclusion, our study determined that CDC6 expression was a potential significant poor prognostic indicator in ccRCC patients. In addition, Cell cycle, Chemokine signaling pathway, Cytosolic DNA sensing pathway, JAK_STAT signaling pathway, Nod like receptor signaling pathway, P53 signaling pathway, Toll like receptor signaling pathway may be the main regulation of CDC6 way. Moreover, CDC6 is closely associated with immunity and it could be regarded as an independent prognostic factor of ccRCC. We need subsequent basic researches to confirm our findings in vivo and in vitro. Further research may verify whether CDC6 can be developed as a new therapeutic target.
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Introduction

I read with great interest the recent article by Yicong et al. (1) on the association of tissue cell division cycle 6 (CDC6) expression with the prognosis for clear cell renal cell carcinoma (ccRCC). I would like to congratulate the authors for their valuable work and interesting study and wish to highlight some issues.

In the study, the authors investigated primarily the relationship between CDC6 expression and standard pathological features and prognosis with tissue immunohistochemistry in 118 ccRCC patients. They showed that CDC6 expression was higher in ccRCC tissue samples compared to that in normal kidney tissues. The study also indicated that the overall survival (OS) of the patients in the low CDC6 group was longer compared to that of the patients in the high CDC6 group. CDC6 expression was closely related to some prognostic parameters, including age, tumor size, T stage, and Fuhrman grade, in tissue obtained from 118 patients. Similarly, the expression levels of CDC6 were associated with grade, race, and stage in ccRCC patients from The Cancer Genome Atlas (TCGA) database. The authors concluded that ccRCC patients with a high expression of CDC6 are more likely to develop advanced disease than do ccRCC patients with a low CDC6 expression. Additionally, the study conducted univariate and multivariate Cox regression analyses by using TCGA dataset to investigate the prognostic role of CDC6 expression in terms of OS. In both analyses, CDC6 expression was found to be an independent risk factor for the prognosis of ccRCC patients.



Commentary and Discussion

Although the authors have proposed a potential predictive marker for tumor stage and the prognosis of ccRCC patients, it seems that some of the other clinicopathological parameters have been ignored. Today, undoubdetly, Fuhrman nuclear grading and the TNM systems are the most important prognostic parameters for RCC. However, they have several limitations and are still not perfect (2). To improve prediction of the prognosis of ccRCC patients, several clinicopathological parameters other than nuclear grading and tumor stage systems—such as age, gender, performance status of the patients, tumor location, lymphovascular invasion (LVI), sarcomatoid and rhabdoid features, tumor necrosis, tumor growth pattern (expansive or infiltrative), warm ischemia time, multifocality and/or bilateral occurrence of carcinoma, and caval or renal thrombosis—have been used in clinical urology practice (2–5). It is my belief that the best inferences on the prognostic role of a potential marker might be derived with more comprehensive univariable and multivariable analyses. Parameters other than age, race, and stage, such as gender, performance status, LVI, and sarcomatoid and rhabdoid features, could have been considered in Cox analyses. Similarly, especially in tissue obtained from 118 ccRCC patients rather than from TCGA dataset, investigation of the differentially expressed CDC6 levels for the patients with LVI, sarcomatoid and rhabdoid features, and local recurrence and distant metastasis might have enriched the study. After the gene set enrichment analysis (GSEA) study and online TIMER and protein–protein interaction (PPI) network analyses, it was also found that a high expression of CDC6 was related to multiple signaling pathways, immune checkpoint molecules, tumor microenvironment, and immune infiltration in the study. It was previously reported that various inflammation-based prognostic parameters, e.g., platelet-to-lymphocyte ratio (PLR) and neutrophil-to-lymphocyte ratio (NLR), and other markers of elevated systemic inflammation might be useful for predicting survival of patients with several malignant neoplasms and RCC (6–8). In this regard, the relationship between CDC6 tissue expression and some of those blood markers provided by retrospective patient data analysis could have been investigated and could have strengthened the study.

Finally, the use of cancer-specific survival and local recurrence and distant metastases besides OS as other prognostic parameters during the analyses would have provided more clear inferences. Moreover, it would contribute to the research on cRCC therapies in the era of needing additional targeted therapies or predictors of current therapeutic algorithms for advanced cRCC (9). For instance, the programmed death-ligand 1 (PD-L1) protein, which exhibits prognostic value for various malignancies, had been investigated for its predictive value during the management of advanced RCC. The results revealed significantly greater overall and complete response rates in PD-L1-positive versus PD-L1-negative patients [odds ratio (OR) = 1.84, 95% CI = 1.48–2.28; OR = 3.11, 95% CI = 2.04–4.75, respectively] (9, 10). In this regard, in the near future, CDC6 expression will probably serve as a novel predictor in this subject. Who knows.

Respectfully.
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Objectives

We aimed to determine preoperative risk factors associated with pathologic T3a (pT3a) upstaging of clinical T1 (cT1) renal cell carcinomas (RCCs) and develop a novel model capable of accurately identifying those patients at high risk of harboring occult pT3a characteristics.



Methods

A retrospective analysis of 1324 cT1 RCC patients who underwent partial nephrectomy (PN) or radical nephrectomy (RN) was performed. The study cohort was divided into training and testing datasets in a 70:30 ratio for further analysis. Univariable and multivariable logistic regression analyses were performed to identify predictors associated with cT1 to pT3a upstaging and subsequently, those significant risk factors were used to construct models. We used the area under the curve (AUC) to determine the model with the highest discrimination power. Decision curve analyses (DCAs) were applied to evaluate clinical net benefit associated with using the predictive models.



Results

The rates of upstaging were 6.1% (n = 81), 5.8% (n = 54) and 6.8% (n = 27) in the total population, training cohort and validation cohort, respectively. Tumor size, clinical T stage, R.E.N.A.L. (radius, exophytic/endophytic properties, nearness of tumor to collecting system or sinus, anterior/posterior) nephrometry score, lymphocyte to monocyte ratio (LMR), prognostic nutrition index (PNI) and albumin to globulin ratio (AGR) were significantly associated with pT3a upstaging. The model that consisted of R.E.N.A.L. score, LMR, AGR and PNI achieved the highest AUC of 0.70 in the validation cohort and yielded the highest net benefit. In the subpopulation with complete serum lipid profile, the inclusion of low-density lipoprotein cholesterol (LDL-C) and Castelli risk index-I (CRI-I) significantly improved the discrimination of model (AUC = 0.86).



Conclusions

Our finding highlights the importance of systemic inflammation response markers and serum lipid parameters in predicting pT3a upstaging. Our model had relatively good discrimination in predicting occult pT3a disease among patients with cT1 renal lesions, and the use of the model may be greatly beneficial to urologists in risk stratification and management decisions.





Keywords: renal cell carcinoma, inflammatory markers, nephrometry score, upstaging, pathology



Introduction

Currently, the majority of patients diagnosed with RCC tend to harbor small, organ-confined tumors due to the increased use of abdominal cross-sectional imaging (1). Tailoring individualized, proper surgical management of a localized renal mass involves balancing surgical difficulty and oncologic risk (2). PN has become the standard treatment for clinical stage T1a (cT1a) masses, suggesting its better functional outcomes compared to RN, without compromising cancer control (3, 4). However, among those patients who undergo PN or RN for cT1 masses, up to 4–13% may have occult adverse pathological features, such as perirenal or sinus fat invasion (5–11). Sometimes, it can be challenging for computed tomography to identify microscopic perirenal or sinus fat invasion preoperatively. Thus, when performing PN for cT1 masses, there is a risk of upstaging to pT3a. Tumor upstaging poses a clinical dilemma in refining patient selection for the surgical management of cT1 RCC. Given the increased recurrence risk for pT3a patients after PN, improved understanding of preoperative risk factors would aid in risk stratification and in choosing the best therapeutic approach (7, 10). As a result, it is of great importance to accurately identify those cT1 patients at high risk for pT3a upstaging prior to surgery.

Emerging evidence suggests that systematic inflammation via host-tumor interactions is intimately involved in the development and progression of RCC (12–14). Based on this knowledge, systemic inflammatory markers such as neutrophils, lymphocytes, platelets, albumin, C-reactive protein (CRP) and biomarker combination ratios (e.g., neutrophil to lymphocyte ratio [NLR], LMR and platelet to lymphocyte ratio [PLR]) may have potential value in predicting pT3a upstaging in cT1 RCC patients.

In the present study, we sought to determine those predictors independently associated with pathological tumor upstaging, and develop a predictive model capable of precisely identifying cT1 RCC patients at high risk for upstaging.



Methods


Patient Selection

Following Institutional Review Board approval, clinical and pathologic data of 1,710 RCC patients treated with PN or RN between January 2011–October 2020 at the Tongji Hospital of Tongji Medical College, Huazhong University of Science and Technology were retrospectively collected. The inclusion criteria were as follows: (1) patients aged ≥ 18 years; (2) patients with cT1 (7 cm or less in diameter) lesions with no distant metastasis (15); (3) PN or RN performed for all patients; and (4) complete clinical data, including patient demographics, surgical approach, preoperative laboratory test results, tumor pathology and imaging of the abdomen (computed tomography [CT] or magnetic resonance imaging [MRI]). The exclusion criteria were as follows: (1) patients treated with thermal ablation, neoadjuvant chemotherapy or radiotherapy prior to surgery; (2) patients with comorbid cancers; (3) patients with CT or MRI examinations not performed at our center; (3) patients with bilateral or multiple renal lesions; and (4) patients with incomplete laboratory data. Initially, 1710 patients underwent PN or RN were included, and study flowchart is shown in Figure 1.




Figure 1 | Flow chart of the study.





Data Collection and Outcomes

We collected baseline demographics, including age, body mass index (BMI), gender, comorbidities, surgical approach, nephrectomy type and tumor characteristics, including size, laterality, pathologic stage, histology, grade and R.E.N.A.L. nephrometry score (16). We also collected preoperative routine laboratory measurements including neutrophil (109/L), lymphocyte (109/L), platelet (109/L), monocyte (109/L), NLR, PLR, LMR, CRP, hemoglobin, albumin, globulin, AGR, PNI, albumin to CRP ratio (ACR), lymphocyte to CRP ratio (LCR), modified Glasgow Prognostic Score (mGPS), total cholesterol (TC), triglyceride (TG), LDL-C, high-density lipoprotein cholesterol (HDL-C), CRI-I and Castelli risk index-II (CRI-I). PNI was calculated as serum albumin (g/L) 5 peripheral blood lymphocyte count (109/L) (17). The mGPS was constructed, using albumin and CRP, as follows: patients with both an elevated CRP (> 10 mg/L) and low albumin (< 35 g/L) were assigned a score of 2; patients in whom only CRP was elevated (> 10 mg/L) were assigned a score of 1 and those with a normal CRP were assigned a score of 0 (18). CRI-I was defined as the TC to HDL-C ratio, while CRI-II was defined as the LDL-C to HDL-C ratio (19). The outcome of our study was upstaging, defined as the presence of T3a RCC at final pathology.



Statistical Analyses

The primary study cohort was randomly split into training and validation cohorts at a ratio of 70:30. In both the training and validation cohorts, patients were assigned to the pT3a upstaging group and no pT3a upstaging group. Descriptive analyses included the medians and interquartile ranges (IQRs) for continuous variables, and frequencies and proportions were reported for categorical variables. In the analysis of tumor upstaging, categorical variables were compared with Pearson χ2 test or Fisher’s exact test, and continuous variables were compared with Mann-Whitney U test in both the training and validation cohorts. For the development of predictive models, univariable logistic regression analyses were first performed to determine the variables associated with pT3a upstaging. If a variable was significantly associated with upstaging at the p < 0.05 level, then it was included in the multivariate logistic regression analyses. On multivariate logistic regression analysis, those variables at the p < 0.05 level were considered to be statistically independently associated with pT3a upstaging. To overcome the problem of multicollinearity among tumor size, clinical T stage, R.E.N.A.L. score and R.E.N.A.L. complexity (low 4–6, moderate 7–9, high 10–12), we then developed four different predictive models based on those clinically relevant and significant predictors. Given the important role of serum lipid levels in predicting prognosis of RCC, we further investigated clinical implications of serum lipid levels and its combination ratios in predicting pT3a upstaging in subgroup of patients with complete preoperative serum lipid profile (20–22). The discrimination accuracy of these models in our cohort was evaluated using the receiver operating characteristic (ROC)-derived AUC. Comparisons between ROC curves were performed using the method described by DeLong et al. (23). DCA was performed to determine the clinical net benefit associated with using the predictive models at different threshold probabilities in the patient cohort.

Data were analyzed using the statistical software SPSS version 24.0 (IBM Corp., NY, USA) and R software (Version 3.6.0; https://www.R-project.org). All tests were two- sided, with a significance level set at p < 0.05.




Results


Characteristics of the Study Cohort

Strictly conforming to the inclusion and exclusion criteria, 1,324 cT1 RCC patients who underwent PN or RN between January 2011– October 2020 at our center were enrolled and randomly split into the training (n = 926) and validation (n = 398) cohorts (Figure 1). Demographic and clinical characteristics of total population, training and validation cohorts are shown in Tables 1 and 2, respectively. The tumor lesion imaging and pathologic characteristics are presented in Tables 3 and 4. Of the patients with cT1 disease, 81 were upstaged to pT3a at final pathology in the entire cohort, while the rate of upstaging was 5.8% and 6.8% in the training and validation cohorts, respectively. Pathologically-upstaged tumors had greater size (5.0 vs. 3.8 cm, p < 0.001), higher R.E.N.A.L. scores (9 vs. 7, p < 0.001), higher grades (32.1% vs. 8.5% grade III–IV, p < 0.001) and lower incidences of clear cell histology (66.7% vs. 79.6%, p < 0.001). Preoperative laboratory test results showed that patients in the non-pT3a group had higher neutrophil counts (3.98 vs. 3.24109/L, p < 0.001), higher platelet counts (226 vs. 205109/L, p = 0.003), higher monocyte counts (0.53 vs. 0.45109/L, p = 0.001), lower lymphocyte counts (1.58 vs. 1.75109/L, p = 0.023) and elevated globulin (29.5 vs. 27.3 g/L, p < 0.001). In terms of biomarker combination ratios, levels of NLR, PLR, LMR, AGR and PNI were significantly different in the non-pT3a upstaging group, compared with the pT3a upstaging group (all p < 0.05). Representative case illustrating presence of pT3a upstaging at final pathology was shown in Figure 2. All baseline characteristics were comparable between the training and validation cohorts. Patients with complete preoperative serum lipid profile were limited to 601, including 553 non-upstaged and 48 upstaged patients. Demographic, clinical and tumor characteristics are summarized in Supplementary Tables 1 and 2. Among these individuals, upstaged patients had greater tumor size (5.0 vs. 3.9 cm, p = 0.002), higher R.E.N.A.L. scores (9 vs. 8, p = 0.009), higher grades (29.2% vs. 8.0% grade III–IV, p < 0.001), elevated neutrophil counts (3.65 vs. 3.20109/L, p = 0.02), elevated platelet counts (231 vs. 208109/L, p = 0.009), decreased HDL-C (0.91 vs. 1.02 mmol/L, p = 0.001) and elevated LDL-C (2.61 vs. 2.57 mmol/L, p = 0.001). Additionally, with regard to biomarker combination ratios, levels of NLR, PLR, LMR, AGR, LCR, CRI-I and CRI-II significantly differed between the non-pT3a upstaging and pT3a upstaging groups, and high mGPS occurred more frequently in the pT3a upstaging group (all p < 0.05).


Table 1 | Baseline demographic and clinical characteristics of study cohort.




Table 2 | Baseline demographic and clinical characteristics of training and validation cohort.




Table 3 | Tumor characteristics between those with and without pT3a renal cell carcinoma in study cohort.




Table 4 | Tumor characteristics between those with and without pT3a renal cell carcinoma in training and validation cohort.






Figure 2 | Representative radio-pathological matching case of a clinical T1 renal lesion pathologically upstaged to T3a. Patient summary: a 46-year-old man with a right clinical T1 renal lesion; BMI 25.3 kg/m2; preoperative C-reactive protein 0.2 mg/L; TC 4.37 mmol/L; TG 1.05 mmol/L; HDL-C 1.25 mmol/L; LDL-C 2.86 mmol/L; CRI-I 3.5; CRI-II 2.3; NLR 2.1; PLR 168.9; LMR 3.7; AGR 1.6; PNI 49.5; lesion dimension on MRI 1.6 cm; R.E.N.A.L. score 7; final pathology: clear cell renal cell carcinoma, Fuhrman grade I, sinus fat invasion. (A) coronal perfusion-weighted MRI; (B) axial T2-weighted MRI; (C, F) dynamic contrast-enhanced CT imaging; (D) representative pathology of partial nephrectomy specimen; (E) axial diffusion-weighted MRI with b value set at 600 s/mm2; (G) immunohistochemical staining figure regarding the positive expression of carbonic anhydrase IX.





Univariable and Multivariable Analysis

At univariable analyses, neutrophil, lymphocyte, platelet, monocyte, NLR, PLR, LMR, globulin, AGR, PNI, tumor size, clinical T stage, R.E.N.A.L. score and R.E.N.A.L. complexity represented predictors of pT3a upstaging (all p < 0.05). At multivariable analyses, LMR, PNI, AGR, tumor size, clinical T stage and R.E.N.A.L. score were significantly associated with pT3a upstaging, as displayed in Table 5 (all p < 0.05). To avoid the collinearity of R.E.N.A.L. score with tumor size and clinical T stage, these independent predictors were fitted in four different multivariable models. Model 3 achieved an AUC of 0.71 and 0.70 in the training and validation cohort, respectively (Figures 3A, B). It represented the basis for the novel model predicting pT3a upstaging. A corresponding nomogram regarding calculating individualized risk of pT3a upstaging for each patient was subsequently constructed based on model 3 (Supplementary Figure 1). In the model 3, decreased LMR (odds ratio [OR] = 0.72; 95% confidence interval [CI] = 0.55–0.93; p = 0.011], decreased AGR (OR = 0.21; 95% CI = 0.06–0.71; p = 0.012), increased PNI (OR = 1.10; 95% CI = 1.01–1.18; p = 0.024) and increased R.E.N.A.L. score (OR = 1.26; 95% CI = 1.06–1.48; p = 0.008) increased the likelihood of tumor upstaging. To investigate the role of serum lipid in predicting upstaging, a subset of cT1 RCC patients with complete preoperative serum lipid profile was analyzed. In univariable analysis, NLR, PLR, hemoglobin, AGR, tumor size, CRP, mGPS, R.E.N.A.L. score, HDL-C, LDL-C, CRI-I and CRI-II were associated with a higher risk of pT3a upstaging (all p < 0.05) (Supplementary Table 3). At multivariable analysis, R.E.N.A.L. score, tumor size, LDL-C, CRI-I and CRI-II were statistically significant predictors of pT3a upstaging. Model 1 achieved the highest AUC of 0.86 (Figure 3C). In model 1, increased R.E.N.A.L. score (OR = 1.27; 95% CI = 1.03–1.56; p = 0.028), decreased LDL-C (OR = 0.13; 95% CI = 0.07–0.23; p < 0.001) and increased CRI-I (OR = 2.19; 95% CI = 1.55–3.09; p < 0.001) were independently associated with an increased risk of tumor upstaging.


Table 5 | Multivariable logistic regression analyses predicting pathologic T3a upstaging in patients diagnosed with clinical T1 renal masses undergoing nephrectomy.






Figure 3 | The ROC curve analyses for models in training cohort (A), validation cohort (B) and subpopulation (C).





Performance of Models

Among these models, 1 and 3 yielded the highest AUCs of 0.73 and 0.71, respectively (Figure 3A). Nonetheless, in the validation cohort, model 3 and 4 yielded the highest AUCs of 0.70 and 0.70, respectively (Figure 3B). Using the DeLong method with Bonferroni correction, the AUC of the models were significantly greater than those of single variables. Accordingly, model 3 was considered to be reasonably well, relative to other predictive models. In addition, in the subgroup of patients with complete serum lipid profiles, both model 1 and model 3 achieved the highest AUC of 0.86 (Figure 3C). This result indicated that the levels of serum lipid might play a more important role than other biomarkers in predicting tumor upstaging. In Figure 4, which depicted the prediction of pT3a upstaging, the use of model 3 resulted in the highest net benefit, as compared with other single clinical parameters.




Figure 4 | Decision-curve analyses demonstrating the net benefit associated with the use of the models for the prediction of upstaging.






Discussion

Over the last two decades, the incidence of cT1 renal lesions has increased dramatically, largely due to the wide use of abdominal cross-sectional imaging (1, 24). Most patients diagnosed with cT1 RCC eventually undergo extirpative surgery; however, 4–13% of these masses are found to have occult adverse pathological features at final pathology, such as perirenal or sinus fat invasion, and thus should be diagnosed as pT3a RCC (5–11). Currently, for the management of cT1 RCC, PN is considered a standard of care in clinical practice guidelines, and there has been a continuous increase in the utilization of PN over RN (24). It has been demonstrated that RCC patients upstaged to pT3a after surgical excision seem to have a worse oncological outcome than those non-upstaged patients (7, 25, 26). Moreover, among the upstaged patients, those undergoing PN seem to have inferior recurrence-free survival relative to those undergoing RN (10, 11). There exists a risk of tumor upstaging that can potentially jeopardize the survival of upstaged patients undergoing PN. Therefore, accurately identifying those cT1 RCC patients preoperatively who are most likely to be upstaged is extremely important, and this may help clinicians in decision-making and counseling patents. The present study was undertaken to accomplish the development and validation of the models for prediction of upstaging.

In our study, the rate of upstaging was 6.1%, consistent with the 4–13% rate reported in previous literature (5–11). Pathologically upstaged tumors had greater size, higher R.E.N.A.L. scores, higher grades and lower incidences of clear cell histology, also appreciated by Veccia et al. (11, 27) and Hamilton et al. (28) in their respective study series. Performing PN on tumors was more frequent in the non-pT3a upstaging group, and this may be attributed to the fact that complex lesions were mainly managed by RN. There were significant differences between the groups with respect to laboratory test results and biomarker composite ratios. When patients were limited to those with complete serum lipid profiles, upstaged patients had greater tumor size, higher R.E.N.A.L. scores, higher grades, elevated neutrophil counts, elevated platelet counts, decreased HDL-C and elevated LDL-C. There was no difference between the non- and upstaged groups with regard to other clinical parameters including age, gender, BMI, comorbidities, lymphocyte counts, monocyte counts, albumin, globulin, CRP, ACR, PNI, TC and TG. In contrast to our observations, Fukui et al. (29) reported that level of CRP in the upstaged group was higher than that of the non-upstaged group.

On separate multivariable analyses, LMR, PNI, AGR, tumor size, clinical T stage and R.E.N.A.L. score were independent predictors of pT3a upstaging. Similarly, tumor size and R.E.N.A.L. score was linked to pT3a upstaging by several studies (5, 6, 11, 27, 29). Interestingly, Correa et al. (30) observed that higher R.E.N.A.L. score and tumor diameter were associated with tumor malignancy and grading. Moreover, a recent analysis demonstrated that RCCs with higher R.E.N.A.L. scores had higher Ki67 expression, a widely used marker of cell proliferation (31). Cumulatively, this evidence indirectly supported our conclusion. Veccia et al. (27) found that increased age was significantly associated with pT3a upstaging. Jeong et al. (32) also reported that the risk of pT3a upstaging was found to be associated with age. This finding was not consistent with our study or other previous publications (6, 11, 29), indicating that age was not a robust and consistent predictor of tumor upstaging. Noteworthy in the study by Gorin et al. (6) was that hilar location became significant as an independent predictor of tumor upstaging. In contrast, we failed to find the association between hilar location and pT3a upstaging. This might partly be due to the fact that the rate of hilar-located tumors in the analysis by Gorin et al. (6) was relatively high (i.e., 46%).

It has been confirmed that systemic inflammatory response is associated with survival in patients with RCC (12–14). The systemic inflammatory markers mainly involved three categories of indices: differential blood cell counts (i.e., monocytes, lymphocytes, platelets and neutrophils), concentration of specific serum proteins (i.e., CRP and albumin) and combinations of these indices (i.e., NLR, PLR, LMR and mGPS) (33). Albisinni et al. (34) reported that localized RCC patients with elevated NLR were more likely to present with ≥ pT3 stage. As noted above, it appears apparent that laboratory test results may be related to the presence of pT3a upstaging. As a result, LMR, AGR and PNI were found to be associated with upstaging on separate multivariable analyses. In addition, studies have demonstrated that lipid metabolism disorders play an important role in carcinogenesis and development (35). Therefore, we further analyzed the association between serum lipid and pT3a upstaging in the subpopulation. Not surprisingly, we found that HDL-C, LDL-C, CRI-I and CRI-II were independent predictors of upstaging, whereas TC and TG did not. Given the aforementioned results, our analyses suggested that systemic inflammatory markers have great value in predicting occult pT3a disease.

Counseling cT1 RCC patients on their risk of pT3a upstaging based on preoperative clinical parameters and peripheral blood-derived systemic inflammatory response markers seems logical. We included those independent predictors of pT3a upstaging to construct predictive models using multivariate logistic regression analysis. Model 3, which consisted of LMR, AGR, PNI and R.E.N.A.L. score, outperformed other models in predicting occult pT3a disease in both the training and validation cohorts. In a comparable study by Carlos et al. (36), the AUC of the model predicting stage pT3a was 0.86, which was higher than that reported in our study (0.86 vs. 0.71). Besides, the model developed by Nocera et al. (37) also appeared to outperform our model (0.81 vs. 0.71). Discrepancy in performance of predictive models between our and the former two studies may be attributed to the fact that there were more participants enrolled in our series, and the rate of upstaging in our patient cohort was significantly lower. However, it should be noted that the performance of predictive model derived from data in the subpopulation (AUC = 0.86) was not inferior to that of Carlos et al. (36) or Nocera et al. (37). Considering the small sample size in the subpopulation, the true predictive value of serum lipid parameters should be further, externally validated in large datasets. Thus, we did not recommend inclusion of the lipid profile parameters into the final proposed model. Our results implied that systemic inflammatory response markers play a pivotal role in the construction of predictive models.

Our novel model is based on clinical parameters and laboratory test results. As systemic inflammatory response markers are easily measurable and inexpensive in the clinical setting, it would be convenient for clinicians to calculate the risk of harboring occult pT3a disease for cT1 RCC patients preoperatively. From the patients’ perspectives, the use of our model may influence their treatment decision-making and provide them realistic expectations regarding their prognoses. Our model may be most useful for those cT1 patients who embark on active surveillance or ablation therapy, for which the pendulum may shift toward surgery, and for those cT1 patients who embark on PN, for which the pendulum may swing toward RN.

Despite several strengths, the present study is not without limitations. Firstly, due to the inclusion of patients entirely from a single center, the retrospective nature of the current study makes it subject to a selection bias. Our conclusions may not be applicable to other hospital settings. Secondly, our analysis regarding upstaging was limited by the small sample size of 81 pT3a RCCs. Undoubtedly, this small number of upstaged lesions restricted our ability to examine differences between the groups. Of note, some pathologic characteristics (i.e., sinus fat invasion and renal vein and muscular branch invasion) were not typically described by pathologists in our center until a few years ago, potentially resulting in an underestimation of the pT3 incidence. Thirdly, since both PN and RN patients were included in our study, variability between the nephrectomy types may have confounded the rates of tumor upstaging.



Conclusions

In conclusion, we have demonstrated that systemic inflammation response makers could provide valuable adjunct information to gauge risk of T3a disease and guide treatment decisions among cT1 RCC patients. Considering current limitations in differentiating truly localized RCCs from those at high risk of harboring occult pT3a disease, our model may be a good risk stratification tool. Of course, further validation in multiple institutions with large sample sizes is warranted.
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To explore the role of metastasis-related long noncoding RNA (lncRNA) signature for predicting the prognosis of clear cell renal cell carcinoma (ccRCC) patients. Firstly, metastasis-associated genes were identified to establish a metastasis-related lncRNA signature by statistical analysis. Secondly, the ccRCC patients were grouped into high-risk or low-risk group according to the established signature, and the different pathways between the 2 groups were identified by gene set enrichment analysis (GSEA). Finally, investigations involving PCR, transwell migration and invasion assay were carried out to further confirm our findings. The metastasis-related lncRNA signature was successfully constructed according to 7-metastasis-related genes (ADAM12, CD44, IL6, TFPI2, TGF-β1, THBS2, TIMP3). The diagnostic efficacy and the clinically predictive capacity of the signature were evaluated. Most of the values of the area under the time‐dependent receiver‐operating characteristic (ROC) were greater than 0.70. The nomogram constructed by integrating clinical data and risk scores confirmed that the risk score calculated from our signature was a good prognosis predictor. GSEA analysis showed that some tumor-related pathways were enriched in the high-risk group, while metabolism-related pathways were enriched in the low-risk group. In carcinoma tissues, the SSR3-6, WISP1-2 were highly expressed, but the expression of UBAC2-6 was low there. Knocking down SSR3-6 decreased the ability of migration and invasion in ccRCC cells. In conclusion, we successfully constructed a metastasis-related lncRNA signature, which could accurately predict the survival and prognosis of ccRCC patients.
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Introduction

As the most malignant urinary tumor in the mortality, the incidence of renal cell carcinoma accounts for 2% of adult malignant tumors, which is second only to prostate cancer and bladder cancer in urinary system (1). The ccRCC is the most common renal cell carcinoma, accounting for 80% of the cases. About 30% patients with ccRCC have already developed local or distant metastasis at the first visit, and the prognosis of these patients is often poor (2). Therefore, early diagnosis is an urgent task to improve the prognosis of ccRCC patients.

Epithelial-mesenchymal transition (EMT) is a progress that cancer cells transform from epithelial characteristics to acquire the mesenchymal cells characteristics. Regulated by multiple growth factors and transcription factors, EMT could destroy intercellular junction and contribute to tumor progression and metastasis (3). Although the EMT-related signatures have been found to be closely related to the metastasis and prognosis of ccRCC, there is still a lack of research on whether they could serve as biomarkers of early diagnosis and prognosis evaluation for ccRCC patients, which deserve deep study.

lncRNA is a kind of non-coding RNA that is longer than 200 nucleotides. lncRNA participates in many physiological and pathological processes, and the abnormal expression of lncRNA has been confirmed to be related to the proliferation, invasion, and migration of ccRCC cells, making it a potential biomarker to predict the survival outcomes of ccRCC patients (4, 5). In our study, we identified 7 metastasis-related genes markers through the comprehensive analysis of GEO database and the EMT-related genes. Moreover, a 7-metastasis-related lncRNA prognosis signature was successfully constructed, and the signature was verified and analyzed by combining the clinicopathological types.



Materials and Methods


Data Acquisition

The RNA-seq expression information were obtained from TCGA (https://portal.gdc.cancer.gov/), ICGC (https://dcc.icgc.org/) and GSE150404 from GEO database (https://www.ncbi.nlm.nih.gov). Clinical profiles of the ccRCC patients were obtained from TCGA and ICGC database (Supplementary File S1). 537 ccRCC samples from TCGA database (the TCGA whole set, n=537) were assigned into the training set (n=269) and the internal validation set (n=268) randomly using R software. The other 91 ccRCC samples from ICGC database were defined as the external validation set. The EMT-related genes (Supplementary File S2) were downloaded from The Molecular Signatures Database (https://broadinstitute.org/gsea/msigdb/).



Identification of the 7 Metastasis-Related Genes

The GSE150404 dataset contained 15 ccRCC samples of Grade 1 (without metastasis) and 15 ccRCC samples of Grade 4 (with metastasis) in gene expression profiles. The identification of differentiation expressed genes (DEGs) (Supplementary File S3) was performed by GEO2R. P<0.05 and |logFC|>1.5 was set as the cut-off criteria. Biovenn (https://www.biovenn.nl/) was utilized to get the intersection of the DEGs and the 200 EMT-related genes, and finally 7 metastasis-related genes were identified.



Identification of Metastasis-Related lncRNAs and Construction of Prognosis Signature

Pearson correlation analysis was conducted to identify the metastasis-related lncRNAs (Supplementary File S4). The correlation was calculated according to the expression value between lncRNAs and 7 metastasis-related genes. |R|>0.4 and P<0.05 were set as the cut-off criteria. In the training set, there were 47 metastasis-associated lncRNAs identified by univariate Cox analysis since they were closely related to the overall survival (OS) of the ccRCC patients (Supplementary File S5). Subsequently, a 7 metastasis-associated lncRNA signature was constructed by multivariate Cox regression analysis as independent prognosis factors in patient survival.



Evaluation and Verification of the Accuracy of Prognostic Signature

The metastasis-related lncRNA signature was constructed with training set and verified with the TCGA whole set, the internal and external validation set. The risk scores were calculated as following:

	

where coef(i) represented the regression coefficient and x(i) represented the expression of each metastasis-related lncRNA. The ccRCC patients were grouped into high-risk and low-risk group. ROC curve was constructed to evaluate the diagnostic efficacy of our signature. The efficiency of the risk score on predicting the survival were assessed by Cox regression analyses. Moreover, the stratified analysis of ccRCC patients was performed using the “survival” and “survminer” packages of R software.



Establishment of the Nomogram

A nomogram was established based on age, gender, stage, and risk score. The nomogram was assessed by drawing the calibration curve and ROC curve.



Gene Set Enrichment Analysis (GSEA)

The “c2.cp.kegg.v7.2.symbols.gmt” KEGG gene sets was obtained from the Molecular Signatures Database. The P−value was obtained after performing 1000 permutation, and the enriched gene sets were obtained when P<0.05.



Patients and Tissue Specimens

The ccRCC tissues and normal control tissue were obtained from the ccRCC patients who underwent radical nephrectomy at the Department of Urology of the First Affiliated Hospital of Chongqing Medical University. This study was approved by the Human Research Ethics Committee of the First Affiliated Hospital of Chongqing Medical University.



Cell Culture and Treatment

The ccRCC cell lines (786-O, RCC-JF, RCC-23, Caki-1) and human renal tubular epithelial cell HK-2 were obtained from the ATCC (Manassas, USA). The 786-O, RCC-JF and HK-2 were cultured in RPMI 1640 medium (Corning, USA) containing 10% fetal bovine serum (FBS) (Gibco, USA). RCC-23 was cultured in Dulbecco’s modified Eagle’s medium (DMEM) (Gibco, USA) containing 10% FBS. Caki-1 was cultured with McCoy’s 5A medium (Biological Industries, Israel) containing 10% FBS. All cells were kept in 5% CO2 incubator at 37°C. Cell transfection was performed with Lipofectamine 2000 (Invitrogen, USA) followed the manufacturer’s protocol. 786-O was seeded into the six-well plates (8×104cells/well). When the confluency of cells reached to 70%, exchanged the medium with 1.5 mL of basal medium containing 500 ul of Lipofectamine 2000 mix and siRNA.

Small interfering RNA:

	si-SSR3-6-1#:

	5′-CUGACAUGUUCUCAUUUAATTUUAAAUGAGAACAUGUCAGTT-3′.

	si-SSR3-6-2#:

	5′-CCUCAAAUAACUCACUUUATTUAAAGUGAGUUAUUUGAGGTT-3′.

	si-SSR3-6-3#:

	5′-CUCCCUUCUUCACUUACAATTUUGUAAGUGAAGAAGGGAGTT-3′.





Quantitative Real-Time PCR

Total RNA was extracted with TRIzol®reagent (Takara Biotechnology Co., China), and the cDNA samples were synthesized using random primers and a Reverse Transcriptase PCR kit (Takara Biotechnology Co, China). The expressions of lncRNA SSR3-6, WISP1-2, CYP4F22-3 and UBAC2-6 were quantified by real-time PCR. GAPDH was used as the internal control.

The SSR3-6 primers:

	forward: 5′-TCCCTCTACCACCCCATAGC-3′.

	reverse: 5′-ATGCTTTTCCCCAGTGCTACC-3′.

	WISP1-2,

	forward: 5′-CTGAGACCTCTTGCCTGACG-3′.

	reverse: 5′-TGCAGTGAACACCTTGACCT-3′.

	CYP4F22-3,

	forward: 5′-AAGGACTCCGCCGAAGAAT-3′.

	reverse: 5′-AACAGTTGATCCTCCCACCAG-3′.

	UBAC2-6,

	forward: 5′-CAGAGGTTTCATAGCCGCCA-3′.

	reverse: 5′-TTATTGAGTGCGGACGGCAT-3′.





Cell Migration and Invasion Assays

Transwell migration assay was applied to detect the migration ability of 786-O cells. At 48h post-transfection, cells were collected and resuspended in serum-free RPMI 1640. Then cells (6×104/200µL) were loaded into the upper chamber, and the lower chambers contained 600 μL of medium with 10% FBS. After 8 h incubation, the cells under the membrane were fixed with 4% paraformaldehyde and stained with 0.5% crystal violet. Except for that a transwell chamber with Matrigel was used instead, the experimental steps of invasion assay were performed almost the same as that of the migration assay.



Statistical Analysis

Data were presented as the mean ± standard deviation. GraphPad Prism 8 software (GraphPad Software, CA) and R software were used for statistical analyses. Analysis of variance or t test was used for statistical comparisons. *p<0.05 was considered statistically significant.




Results


Identification of the 7 Metastasis-Related Genes

A total of 214 up-regulated DEGs and 113 down-regulated DEGs were identified from GSE150404 (cut off criteria: p<0.05 and |logFC|>1.5) (Figures 1A, B). By analyzing the intersection of the 327 DEGs and the 200 EMT-related genes, finally 7 metastasis-related genes (ADAM12, CD44, IL6, TFPI2, TGF-β1, THBS2, TIMP3) were identified (Figure 1C).




Figure 1 | Identification of the 7 metastasis-related genes. (A) Volcano plot of expression data from patients grade 1 vs grade 4 in GSE150404. (B) Meandiff plot of expression data from patients grade 1 vs grade 4 in GSE150404. (C) Biovenn was utilized to get the intersection of the 327 DEGs and the 200 EMT-related genes, and finally 7 metastasis-related genes consisting of ADAM12, CD44, IL6, TFPI2, TGF-β1, THBS2, TIMP3 were identified. (D) 7 metastasis-related lncRNAs were supposed to be independent prognostic factors in ccRCC patients after multivariate Cox regression analysis.





Construction of the Signature of Metastasis-Related lncRNA in Patients With ccRCC

192 metastasis-related lncRNAs were identified through Pearson correlation analysis of the lncRNAs from the ccRCC cases and the 7 metastasis-related genes. In training set, 47 lncRNAs were identified to be associated with the OS of ccRCC patients after univariable Cox regression analysis between the 192 metastasis-related lncRNAs and the survival data (Supplementary File S5). Moreover, 7 metastasis-related lncRNAs were supposed to be independent prognostic factors in ccRCC patients after multivariate Cox regression analysis between the 47 lncRNAs and the survival data (Figure 1D and Table 1). The ccRCC patients were grouped according to the risk scores (Figure 2A), and the low-risk group had a longer OS period (Figure 2B). The diagnostic efficacy of the metastasis-related lncRNA signature was evaluated by the ROC curves, in which all the area under the ROC (AUC) were more than 0.70 except for the “1 year” in external validation set (Figure 2C). These results above suggested that the metastasis-related lncRNA signature could effectively predict survival period in ccRCC patients.


Table 1 | 7 metastasis-related lncRNAs significantly associated with the OS of ccRCC patients.






Figure 2 | Construction of the metastasis-related lncRNA signature in ccRCC. (A) The ccRCC patients were divided into two groups according to the risk score. (B) The OS period was longer in the low-risk group than that of the high-risk group. (C) The diagnostic efficacy of the metastasis-related lncRNA signature was evaluated by the time-dependent ROC curves, in which all the AUC were more than 0.70 except for the “1 year” of external validation set.





The Metastasis-Related lncRNA Signature Was Associated With ccRCC Progression

We found no significant correlation between the risk scores and gender of ccRCC patients (p=0.742) (Figure 3B). However, patients in>65 years, Grade 3-4, Stage III-IV, T stage 3-4, and M stage 1 groups showed significantly higher risk scores compared with patients in <=65 years (p=0.0129) (Figure 3A), Grade 3-4 (p<0.001) (Figure 3C), Stage I-II (p<0.001) (Figure 3D), T stage 1-2 (p<0.001) (Figure 3E), and M stage 0 (p<0.001) (Figure 3F) groups, separately. These results suggested that the metastasis-related lncRNA signature was associated with ccRCC progression.




Figure 3 | The metastasis-related lncRNA signature was associated with ccRCC progression. The correlation between the signature risk scores and the clinicopathological features, such as (A) age (<=65 vs >65, p=0.0129), (B) gender (Female vs Male, p=0.742), (C) grade (grade 1-2 vs grade 3-4, p=2e-11), (D) Stage (stage I-II vs stage III-IV, p=3.7e-11), (E) T stage (T stage 1-2 vs T stage 3-4, p=1.207e-8), (F) M stage (M stage 0 vs M stage 1, p=1.946e-9).





The Metastasis-Related lncRNA Signature Was an Independent Factor

The results of Cox regression analysis showed that the risk score calculated from our signature was significantly related to the OS of the ccRCC patients (Figures 4A, B). The ROC curve analysis showed that the AUC value of the risk score was 0.755, which was the second highest (Figure 4C).




Figure 4 | The metastasis-related lncRNA signature was an independent factor. (A) The correlation between OS and age, gender, grade, stage, T stage, M stage, risk score was performed by Univariate Cox regression analysis. (B) The correlation between OS and age, gender, grade, stage, T stage, M stage, risk score was performed by Multivariate Cox regression analysis. (C) The AUC of the ROC curve showed the prognostic accuracy of age, gender, grade, stage, T stage, M stage and risk score.





Stratification Analyses

The stratified analysis based on clinicopathological information (Figure 5) showed that the ccRCC patients in the high-risk group had shorter OS period in different stratums, such as age (>65 years or <=65 years), gender (male or female), Grade (Grade 3-4 or Grade 1-2), Stage (Stage III-IV or Stage I-II). The result suggested that our metastasis-related lncRNA signature was powerful to predict the survival period of ccRCC patients in different gradation of age, gender, Grade and Stage.




Figure 5 | Stratification analyses. Survival curve analysis showed the OS rates of the high-risk and low-risk groups stratified by age, gender, grade and stage.





Establishment of the Nomogram

A nomogram was plotted based on age, gender, stage, and signature risk score (Figure 6A). The calibration plots predicted the 3-year and 5-year OS more accurately than the reference line did (Figures 6B, C). The AUC of the nomogram in the ROC curves were 0.766 and 0.758 at 3-year and 5-year respectively (Figure 6D).




Figure 6 | Establishment of the nomogram. (A) We plotted a nomogram based on age, gender, stage, and signature risk score. By drawing the calibration curve (B, C) and ROC curve (D) to assess the nomogram.





GSEA

The results of GSEA showed that some cancer and tumor progression-related pathways (renal cell carcinoma, colorectal cancer, endometrial cancer, prostate cancer, ERBB signaling pathway, MAPK signaling pathway, WNT signaling pathway, and TGF-β signaling pathway) were enriched significantly in the high-risk group (Figures 7A, C). While the metabolism-related signal pathway (amino sugar and nucleotide sugar metabolism, arachidonic acid metabolism, glycerophospholipid metabolism, linoleic acid metabolism) were significantly enriched in the low-risk group (Figures 7B, D).




Figure 7 | Gene set enrichment analysis. (A, C) Renal cell carcinoma, colorectal cancer, endometrial cancer, prostate cancer, ERBB signaling pathway, MAPK signaling pathway, WNT signaling pathway, and TGF-β signaling pathway were significantly enriched in the high-risk group. (B, D) amino sugar and nucleotide sugar metabolism, arachidonic acid metabolism, glycerophospholipid metabolism, linoleic acid metabolism were significantly enriched in the low-risk group.





Expression of the Metastasis-Related lncRNAs in ccRCC

We predicted 7 metastasis-related lncRNAs expression in TCGA database (normal=72, tumor=539) (Figure 8A). According to the correlation between the predictive expression of 7 metastasis-related lncRNAs (Figure 8A) and the OS of ccRCC patients from TCGA database (Supplementary File S6), the expression of SSR3-6, WISP1-2, CYP4F22-3 and UBAC2-6 were identified in carcinoma and adjacent tissues of ccRCC patients (normal=9, tumor=9) (Figure 8B). Among them, SSR3-6, WISP1-2 was highly expressed in carcinoma tissues, and UBAC2-6 was highly expressed in adjacent tissues.




Figure 8 | Expression levels of the metastasis-related lncRNAs in ccRCC. (A) We predicted the expression levels of the 7 metastasis-related lncRNAs in TCGA database (normal=72, tumor=539). (B) We detected the expression levels of SSR3-6, WISP1-2, CYP4F22-3 and UBAC2-6 in carcinoma and adjacent tissues of ccRCC patients (normal=9, tumor=9). SSR3-6, WISP1-2 was highly expressed in carcinoma tissues, UBAC2-6 was highly expressed in adjacent tissues.





Knockdown of SSR3-6 Inhibits Cell Migration and Invasion of ccRCC Cells

According to our experiments, the difference expression of SSR-3 in carcinoma and adjacent tissues was the most significant (Figure 8B), so the involvement in migration and invasion processes was investigated for SSR3-6. Compared with the HK-2 cells, the expression of SSR3-6 was higher in all ccRCC cells, in which the 786-O was the highest (Figure 9A). Next, we used siRNA technology to knock down SSR3-6 in 786-O and found that the knockdown effect of si-SSR3-6-2# sequence was the best (Figure 9B). The transwell assays showed that the ability of cell migration and invasion was markedly decreased after si-SSR3-6-2# knockdown (Figures 9C, D).




Figure 9 | Knockdown of SSR3-6 inhibits cell migration and invasion of 786-O cells. (A) We detected the expression of SSR3-6 in HK-2 cells and 4 kinds ccRCC cells. SSR3-6 expression levels were higher in all ccRCC cells than in HK-2, and 786-O was the highest. (B) We used siRNA technology to knock down SSR3-6 in 786-O and found that the knockdown effect of si-SSR3-6-2# sequence was the best. (C, D) To investigate the biological role of SSR3-6 in migration and invasion, transwell assays were performed. We found that the cell migration and invasion abilities were markedly decreased in the si-SSR3-6-2#, compared with the NC groups. *P < 0.05, **P < 0.01, ***P < 0.001.






Discussion

The ccRCC is the most common type of kidney cancers, accounting for 80% of all cases and over 30% of patients have metastases at the time of diagnosis (2). Molecular targeted drugs are the main drug therapy of metastatic renal cell carcinoma, which can prolong the OS and progression free survival (PFS) of the patients. However, the drug resistance and non-sufficient understanding of molecular markers of ccRCC metastasis have brought great difficulties to clinical treatment (6). Therefore, it is very important to find out sensitive and specific tumor markers and the mechanisms underlying the ccRCC invasion, metastasis and progression to improve the survival rate of ccRCC patients.

A number of studies have confirmed that EMT plays a key role in the whole process of tumor metastasis and colonization. At the beginning, the tumor cells located in the original site lose their epithelial cell characteristics, and the intercellular adhesion is no longer as tight as before. Then, the deepithelializated-characteristics tumor cells fall off from the basement membrane and get the characteristics of mesenchymal cells, so as to obtain a stronger ability of movement and invasion. With the circulation, these cells are taken to the metastasis destination, and the surviving tumor cells begin to adapt to the new tissue environment, and finally develop into secondary tumors scattered in the distal organs (7). Therefore, EMT-related markers are closely related to metastasis. In this study, we analyzed the gene expression in different Grade of ccRCC and found out DEGs in Grade 1 and Grade 4 in GEO database. Biovenn was utilized to get the intersection of the DEGs and the 200 EMT-related genes, and finally 7 metastasis-related genes consisting of ADAM12, CD44, IL6, TFPI2, TGF-β1, THBS2, TIMP3 were identified. ADAM12 belongs to the ADAMs family, which can promote cell invasion and metastasis in various cancers including esophageal cancer, colorectal cancer, breast cancer and prostate cancer (8–10). CD44 is a member of cell adhesion family and a transmembrane glycoprotein receptor encoded by a single gene. By binding to the ligand molecules, CD44 participates in the specific adhesion between cells and between cells and matrix. A large number of studies have shown that CD44 is related to tumor metastasis, invasion and prognosis (11–14). IL-6 is a multifunctional cytokine, which plays an important role in regulating immune response, hematopoietic system, tumor metastasis and endocrine system (15, 16). TFPI2 is a matrix related serine protease inhibitor with a Kunitz domain, and plays an important role in angiogenesis, tumorigenesis and metastasis (17, 18). As the most important factor in inducing EMT, TGF-β1 can promote the metastasis of various tumor cells (19). THBS2 is involved in many cellular biological processes by binding EMC protein and cell surface receptor (20). In cervical cancer, microRNA-221-3p promotes cervical cancer metastasis by directly targeting THBS2 (21). TIMP3 belongs to the TIMP family and acts as a dual regulator of the extracellular matrix remodeling and inflammation. Abnormal expression of TIMP3 has been observed in ccRCC (22). In brief, the 7 genes are closely related to tumor metastasis and the 7 genes-related biomarkers are potential prognosis and progression biomarkers for ccRCC patients.

lncRNA accounts for a large proportion (about 98%) in the genome of higher life. Compared with the protein coding sequences, lncRNA plays a more important role in regulating gene expression by affecting chromatin modification, RNA splicing and protein activity, thus affecting the occurrence, development, prognosis and chemotherapy resistance of tumors (4). More and more studies have found that lncRNA, as a new biomarker, may be a good predictor of ccRCC prognosis. It’s reported that a three-immune-related lncRNA signature could predict the survival of ccRCC patients (23), and a nine-redox-related lncRNA signature could serve as an efficient prognostic indicator for ccRCC (24). What’s more, a hypoxia-lncRNA assessment model may be useful to improve the prognostic prediction of ccRCC patients with the same tumor stage (25).

In this study, we constructed a signature of metastasis-related lncRNA in ccRCC patients, and the signature was verified to be associated with ccRCC progression which could be used as an independent predictor of the survival period. The nomogram (26) based on age, gender, stage, and signature risk score was also verified to be excellent in accuracy. We further analyzed GSEA pathway enrichment in high-risk and low-risk groups patients and found that the metabolism-related pathways were significantly enriched in the low-risk group while ERBB signaling pathway, MAPK signaling pathway, WNT signaling pathway, and TGF-β signaling pathway were significantly enriched in the high-risk group. ERBB is a tyrosine kinase type receptor. When ERBB binds to its ligand, it will be phosphorylated to activate the downstream signaling pathway, affecting the occurrence and progression of tumor (27). MAPK pathway is key signaling pathway that conducts extracellular signal through tertiary kinase cascade and regulates many physiological processes, such as cell growth, apoptosis and death. MAPK pathway is also of great significance in the malignant progression of tumor (28). TGF-β and Wnt signaling pathways are classical signaling pathways that activate EMT and promote tumor progression. WNT pathway can activate TGF-β pathway through TCF4, and TGF-β pathway can in turn activate WNT signal pathway through samd3 (29, 30). These pathways enriched in the high-risk group may be related to the metastasis of ccRCC.

Further experiments such as qRT-PCR, transwell migration/invasion assay were carried out to further confirm our findings. In our research, SSR3-6, WISP1-2 was highly expressed in carcinoma tissues, UBAC2-6 was highly expressed in adjacent tissues. What’s more, knocking down SSR3-6 decreased the migration and invasion ability of 786-O cells. These results suggested that the metastasis-related lncRNA participated in the invasion and migration of ccRCC cells. Our research also has some limitations. The specific mechanism of the effect of SSR3-6 on the invasion and metastasis of ccRCC cells remains to be further explored.

In conclusion, for the first time, we identified 7 metastasis-related genes through GEO database and The Molecular Signatures Database creatively. Next, according to the 7 metastasis-related genes, a metastasis-related lncRNA signature, which could accurately predict the survival and prognosis of ccRCC patients was constructed. The nomogram based on the risk score and clinical indicators of the signature had good predictive effect in predicting the prognosis of ccRCC patients. GSEA showed that tumor-related pathways were associated with high-risk group, and metabolism related pathway was associated with low-risk group. These results provided valuable insights for future research on the potential individualized treatment of ccRCC patients.
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The tumor microenvironment (TME) plays a critical regulatory role in bladder cancer (BLCA) progression and metastasis. Epithelial-mesenchymal transition (EMT) presents as an essential mechanism of tumor invasion and metastasis. Accumulating pieces of evidence indicated that several microenvironmental factors, including fibroblasts, endothelial, and immune cells, induced EMT in tumor cells. As a hallmark gene of the EMT process, calumenin (CALU) was previously reported to directly impact cancer metastasis. However, the functions and molecular mechanisms of CALU have been rarely reported in BLCA. By multi-omics bioinformatics analysis of 408 TCGA BLCA patients, we demonstrated that CALU was an independent risk factor for BLCA outcome. Subsequently, we verified the correlation of CALU with cancer-associated fibroblasts (CAFs) and tumor-infiltrating immune cells. The results suggested a positive correlation of CALU with CAFs, CD8+ T cells and macrophages. Also, CALU was significantly associated with multiple immune checkpoint-related genes, which ultimately influenced patients’ responsiveness to immunotherapy. Further, we found that the impact of CALU on BLCA prognosis might also be correlated with gene mutations and ferroptosis. Finally, we validated the roles of CALU by single-cell RNA sequencing, PCR and immunohistochemistry. In conclusion, we found that CALU affected BLCA prognosis associated with multiple mechanisms, including TME remodeling, gene mutation and ferroptosis. Further studies on CALU may provide new targets for BLCA immunotherapy and precision medicine.
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Introduction

Urinary bladder cancer (BLCA) is one of the most incident cancers, ranking ninth in prevalence worldwide (1). It is estimated that the morbidity of BLCA will increase in the future because of the increased exposure to BLCA-causing agents and global aging (2). Approximately one-quarter of BLCAs are muscle-invasive bladder cancers (MIBCs), whose incidence and mortality are elevating (3). In 1976, Morales et al. used intravesical Bacillus Calmette-Guérin (BCG) instillation to treat superficial BLCA, making a breakthrough in BLCA treatment (4). However, the prognosis and treatment for MIBC have not made significant progress until the adventure of immunotherapy for BLCA (5). A large number of clinical trials currently employing immunotherapeutic agents are a testament to the tremendous advances they have made in BLCA treatment (6). The effectiveness of immunotherapy in BLCA may be attributed to the large number of immune cells infiltrated within the tumor microenvironment (TME) of BLCA (7, 8).

The TME comprises cellular components such as infiltrated immune cells, stromal cells, cancer cells, and non-cellular components, including extracellular matrix and various types of soluble biological factors or mediators (9). Characterized by sub-regions of nutrient deprivation, low extracellular pH, high interstitial fluid pressure, and hypoxia (10), the TME contributed to genetic instability and further promoted tumor growth. Stromal components of the TME had lots of crosstalks with tumor cells. Such crosstalks could shape the TME into a tumor-promoting one through multiple ways, including Epithelial-mesenchymal transition (EMT), inhibition of ferroptosis and autophagy (11), influencing energy metabolism (12) and tumor infiltrated immune cells (TIICs) (13). EMT presented as an essential mechanism of tumor invasion and metastasis. Stromal cells comprised a crucial source of EMT-related gene expression and further impacted the response to immune checkpoint blockade (ICB) therapy and patients’ survival by altering T cell infiltration in BLCA (14).

Calumenin (CALU), a hallmark gene of the EMT process, was previously reported to directly impact cancer metastasis in multiple cancers. Nagano K et al. reported that CALU was expressed at a significantly higher level in the lung tissues of metastasis-positive cases than in metastasis-negative cases (15). Kunita A et al. demonstrated that CALU was secreted by cancer-associated fibroblasts (CAFs) and increased lung cancer cell proliferation (16). A recent manuscript by Nasri Nasrabadi P et al. also indicated the metastasis promoting role of CALU in colon and lung cancers (17). From the above evidence, we could see the cancer-promoting and CAFs associated roles of CALU. However, the biological behavior that CALU may participate in has not been reported yet in BLCA.

Bioinformatics methods are now widely applied in cancer research. The next-generation RNA sequencing (NGS) and the single-cell RNA (scRNA) sequencing have provided tremendous help in cancer research, especially in TME heterogeneity. In the present study, we conducted a comprehensive study on the mechanisms of CALU in impacting the prognosis of BLCA. With the help of multi-omics bioinformatics analysis, we uncovered and validated that CALU was associated with TME remodeling, gene mutation and ferroptosis. Further study of CALU is beneficial for precision medicine of BLCA and may provide reliable targets for improving the immunotherapeutic response of BLCA.



Methods and Materials


Raw Data Acquisition

The gene expression quantification data for transcriptome profiling included 408 BLCA patients, and the corresponding clinical data (Table 1) were downloaded from the TCGA database (https://portal.gdc.cancer.gov/) in which the method of acquisition and application complied with the guidelines and policies.


Table 1 | Clinical characteristics between CALUhigh and CALUlow groups of TCGA BLCA cohort.





Survival Analysis

The Kaplan-Meier (KM) survival analysis was used to compare the survival difference. The Log-rank test and univariate Cox regression generated p-value and hazard ratio (HR) with 95% confidence interval (CI). Figures were plotted by the “ggrisk,” “survival,” and “survminer” packages of R language version v4.0.3



Independent Risk Analysis and Nomogram Construction

Univariate and multivariate cox regression analysis were performed to identify the independent risk factors for BLCA prognosis. The P-values were shown in the forest plot. HR and 95% CI of each variable were calculated using the ‘forest plot’ R package. A nomogram was developed based on multivariate Cox proportional hazards analysis results to predict the 1,3, and 5-year overall survival (OS). The nomogram provided a visualized representation of the variables, which can be used to calculate the mortality risk for an individual patient by the points associated with each risk factor through the ‘rms’ R package. C-index and a calibration plot were used to assess the accuracy of the nomogram.



Differentially Expressed Genes (DEGs) Acquisition and Functional Enrichment Analysis

DEGs between CALUhigh and CALULow groups were analyzed by Limma package of R software. The adjusted P-value was analyzed to correct for false-positive results. “Adjusted P < 0.05 and |Log2 (Fold Change)| >1” were defined as the thresholds for DEGs screening. Gene Ontology (GO), including molecular function (MF), biological pathways (BP), and cellular components (CC), was used for annotating genes with functions. Kyoto Encyclopedia of Genes and Genomes (KEGG) Enrichment Analysis was used to obtain an analytical study of gene functions and associated high-level genome functional information. ClusterProfiler package of R was employed to analyze the GO function of potential targets and enrich the KEGG pathway. Gene sets enrichment analysis (GSEA) was performed using the Broad Institute’s GSEA program (http://www.broadinstitute.org/gsea/index.jsp). The Hallmark v7.2, c2 Kegg, and c5 Go (BP, CC, MF) gene sets were used for GSEA analysis.



Gene Mutation Analysis

Somatic mutation data was downloaded from the TCGA database and visualized by the “maftools” package of R language. Mutation information of each gene was shown in the waterfall plot. The various mutation types were annotated with different colors at the top right of the waterfall plot.



Estimation of the TME

To make reliable estimations of TIICs, we utilized the ‘immunedeconv,’ an R package that integrated six prevalent algorithms, including TIMER, xCell, MCP-counter, CIBERSORT, EPIC and quanTIseq (18). In this article, we displayed the estimation results of TIMER (19) and MCP-counter (20), which included both the immune and stromal components. R package ‘estimate’ was conducted to assess the TME components and tumor purity. Scores of stromal and immune components were then obtained. The ESTIMATE score was the sum of these two and was negatively correlated with tumor purity.



ICB Treatment Reactiveness Prediction

Immune cell abundance identifier (Immune cell AI, http://bioinfo.life.hust.edu.cn/ImmuCellAI) was used to predict the patients’ responsiveness to ICB therapy on the immune cell infiltration levels.



scRNA Sequencing Datasets Acquisition

The scRNA sequencing datasets were collected from the TISCH database (http://tisch.comp-genomics.org/home/) (21), which provided detailed cell-type annotation at the single-cell level, enabling the exploration of TME across different cancer types.



Real-Time Quantitative PCR

Samples were collected from post-operative tissues of 32 BLCA patients. According to the manufacturer’s instructions, triazole (Invitrogen) was used for extracting total RNA from all clinical samples. The quantitative polymerase chain reaction (qPCR), using the SYBR-Green method (TaKaRa), was performed on an ABI 7500 real-time PCR system (Applied Biosystems). The relative expression level of CALU was calculated by the 2−ΔΔCt method after normalizing to β-actin level. Primer sequences of CALU were listed as followed:

CALU Forward (5’-3’) TGGATTTACGAGGATGTAGAGC

Reverse (5’-3’) TTTTAAACCTCCGCTCATCTCT

β-actin Forward (5’-3’) AAACGTGCTGCTGACCGAG

Reverse(5’-3’) TAGCACAGCCTGGATAGCAAC

Gene expression was made average from three individual tests, representing the expression level of CALU for each patient.



IHC Analysis and IHC Score

Gene expression was detected using the BenchMark GX automatic multifunctional immunohistochemical staining system (Roche, Switzerland) with OptiView DAB Detection Kit (Ventana, USA) according to the manufacturer’s instructions. The primary antibodies (Table 2) were visualized by a horseradish peroxidase-labeled secondary antibody. Hematoxylin was used for counterstaining and Bluing Reagent for post counterstaining. Two pathologists (Jiang Xiang & Cao Jin) evaluated the immunohistochemical results without acknowledging the patient’s information. IHC score was calculated according to the staining intensity and the proportion of positive stromal cells. The standard was as followed: [IHC score 1], weak staining in <50% or moderate staining in <20% of stromal cells; [IHC score 2], weak staining in ≥50%, moderate staining in 20-50% or intense staining in <20%; [IHC score 3], moderate staining in ≥50% or intense staining in ≥20%. Cases with scores 2 or 3 were regarded as positive for each protein expression (22).


Table 2 | Primary antibodies used in IHC analysis.





Statistics Analysis

The association between CALU and clinical variables was analyzed using Pearson chi-square test or Fisher’s exact test. The KM survival analysis with log-rank test was used to compare the survival difference among groups. Univariate and multivariate cox regression analysis were applied for screening the independent risk factors for BLCA prognosis. The Wilcoxon test examined the differences between variables of two groups. Kruskal Wallis test analyzed statistical significance for variables of more than two groups. Fisher exact test was used to identify the correlation of CALU with ICB responsiveness, CD8+ T cells and macrophages. Two sides P-value <0.05 was considered significant. R language v4.0.3 was used for all statistical analyses.




Results


CALU Was Correlated With the OS and Progression-Free Survival (PFS) of BLCA Patients

We divided the 408 BLCA patients into high and low CALU expression groups according to their medium CALU expression level. The survival status of the patient in each group was shown in Figure 1A. The KM survival analysis showed a significant difference in OS between CALUhigh and CALULow groups, with lower OS in the CALUhigh group (p=0.001) (Figure 1B). Similarly, PFS was significantly lower in the CALUhigh group than in the CALULow group, with a P-value of 0.023 (Figure 1C).




Figure 1 | Prognostic analysis of CALU in the TCGA BLCA cohort. (A) A scatterplot of CALU expression from low to high was placed in the upper portion. The middle represents the scatter plot distribution of survival time and survival status corresponding to different patients’ CALU expression. The heatmap of CALU expression in all patients was shown at the bottom. (B) Kaplan-Meier survival analysis validated CALU as an adverse factor for the OS in BLCA (p=0.001, HR=1.657). (C) CALU also played a significant role in affecting the PFS of BLCA patients (p=0.023, HR=1.415).





CALU Was Closely Associated With the Prognosis of BLCA

Subsequently, we subjected these 408 BLCA patients into subgroups. By comparing the survival of patients with high and low CALU expression between different subgroups, we found a strong association between CALU and patients’ OS in multiple subgroups. Specifically, we observed shorter OS in CALUhigh patients in subgroups including the male (p=0.012), female (p=0.014), high grade (p=0.002), Stage I-II (p=0.026), Stage III-IV (p=0.031), T1-T2 (p=0.013), N0-N1 (p=0.002) and M0 (p=0.006) (Figure 2A). These results further suggested that CALU level was an adverse factor for patients’ OS in BLCA. We also analyzed CALU levels in BLCA patients with different clinical features. Our results indicated that CALU expression increased significantly with increasing BLCA grade, progression in stage and TNM classification (Figure 2B).




Figure 2 | Correlation of CALU with subgroup survival and clinical characteristics. (A) the expression level of CALU altered the OS of BLCA patients in multiple subgroups, including male (p=0.012), female (p=0.014), high grade (p=0.002), Stage I-II (p=0.026), Stage III-IV (p=0.031), T1-T2 (p=0.013), N0-N1 (p=0.002) and M0 (p=0.006). (B) Tumor tissue with higher grade (p<0.001), stage(p<0.001), T (p=0.003), N (p<0.001),M (p=0.024) classification expressed higher CALU. ****p<0.0001, ***p<0.001, **p<0.01, *p<0.05. NS, not significant.





Validation of CALU as an Independent Risk Factor for Survival of BLCA and Construction of a Prognostic Nomogram Incorporating CALU With Clinical Features

To further investigate whether CALU could be an independent risk factor for BLCA prognosis, we performed univariate (Figure 3A) and multivariate (Figure 3B) Cox regression to screen independent prognostic factors for BLCA. The univariate Cox regression analysis revealed that CALU (p<0.0001, HR=1.456, 95%CI:1.225-1.73), age (p<0.0001, HR=1.033, 95%CI:1.017-1.049), T classification (p=0.0056, HR=1.338, 95%CI:1.089-1.644), and stage (p<0.0001, HR=1.679, 95%CI:1.39-2.027) significantly affected the OS of BLCA patients. Subsequent multivariate cox regression analysis suggested that CALU (p=0.0021, HR=1.335, 95%CI:1.111-1.605), age (p=0.0001, HR=1.032, 95%CI:1.017-1.048) and stage (p=0.0001, HR=1.534, 95%CI:1.24-1.897) could be used as independent risk factors for BLCA prognosis. We constructed a prognostic nomogram using these three factors obtained from the multivariate regression, and the C-index of the nomogram was 0.678 (Figure 3C). Using the calibration curve, we can see that the prediction model has good accuracy in predicting patients’ survival risk at 1, 3 and 5 years (Figure 3D).




Figure 3 | Identification of CALU as an independent risk factor of BLCA and construction of a prognostic nomogram including CALU level. (A, B) The univariate (p<0.001) and multivariate (p=0.002) Cox regression analysis confirmed CALU as an independent risk factor for BLCA. (C) A nomogram composed of CALU level, age and stage well indicated the OS of BLCA patients based on the nomogram scores, with a c-index of 0.678. (D) The calibration curve confirmed a pleasant accuracy of the nomogram in predicting 1,3 and 5 years’ OS.





CALU May Be Involved in TME Remodeling in BLCA

A total of 751 upregulated genes and 104 down-regulated genes were screened between CALUhigh and CALUlow groups (Figures 4A, B). The GO and KEGG enrichment analysis indicated that CALU might be involved in extracellular structure organization, extracellular matrix organization and focal adhesion (Figures 4C, D). We further analyzed CALU’s functions by GSEA, and the results suggested that CALU level was positively related to the activities of TME related processes, including EMT, hypoxia, inflammatory response and TGF-β signaling pathways in Hallmark gene sets. While in GO and KEGG gene sets, CALU level was positively associated with enhanced activity of stromal(Extracellular matrix binding, Extracellular structure organization and adhesion molecules cams) and immune-related processes and pathways (immune receptor response and T cell receptor signaling pathway) (Figures 4E–G).




Figure 4 | DEGs and functional enrichment analysis between CALUhigh and CALUlow groups. (A, B) the DEGs between CALUhigh and CALUlow groups were shown in the heatmap and volcano plot. (C, D) GO and KEGG enrichment analysis confirmed that patients with higher CALU expression owned higher extracellular matrix remodeling activities (E–G) The GSEA suggested that the CALU high expression group had higher EMT, hypoxia, cytokine receptor and T cell receptor activities.





CALU Is Involved in the Regulation of Both the Stromal and Immune Components of BLCA

Based on the results of gene enrichment analysis, we have identified that CALU may regulate various tumor microenvironment components. In this regard, we conducted a further analysis by algorithms including TIMER, MCPCOUNTER and ESTIMATE. By the TIMER algorithm, we mainly focused on the correlation between CALU and immune components. The results showed that the level of TIICs such as CD8+ T cells (p<0.001) and macrophages (p<0.001) were significantly higher in the CALUhigh group than the CALUlow group (Figure 5A), and there was a significant positive correlation of CALU with CD8+ T cells (R=0.490, p<0.001) and macrophages (R=0.570, p<0.001) (Figure 5B). Through the MCP-COUNTER algorithm, we revealed that endothelial cells (p<0.001)and CAFs (p<0.001) were significantly higher in the CALUhigh group than the CALUlow group (Figure 5C), and there was a highly positive correlation between CALU and endothelial cells (R=0.310, p<0.001) and CAFs (R=0.610, p<0.001), especially CAFs (Figure 5D). The stromal and immune scores were calculated by the ESTIMATE algorithm and summed to obtain the ESTIMATE score. After that, we found that CALU was positively correlated with all three score forms and negatively correlated with tumor purity. Among the three scores, CALU had the highest correlation with the stromal score (R=0.510), suggesting that CALU is closer with the stromal component than with the immune component and laterally suggesting that it may be involved in the immune regulation of BLCA by acting on the stromal components (Figure 5E).




Figure 5 | The dual regulatory function of CALU on TME. (A–D) The TIMER and MCP-COUNTER algorithms indicated the significant correlation of CALU with CD8 T cells (p<0.001, R=0.490), macrophages(p<0.001, R=0.570), endothelial cells (p<0.001, R=0.310) and CAFs (p<0.001, R=0.610). (E) CALU expression level positively correlated with the stromal (p<0.001, R=0.510), immune (p<0.001, R=0.290) and ESTIMATE scores (p<0.001, R=0.430) and negatively associated with tumor purity (p<0.001, R=-0.420). ***p<0.001.





CALU Is Strongly Associated With Multiple Immune Checkpoint-Related Genes (ICRGs) and May Affect Patient Responsiveness to Immunotherapy

We further analyzed the correlation between CALU and multiple ICRGs and found that CALU had significant positive correlations with CD274 (PD-L1), CTLA4, LAG3, PDCD1 (PD1), TIGIT, and PDCD1LG2 (PD-L2) (Figure 6A). Meanwhile, these ICRGs’ expression levels were significantly higher in the CALUhigh group than the CALUlow group (Figure 6B). Since PD-L1 was critical to patient’s ICB responsiveness and there was a significant positive correlation between PD-L1 and CALU, whether the expression level of CALU was also associated with ICB responsiveness, to this end, we predicted the ICB responsiveness in the CALUhigh and CALUlow groups by using the Immunecell AI database. The results revealed more patients responding to immunotherapy in the CALUhigh group than the CALUlow group (p<0.001). Also, by comparing the expression levels of CALU in responders and non-responders, we found that the expression levels of CALU were higher in responders (p<0.001) (Figure 6C).




Figure 6 | Significant correlation of CALU with multiple ICRGs. (A, B) CALU was positively correlated with CD274 (p<0.001, R=0.470), CTLA4 (p<0.001, R=0.360), HAVCR2 (p<0.001, R=0.540), LAG3 (p<0.001, R=0.390), PDCD1 (p<0.001, R=0.340), PDCD1LG2 (p<0.001, R=0.630), and TIGIT (p<0.001, R=0.360), while negatively correlated with SIGLEC15 (p<0.001, R=-0.360). (C) ICB therapy responsiveness predicted by Immunecell AI indicated a significantly higher response rate in CALUhigh patients than in CALUlow patients(p<0.001). The CALU expression level in ICB responders was higher than that in non-responders (p<0.001). ***p<0.001.





CALU Was Correlated With TP53 Mutation and Various Ferroptosis Related Genes

We found higher frequencies of TP53 and RB1 mutations and lower FGFR3 and ELF3 mutations in the CALUhigh group through somatic mutation analysis (Figure 7A). Mutations in these genes were closely associated with the development of BLCA (23, 24). Among them, TP53 was found to have an association with ferroptosis in recent years. For this reason, we further explored the correlation between CALU and ferroptosis. We found that CALU was positively correlated with various ferroptosis-related genes through intergroup comparison and the Spearman correlation analysis, including HSPA5 and SLC7A11 (Figure 7B). The correlation between CALU and HSPA5 was the most significant. As a downstream gene of TP53, SLC7A11, which could inhibit ferroptosis, was also associated with CALU (Figure 7C). Through the protein-protein interaction network analysis from the BioGRID database, we found that the binding of CALU to HSPA5 protein was confirmed in several experimental results (Figure 7D). Though GPX4, a key gene related to ferroptosis, was not correlated to CALU in BLCA. The association of CALU with GPX4, HSPA5 and SLC7A11 in the pan-cancer data revealed a significant relationship between CALU and ferroptosis among various tumors, especially the breast, prostate and kidney cancers where ferroptosis was more commonly observed (Figure 8).




Figure 7 | Association of CALU with gene mutations and ferroptosis in BLCA. (A) Significant differences in mutation frequency of TP53, RB1, FGFR3 between CALUhigh and CALUlow groups, with higher TP53(p<0.01), RB1(p<0.001) and lower FGFR3 (p<0.001), ELF3 (p<0.05) mutation rates in CALUhigh groups. (B, C) CALU correlates with various of ferroptosis-related genes, including HSPA5 (p<0.001, R=0.620)and SLC7A11 (p<0.001, R=0.190). (D) The protein-protein interaction network from the BioGRID database confirmed the interaction between CALU and HSPA5. ***p<0.001, **p<0.01, *p<0.05.






Figure 8 | Pan-cancer analysis of the correlation of CALU with GPX4, HSPA5 and SLC7A11. CALU was significantly associated with HSPA5, SLC7A11 and GPX4 in tumors where ferroptosis was commonly observed, including breast, kidney, colon and prostate cancers.





Validation of the Roles of CALU by scRNA Sequencing and Clinical Bladder Cancer Sections

To further validate the correlation between CALU and CAFs, we analyzed the pan-cancer single-cell sequencing datasets from the TISCH database. These datasets classified the stromal cellular components into four categories: “epithelial cells,” “endothelial cells,” “fibroblasts,” and “myofibroblasts.” We further analyzed the annotated “fibroblasts” and “myofibroblasts” in the database for relevant markers. The results indicated that the “fibroblasts” annotated here expressed high expression of PDGFRA, CXCL12, CFD, DPT, and CXCL1, markers which are consistent with the characteristics of inflammatory fibroblasts (iCAFs) (Table 3). The results of the TISCH database were in line with the classification of CAFs into iCAFs and myCAFs in previous literature (25). The pan-cancer datasets consistently found that CAFs, especially iCAFs, highly expressed CALU (Figure 9A). GSEA analysis of single cells revealed that the hallmark gene sets enriched by iCAFs expressed genes were highly consistent with the CALUhigh group in the TCGA cohort, especially hypoxia and KRAS signaling up, two gene sets that are not enriched in myCAFs (Figure 9B).


Table 3 | Marker gene expression of ‘Fibroblasts’ and ‘myofibroblasts’ of TISCH database.






Figure 9 | Clinical validation of the roles of CALU. (A, B) CALU was confirmed to be expressed by CAFs, especially iCAFs, by scRNA sequencing. The enriched hallmark gene sets by iCAFs were highly corresponded with the genesets which TCGA CALUhigh group enriched. (C) PCR analysis confirmed the differential expression of CALU in tumors with different grades (p<0.05), stages (p<0.001), and T (p<0.001), N (p<0.05) classifications. (D, E) Immunohistochemical analysis indicated that CALU levels were higher in BLCA than in GC, while CALU levels were higher in MIBC than in NMIBC. (F, G) CALU co-expressed with ACTA2 (F) and PDGFRA (G) by stromal components (H, I) Co-expressions of CALU, CD206 and CD8 were observed in MIBC samples. ***p<0.001, *p<0.05. NS, not significant.



Subsequently, we recruited 32 BLCA patients with different TNM classifications and pathological grades to validate the results obtained from bioinformatics analysis (Table 4). Tumor samples were collected after clinical surgery by transurethral resection of bladder tumor (TURBT) or radical cystectomy. After PCR analysis, CALU expression levels in patients with higher clinical stages and pathological grades were confirmed higher than those with lower stages and grades (Figure 9C). Interestingly, we observed adjacent glandular cystitis (GC), a precancerous lesion of BLCA, and tumor tissue in the same section, and the expression of CALU in tumor cells was significantly higher than that in GC (Figure 9D). Meantime, IHC results indicated a significantly higher expression of CALU in MIBC than non-muscle-invasive bladder cancer (NMIBC) (Figure 9E). By comparing the expression of two CAFs markers (ACTA2, marker of myCAFs, and PDGFRA, marker of iCAFs) with CALU, we confirmed the co-expression of these three genes by stromal components in adjacent sections (Figures 9F, G). Through the IHC score, we tested the correlation of CALU with CD8+ T cells and macrophages M2 (p=0.025) (Figures 9H, I and Table 5). Although we did not confirm the correlation between CALU and CD8 in our clinical sections, all the above results still highly suggested that CALU affected BLCA prognosis associated with TME remodeling.


Table 4 | Clinical information of the recruited BLCA patients.




Table 5 | Co-expression of genes in BLCA stroma.






Discussion

BLCA is one of the most commonly diagnosed urological tumors and causes severe cancer-associated mortality worldwide (26). It is generally classified as NMIBC and MIBC (27). In NMIBC, BCG’s intravesical instillation has already been routinely used for over 40 years as immunotherapy to prevent invasive cancer development (28). MIBCs constitute approximately 20% of BLCA incidences but account for the vast majority of cancer‐specific deaths due to poor prognosis (29). Recent advantages in immunotherapies are rapidly updating the treatment options for BLCA. Immune checkpoint inhibitors, including pembrolizumab, atezolizumab, durvalumab, nivolumab and avelumab, were approved by the FDA for the second-line setting metastatic BLCA patients who failed cisplatin-based chemotherapy (30). However, the response rate of ICB was still limited (31)﻿. Accumulating evidence suggested that the TME played an essential role in immunotherapy responsiveness in BLCA (32).

The TME can be divided into stromal and immune components. It is a heterogeneous population of cells consisting of multiple surrounding cells (immune cells and fibroblasts), signaling molecules and the extracellular matrix (33). Interactions of tumor cells with the surrounding microenvironment play a role in tumor invasion capacity, immune invasion and drug resistance (34). The EMT process is an integral part of this interaction (35). From the available evidence, the biological process of EMT involves an intertwined interaction between epithelial cancer cells and the stromal components, conferring a mesenchymal phenotype on tumor cells yielding enhanced invasion and metastasis capacity (14).

CALU was suggested to be a stromal biomarker with prognostic significance in colon cancer (36). It was also identified as a CAFs-related protein, highly expressed in metastasis-positive cases and facilitated lung adenocarcinoma invasiveness (15). However, the role of CALU in BLCA has rarely been reported. In this article, we explored the role of CALU on BLCA and found that CALU correlated with BLCA progression, thus confirming for the first time that CALU is an adverse factor for BLCA prognosis.

Being a hallmark gene, CALU was considered to be involved in the EMT process. In this present article, The results of gene enrichment analysis confirmed that CALU was involved in the EMT process, which may further regulate the extracellular matrix and remodeled the TME. Meanwhile, CALU also participated in the stromal-related pathways, including extracellular matrix remodeling, hypoxia and angiogenesis, and immune-related pathways, including immune receptor activity cytokine binding and T cell receptor pathway. These results indicated the dual regulatory role of CALU to the stromal and immune components of the TME in BLCA.

Studies have linked stromal EMT genes to the immune components in recent years, especially T cell infiltration (14). A positive correlation between T cell infiltration and stromal EMT-related gene expression has been observed in studies of various malignancies, including BLCA (27, 37, 38). However, the relationship between EMT activity and the response to tumor immunotherapy is still controversial. Several studies indicated that tumor patients presenting the higher expression of EMT-related genes should be more likely to benefit from ICB (39), while others correlated EMT-related gene expression with resistance to immunotherapy (40). Further studies of EMT-related genes and cancer immunotherapy may provide potential targets for better immunotherapy responsiveness. In our study, CALU was positively related to the infiltration of CD8+ T cells, which was consistent with the previous studies.

Meanwhile, CALU was positively correlated with multiple ICRGs, such as PD1, PD-L1, PD-L2, CTLA4 and TIGIT. These results suggest that ICB treatment in patients with high CALU expression results in better immunotherapeutic efficacy by sparing more CD8 T cells from immunosuppression caused by PD-L1 expression in tumor cells. Based on this inference, we predicted ICB treatment’s responsiveness among patients with different CALU expression levels by using the Immunecell AI database. Results showed that patients with high CALU expression owned significantly higher responsiveness to ICB therapy than those with low CALU expression, which well confirmed our hypothesis and further suggested that CALU may be involved in regulating CD8 T cell infiltration, modulation of immune checkpoint suppressor molecules and affecting patient responsiveness to ICB therapy. As a protein secreted by CAFs (16), CALU was confirmed to closely related to CAFs, especially iCAFs, in the present study. Our study also revealed a close relationship between CALU and macrophages. Since macrophages also exerted a crucial role in regulating tumor immunity, we believe that stromal EMT-related gene expression could also regulate the tumor immunity through macrophage in addition to CD8+ T cells, but this still needed further verification.

In addition to the regulatory role of the TME, we observed that the expression level of CALU was also closely related to the mutation of genes. The mutations of TP53 and RB1 were significantly higher in the CALUhigh group than in the CALUlow group, while the mutation of FGFR3 was significantly lower in the CALUhigh group. These three gene mutations played a crucial role in the development of BLCA (23, 24). Meanwhile, recent studies have developed that mutations in TP53 are also closely related to ferroptosis, and SLC7A11, a downstream gene of TP53, is now considered a ferroptosis-related gene (41). To discuss the potential involvement of CALU in regulating ferroptosis, we examined the association between CALU and ferroptosis-related genes, including HSPA5, SLC7A11, MT1G, CISD1, and NCOA4. The results showed a remarkable correlation between CALU and multiple ferroptosis-related genes. As the most significant CALU-associated gene, HSPA5 has been demonstrated to play a vital role in tumor cell’s ferroptosis resistance through interaction with GPX4, a critical gene for ferroptosis (42). In our research, we found CALU indeed interacted with HSPA5 protein through the BioGrid database. A pan-cancer analysis on the association of CALU with HSPA5, GPX4 and SLC7A11 further confirmed the potential involvement of CALU in the regulation of ferroptosis. Although research on ferroptosis was limited in BLCA, a recent study has demonstrated that a biogel system combining photothermal, ferroptotic, and immune therapy through intravesical instillation effectively inhibits BLCA progression (43). These results indicated the potential involvement of CALU in the ferroptosis process and enhanced the application significance of ferroptosis-related therapy in BLCA treatments. Further researches on the potential regulatory role of CALU on ferroptosis may bring new advances in BLCA treatment.

Finally, we validated the functions of CALU on BLCA clinical progression and its modulation of the TME. The findings showed the close association of CALU with iCAFs and that CALU expression levels increased with BLCA progression. Immunohistochemical results from pathological sections of BLCA showed a significant correlation of CALU with macrophage M2. However, we did not find significant correlation between CALU and CD8 T cells in our clinical sections. This might be due to the limited sample volume of our clinical sections. With the results of previous research and our bioinformatics analysis, we still believe CALU could be confirmed to correlate with CD8 T cell infiltration after further researches.

The EMT phenomena are controversial since they could hardly be observed in human bulk tumors. Previous research findings indicated the EMT marker genes were mainly expressed by CAFs, which revealed a complex interaction between stromal components and tumor cells in the EMT process (44). However, suggested as an EMT-related gene, CALU could also be highly expressed in tumor cells, which indicated the crucial roles of CALU in cancer progression other than the function of inducing EMT. In our research, we believe that CALU can be involved in ferroptosis in BLCA from current bioinformatics studies, and we will also conduct in-depth in vitro and in vivo experiments to validate the exact mechanism of CALU in EMT and ferroptosis in the future.

Despite the insightful findings, limitations still exist in our study. First, relationships between CALU and immune regulation and ICB therapy responsiveness were only verified by bioinformatics analysis. Further verification from in vitro and in vivo experiments is required for exploring the direct mechanisms of CALU’s immune regulatory function. Second, although a significant correlation was found between CALU and macrophages in BLCA sections, our clinical samples were quite limited. A more extensive validation cohort is still necessary to avoid selection bias. Last, experimental researches should be conducted to explore the possible involvement of CALU in ferroptosis resistance in BLCA.



Conclusion

In this article, we identified and validated that CALU can be an independent risk factor for BLCA prognosis related to TME remodeling. High expression of CALU significantly increased the responsiveness to ICB treatment, which was associated with higher T-cell infiltration and expression of ICRGs. Given the correlation of CALU with TP53 mutation and multiple ferroptotic genes, our results suggested for the first time that CALU may be involved in ferroptosis regulation through multiple mechanisms. Further in-depth studies of CALU in BLCA will help in the search for targets to increase the responsiveness of tumor immunotherapy and gain a better understanding of the intertwined process of bladder carcinogenesis.
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Motivation

The evolution of complex diseases can be modeled as a time-dependent nonlinear dynamic system, and its progression can be divided into three states, i.e., the normal state, the pre-disease state and the disease state. The sudden deterioration of the disease can be regarded as the state transition of the dynamic system at the critical state or pre-disease state. How to detect the critical state of an individual before the disease state based on single-sample data has attracted many researchers’ attention.



Methods

In this study, we proposed a novel approach, i.e., single-sample-based Jensen-Shannon Divergence (sJSD) method to detect the early-warning signals of complex diseases before critical transitions based on individual single-sample data. The method aims to construct score index based on sJSD, namely, inconsistency index (ICI).



Results

This method is applied to five real datasets, including prostate cancer, bladder urothelial carcinoma, influenza virus infection, cervical squamous cell carcinoma and endocervical adenocarcinoma and pancreatic adenocarcinoma. The critical states of 5 datasets with their corresponding sJSD signal biomarkers are successfully identified to diagnose and predict each individual sample, and some “dark genes” that without differential expressions but are sensitive to ICI score were revealed. This method is a data-driven and model-free method, which can be applied to not only disease prediction on individuals but also targeted drug design of each disease. At the same time, the identification of sJSD signal biomarkers is also of great significance for studying the molecular mechanism of disease progression from a dynamic perspective.
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Introduction

Complex diseases seriously endanger human health. They often occur as a result of multiple molecular interactions (1). In the progression of diseases, some develop relatively slowly and can usually be controlled by drug intervention and health care. However, many complex or chronic diseases undergo drastic or qualitative changes resulting from various internal or external factors (2). Take cancer, for example. Most cancers have no obvious symptoms in the early stage and are extremely difficult to cure when found in the late stage. Metabolic diseases are often irreversible. Therefore, early prevention and diagnosis of complex diseases are essential (3). The evolution of complex diseases can be modeled as a time-related nonlinear dynamic system, and the sudden deterioration of diseases can be regarded as the state transformation of the dynamic system at the tipping point in cases, for example, type-2 diabetes (4), colorectal tumors (5) and breast cancer (6). According to the dynamics of a complex disease, its progression can be divided into three states: a relatively healthy state (normal state), a critical state (pre-disease state), and a disease state (Figure 1). Under normal state, the biological system is stable and changes slowly, characterized by stability and robustness. Under the critical state or tipping point, the biological system is at the limit point of the normal state. If the system is disturbed from the outside, it is likely to enter the next stationary state, i.e., disease state, or return to the former stationary state, i.e., a normal state with high reversibility. The disease state indicates that the system has passed a critical state into a new stable state, and the disease is in a phase of deterioration, in which most patients develop symptoms of the disease and begin to receive treatment, but it is difficult to return to the normal state. Therefore, detecting the early warning signals by identifying the critical stage/pre-disease stage is crucial to prevent the catastrophic deterioration of complex diseases (7). There is no significant difference in symptoms between the pre-disease state and the normal state in the process of complex disease, so it is very difficult to detect the critical transition during disease progression through traditional molecular markers and network markers (8).




Figure 1 | Dynamic evolution of complex diseases. (A) The dynamic characteristics of a complex disease. Its progression can be divided into three states, a relatively healthy state (normal state), a critical transition state (pre-disease state), and a disease state. After the critical state of complex diseases is successfully detected and given timely treatment, the system will return from the critical state to the normal stage (green curve). Conversely, the system will go through the critical stage and enter the disease state. (black curve). (B) Three states in the molecular networks of DNBs during disease progression. The critical state is the limit point of normal state and is characterized by low stability and robustness.



In order to further study the pre-disease state between the normal state and the disease stage, a new type of dynamic network biomarker (DNB) was proposed. DNBs are a set of biomolecules with strong dynamic correlation, and the molecular concentration presents dynamic changes rather than keeping the constant value of the critical state (7). DNB reveals early warning signals of critical transitions before the deterioration of complex diseases. The DNB method has been applied to some real disease datasets and identified the pre-disease states of several diseases such as the early warning signals for detecting type 1 diabetes and its main biomolecular network (9), identifying the differentiation status of breast cancer McF-7 cells (10), and detecting the early warning signals for influenza outbreak (11). The application of DNB has achieved good results. However, the DNB index’s construction depends on three statistical conditions, i.e., the standard deviation of DNB inter-molecules, the correlation coefficient of DNB internal molecules, and the correlation coefficient between the internal biomolecules and the external biomolecules of DNB. The calculation of these indicators requires a large number of samples, which is difficult to achieve for many biomedical research studies. Therefore, the need for multiple samples in the validation of real datasets distinctly limits DNB’s application.

With the advances of bio-experimental technology, especially the widespread application of microarray chip technology, a large number of high-throughput biological data has been generated. These data and information contain the internal correlation between genes and life characteristics, providing an opportunity for further research and understanding of the pathogenesis and development of complex diseases (12). To further quantify state transitions in biological systems, the probability distributions have been introduced to study biomolecular observations. From the probability distribution perspective, the similarity and difference of two variables or indicators can be measured through the theory of Jensen-Shannon Divergence (JSD). This feature of JSD is of great significance for the detection of the pre-disease state of complex diseases. Motivated by this point, we develop an approach, the single-sample Jensen-Shannon Divergence (sJSD), which can quantify the information loss when the reference distribution P is used to fit the disturbance distribution Q (Figure 2). The algorithm aims to construct score indexes based on sJSD to detect a pre-disease state. First, the inconsistency index (ICI) based on JSD theory is constructed to calculate the difference in probability distributions between reference samples and case samples in different states. When complex diseases approach a critical state, the score of inconsistency index will convey an early warning signal (Figure 2), that is, the score will show a sudden upward trend at the critical transition to identify the pre-disease state. During this procedure, a group of molecules extracted from a genome-wide scale, which is more sensitive and active than other biomolecules for the arrival of the critical state’s early warning signal, known as sJSD signal biomarkers, can be used for further functional analysis and practical application.




Figure 2 | The outline for detecting early warning signal of pre-disease state based on sJSD. Given reference samples and case samples, the Gaussian distribution was fitted for each gene, and the probability distribution area was converted. The inconsistency index (ICI) which can be used to identify early-warning signals for deterioration of complex diseases are constructed based on the sJSD theory.



This approach has been validated in five real disease datasets, including two genitourinary cancers, i.e., prostate cancer and bladder urothelial carcinoma (BLCA), influenza, Cervical squamous cell carcinoma (CESC) and pancreatic adenocarcinoma (PAAD), in which the prostate cancer dataset (GSE5345) and influenza dataset (GSE30550) are from the NCBI GEO database, BLCA, CESC and PAAD are from the cancer genome atlas (TCGA) database. The critical state or pre-disease state determined by sJSD is consistent with the observation in the real experiment, and the comparison of survival analysis before and after the critical state is significant. Furthermore, the sJSD signal biomarkers have been validated by functional enrichment.



Materials and Methods


Data Progression and Functional Analysis

The sJSD algorithm proposed in this paper has been applied to five datasets, including prostate cancer dataset (GSE5345), influenza virus infection time series data (GSE30550) from the GEO database (http://www.ncbi.nlm.nih.gov/geo) and bladder urothelial carcinoma (BLCA), cervical squamous cell carcinoma and endocervical adenocarcinoma (CESC) and pancreatic adenocarcinoma (PAAD) from the cancer genome atlas (TCGA) database (http://cancergenome.nih.gov).

The gene function annotation of each dataset is obtained through GeneCards (http://www.genecards.org/). The access to Enrichment is through the use of online analysis tools used in the Gene Ontology Consortium (GOC, http://geneontol-ogy.org), DAVID Bioinformatics Resources 6.8 (https://david.ncifcrf.gov/) and Circos (http://www.circos.ca/). PPI networks are drawn with the use of the online service web page STRING (https://string-db.org/) and the client software Cytoscape (https://cytoscape.org/).



Background

DNB is a strongly correlated molecular subnetwork, whose molecules/variables dynamically change or fluctuate without keeping constant values in the pre-disease state (7). DNB has been applied in the analysis of real biological and clinical data in many research areas. However, it usually requires multiple samples, which limits its wide application due to unavailability of multiple samples on an individual for many cases. The single-sample Kullback-Leibler Divergence (sKLD) is proposed to quantify the single case sample disturbance on the background distribution (13) to solve the small sample problem, and the KL-divergence between two distributions can be written as

	

However, KLD has the characteristics of non-negativity and asymmetry. In particular, if two distributions P and Q differ greatly and do not overlap at all, then KLD is meaningless and cannot be used.

This paper proposed the sJSD algorithm based on the Jensen-Shannon Divergence (JSD) theory (14). JSD is usually used to measure the difference of two probability distributions. It also lays a theoretical foundation for feature description (15) and difference measurement (16, 17). JSD is defined as follows

	

Obviously DJS(P││Q)=DJS(Q││P,) and also DJS(P││Q)=0 if and only if P=Q.

Among the applications of JSD, as mentioned in some references and literatures, JSD was used as a measure of the difference between two probability distributions. The probability distributions usually mean the probability density function or the probability distribution function (or the cumulative distribution function). Obviously, the probability density function represents the change rate of the probability for a random variable x, instead of the probability itself. While the probability distribution function represents the cumulative probability. In our paper, we use the probability distribution function, which expresses the integral area of the probability density function in the interval (-∞,xij), where xij is the expression of gene gi in the samples j. It not only makes full use of gene expression data, but also reflects the distribution characteristics of genes.



Algorithm to Identify the Critical State Based on sJSD

The sJSD aims to detect critical state or pre-disease state of a complex disease and identify dynamic network biomarkers (DNBs) highly associated with disease deterioration based on single-sample of an individual. Given some reference samples (samples from a normal cohort that are viewed as background that represents the healthy or relatively healthy individuals), we can identify a critical state of the disease based on an individual’s single-sample data using the following algorithm (Figure 2).

[Step 1] Give reference samples and case samples.

The reference samples may be from healthy individuals, healthy tissues, or samples that have not developed any lesions at the beginning of the diseases. Each case sample refers to the single-sample of an individual during a disease process. In the datasets GSE30550 and GSE5345 taken from the GEO database, the reference samples refer to the samples at the initial time point of the experiment, while each case sample refers to the sample of an individual or subject during the experiment. In the datasets of BLCA, CESC, and PAAD from the TCGA database, reference samples refer to the samples of tumor-adjacent samples (relatively healthy samples), and case samples refer to the samples of tumor tissues at different stages of cancer development.

[Step 2] Fit Gaussian distributions of every gene based on reference samples and case samples of an individual.

Fit two Gaussian distributions of each gene in terms of the expression respectively from the reference samples and case samples, i.e., reference distribution and perturbed distribution.

For gene gi(i=1,...,m), its reference distribution Pi (mean µi and standard deviation σi) is fitted based on the n expressions of gi in the reference samples {S1,...,Sj,...,Sn} and the perturbed distribution Qi (mean  and standard deviation  ) is fitted based on expressions of gi in the case samples  .

[Step 3] Transform gene expressions into probability distribution.

s samples S={S1,S2,...,Ss} were randomly selected from n reference samples. The gene expression data in the reference samples and the gene expression data in the case samples are respectively transformed to cumulative probability Pi(xij) and  .

	

	

Where xij is the gene expression data of gene gi (i=1,...,m) in the reference samples j (j=1,...,s),  is the gene expression data of gene gi at time t (t=1,...,s) of the case samples for an individual.

[Step 4] Construct the inconsistency index based on JSD.

The dynamic differences between reference samples and case samples can be quantified when the reference distribution P is compared with the disturbance distribution Q, so as to reveal the critical state or pre-disease state of disease deterioration. The measurement  calculated for every gene represents the difference of gene expressions between the normal samples and disease samples during disease processes.

	

	

We select the top 5% genes with the highest score at critical state as sJSD signal biomarkers, which are also the components of the DNBs. During the disease process, the sJSD signal biomarkers will move to the disease state first when the system experiences further disturbances of parameters into the disease stage. The comprehensive ICI score of global genes at time t is obtained,

	

which is in the range [0, ln2] for log base e. The higher the value  of is, the greater the difference between the case sample and the reference sample is. Specifically, a abruptly increase of its score can be considered as an early-warning signal of critical transition during the disease progression (Figure 2).




Results

In section 2, we showed the specific algorithm based on sJSD. With a sharp increase in ICI score being treated as a signal of the approaching critical state, we can detect complex disease’s critical state through a single case sample. A single sample with high-throughput data is regarded as the detection target used to identify early warning signals of complex disease’s critical transition. It is of great significance to identify the critical transition through the single sample of an individual since it is difficult to obtain extensive samples from an individual without any symptoms of diseases in the early stage of disease development. To describe how sJSD works, we applied the sJSD method to five real datasets, including influenza dataset (GSE30550), prostate cancer dataset (GSE5345) from GEO database (https://www.ncbi.nlm.nih.gov/geo/) and BLCA PAAD, CESC from the TCGA database (http://cancergenome.nih.gov). The sJSD method’s effectiveness in quantifying the tipping point before the critical transition into severe disease state was successfully verified by identifying pre-disease states of these datasets.


Recognition of Critical State of Prostate Cancer

We apply the sJSD method to the microarray data of the dataset GSE5345. In this experiment, the synthetic androgen R1881 (experimental group) and alcohol (control group) were used to stimulate human prostate cell line LNCap to explore the effect of synthetic androgen R1881 on the gene expression level. In the original experiment, the case samples were derived from human prostate cancer cell lines stimulated by the synthetic androgen R1881 for 48 hours. The control samples were obtained from human prostate cancer cell lines stimulated by synthetic androgen R1881 for 0 hours. In the experiment, there are seven sampling time points (0, 6, 9, 12, 18, 24, 48h), and there are four samples at each time point (except six samples at the 6th hour) (18). The four samples at the first time point 0h are taken as reference samples.

As can be seen in Figure 3A, the red curve is characterized by a sudden rise and reaches the peak at the 6th hour, indicating that the warning signal of pre-disease state is detected around the 6th hour of prostate cancer. After the 6th hour, the disease begins to deteriorate. For example, cancer may lead to bone metastasis at first, followed by lymphatic metastasis and even visceral metastasis with the deepening of lesions (19). Figure 3B and Figure 3C respectively show the landscapes of global ICI score and sJSD signal biomarkers, there are sudden rises of ICI scores at the 6th hour. We can see that the sJSD signal biomarkers can obtain the same results as an individual’s whole gene sequence when detecting the critical state. Furthermore, the landscape of sJSD signal biomarkers is more intuitive and sensitive for the signals of critical transitions. The result can provide a reference for medical diagnosis and effectively reduce gene sequencing cost in clinical practice. Figure 4 shows the dynamic evolution of the Protein-Protein Interaction (PPI) network of sJSD signal biomarkers. In the 6th hour, the network structure changed significantly, which confirmed the critical transition from the molecular network level.




Figure 3 | Application of sJSD method in prostate cancer. (A) The curve of average ICI score for prostate cancer. The average ICI score peaks at the 6th hour. It can be viewed as an early-warning signal of critical transition for prostate cancer. (B) The landscape of the global ICI score. The dynamical change of global ICI scores proves the arrival of the critical transition from a single gene’s perspective. (C) The landscape of ICI scores of sJSD signal biomarkers. The ICI scores of sJSD signal biomarkers increase significantly at the 6th hour with a more intuitive landscape.






Figure 4 | The dynamic evolution of sJSD signal biomarkers. The PPI network shows the dynamic structural changes of sJSD signal biomarkers, in which red circles represent sJSD signal biomarker genes and green circles represent non-sJSD signal biomarker genes. It can be seen that at the 6th hour, the sJSD signal biomarkers become more active, and the network structure undergoes significant changes.



Next, we performed a functional analysis of sJSD signal biomarkers. By counting the six samples’ sJSD signal biomarkers at the critical state, we obtained the high-frequency JSD genes (Supplementary Table S1). The relationship between the high-frequency genes and the pathogenesis of prostate cancer or cancer are exhibited in Table 1. For instance, in the current sample, the genes GNAS, GNAQ, and GNA11 were widely altered across cancer types, and these alterations often were accompanied by specific genomic abnormalities in AURKA, CBL, and LYN (20). HDAC4 is recruited to the nuclei of HR cancer cells, where it may exert an inhibitory effect on differentiation and contribute to the development of the aggressive phenotype of late stage CaP (21). Filamin-B (FLNB) was identified as biomarkers in a strategy for prostate cancer (PrCa) biomarker discovery (22). Reduced expression of HSP90B1 was associated with apoptosis induction by androgen receptor and prostate specific antigen (23). Smad2 was found play a critical role in the basal epithelial or stem cell compartment of the prostate as a tumor suppressor (24). High NR2C2 expression was associated with nonfunctioning pituitary adenoma invasion, recurrence, and progression (25). The GSPT1/GSK pathway exerts tumor-promoting actions in colon cancer oncogenesis and progression. The GSPT1/GSK pathway may thus be an effective target for controlling colon cancer (26). Recently, LPP has emerged as a critical inducer of tumor cell migration, invasion and metastasis (27). The NRIF3/DIF-1/FASTKD2 pathway acts as a “death switch” in breast and prostate cancer cells, how FASTKD2 initiates the apoptotic response will allow for the development of therapeutic agents for the treatment of androgen-independent prostate cancer (28).


Table 1 | The high frequency genes in 6 “sJSD signal biomarkers” groups at the critical stage (6th hour) for prostate cancer.



The GO analysis’ functional enrichment shows that the high-frequency JSD signaling genes are involved in biological processes (Table 2), including nuclear-transcribed mRNA catabolic process (GO:0000184), positive regulation of transcription (GO:0045893), DNA biosynthetic process (GO:0071897) and cell-cell adhesion (GO:0098609), etc. These biological processes are closely related to the progression of prostate cancer. The enrichment analysis of KEGG signaling pathways shows that the high-frequency genes are mainly involved in signaling pathways (Table 2) such as the GTPase activator activity, GnRH signaling pathway, pathways in cancer and inflammatory mediator regulation of TRP channels, etc. Figure 5B shows the significance level of each high-frequency gene in the sJSD signal biomarker groups which is enriched to the biological process.


Table 2 | The functional enrichment of high-frequency “sJSD signal biomarkers” at the critical stage samples for prostate cancer.






Figure 5 | The sJSD signal biomarkers are involved in important biological processes in five datasets. (A) The GO and KEGG enrichment pathway of influenza. (B) The GO and KEGG enrichment pathway of prostate cancer. (C) The GO and KEGG enrichment pathway of BLCA. (D) The GO and KEGG enrichment pathway of CESC. (E) The GO and KEGG enrichment pathway of PAAD. The left side of the outer ring represents sJSD signal biomarkers detected by our algorithm and the right side of the outer ring represent detailed biological processes in which these genes are involved. In the inner ring, the Color and width of links respectively indicate diverse enrichment pathway and significant levels of genes function.





The Critical State of Individual Influenza Infection

We applied the sJSD method to individual time-series datasets GSE30550 (29), which contains the samples of 17 volunteers. They were infected with H3N2/Wisconsin virus in their nasal cavity, nine of them (subject 1, 5, 6, 7, 8, 10, 12, 13, and 15) subsequently developed severe infection symptoms, while the other eight subjects remained healthy. In the subsequent analyzes, samples from volunteers with severe flu-like symptoms were treated as case samples, and those who remained healthy were treated as reference samples. The volunteers’ peripheral blood was collected about every eight hours, for 108 hours from the infection time, to measure gene expression profiles. The samples of 8th volunteer at the 21th hour, the 13th volunteer at the 24th and 36th hour, and the 17th volunteer at the 36th hour have been lost. The other volunteers have 16 sampling time points (-24, 0, 5, 12, 21, 29, 36, 45, 53, 60, 69, 77, 84, 93, 101, 108 h), a total of 268 pairs of gene expression data. Each individual has only one sample data at each time point. For each volunteer, the gene expression profile at the previous two points (-24, 0h) is viewed as reference samples.

By applying the algorithm proposed in section 2, we obtained the ICI score of each gene for each sample at different time points, in which the ICI scores of symptomatic subjects showed significant changes, while those of asymptomatic subjects did not (Figures 6A, B). The ICI scores of nine subjects with flu symptoms are shown in Figure 6C. The dramatic increase of ICI Score successfully provided an early warning signal of the upcoming disease state. Specifically, in subjects 13 and 15, two warning signals have been detected before the onset of flu symptoms. All the influenza warning signals in nine symptomatic individuals were successfully detected for the upcoming onset of symptoms, and no wrong warning signals were detected in eight asymptomatic individuals. Hence, the sJSD algorithm can effectively identify the critical state and accurately detect the early warning signal for every individual with influenza virus infection. The average ICI Score of all genes is defined as the global ICI Score. A sudden increase of global ICI score at the genome-wide scale indicates an early warning signal of the individual’s critical transition. To study the critical biomarkers of complex diseases, we mapped the landscape based on the average ICI score of the top 5% genes with the highest ICI score. The results showed that these biomarker genes’ landscapes were more intuitive and significant than that of the global genes in detecting complex diseases’ critical state. Therefore, we selected the top 5% genes of ICI score at the critical stage as JSD signaling biomarkers (Supplementary Table S0).




Figure 6 | Identification of critical state of influenza based on sJSD. (A) The ICI score curve for 17 subjects. The red curve represents the average ICI scores for 9 symptomatic subjects. The blue curve represents the average ICI score for eight asymptomatic subjects. (B) Summarized predicted results. For each symptomatic individual, the ICI scores successfully indicate the impending flu symptoms. While for asymptomatic individuals, there were no wrong warning signals. (C) The curve of average ICI scores for nine symptomatic individuals. The green squares represent the initial time when flu symptoms appear (clinically observed), and the orange squares represent the critical state identified by the ICI score.



The sJSD signal biomarkers vary among individuals even in the case of the same disease, the high-frequency genes in 9 sJSD signal biomarker groups are shown in Supplementary Table S0. We carried out the functional enrichment of 365 high-frequency genes in the 9 JSD signal biomarker groups. Through Gene Ontology (GO) analysis, 153 GO sets are significantly up-regulated, linked with the influenza virus’ infection process (Figure 5A). Among them, 23 cell components are significantly up-regulated, including nucleoplasm (GO:0005654), cytosol (GO:0005829) and nucleus (GO:0005634), etc. 82 biological processes are significantly up-regulated, including positive regulation of transcription (GO:0045893), viral process (GO:0016032), phosphatidylinositol-mediated signaling (GO:0048015), and Wnt signaling pathway (GO:0016055), etc. There are 48 significantly up-regulated molecular functions, including protein binding (GO:0005515) and transcription coactivator activity (GO:0003713), etc. The Kyoto Encyclopedia of Genes and Genomes (KEGG) signaling pathways mainly include epstein-Barr virus infection, herpes simplex infection, bacterial invasion of epithelial cells and pathogenic Escherichia coli infection, etc. These significant gene sets and pathways can be used as candidate pathways related to influenza virus infection, and researchers can detect SNP typing on these gene sets to guide the early diagnosis, prevention, and personalized treatment of influenza.



Critical Transition of the Tumor Datasets

To demonstrate the applicability of the sJSD approach, we applied it to three tumor datasets to detect critical states of different diseases, including bladder urothelial carcinoma (BLCA), cervical squamous cell carcinoma and endocervical adenocarcinoma (CESC), and pancreatic adenocarcinoma (PAAD) from the cancer genome atlas (TCGA). Each disease dataset includes tumor and tumor-adjacent samples. The tumor samples can be divided into different states according to the samples’ clinical information. The tumor samples of BLCA are divided into four states, tumor samples of CESC are divided into six states, and tumor samples of PAAD are divided into five states. In the three datasets, tumor-adjacent samples are considered reference samples or reference data. The ICI was applied to calculate for each tumor sample based on the proposed algorithm sJSD, every stage’s average ICI score was used to characterize the possible critical state.

Through the sJSD algorithm, we successfully detected the critical state and obtained the sJSD signal biomarkers (Supplementary Table S2). Besides, we got the ICI scores of genes in the tumor samples at different stages. Firstly, the ICI scores of genes at different tumor stages are calculated to screen sJSD signal biomarkers, obtaining the high-frequency genes (Supplementary Table S1) that appeared in multiple sJSD signal biomarker groups. Secondly, the average ICI scores of sJSD signal biomarkers at different stages can be used to detect the early warning signals of the critical transition of complex diseases. Finally, a PPI network was drawn to illustrate the dynamic structural changes of sJSD signal biomarkers from the molecular network level.

As shown in Figures 7A–I, significant changes in ICI scores indicated the critical state of three cancers prior to tumor metastasis. The dynamic changes of average ICI score for all the three cancers are shown in Figures 7A–C, the landscapes of global ICI score for three cancers are presented in Figures 7D–F, and the landscapes of ICI score of sJSD signal biomarkers are exhibited in Figures 7G–I. To validate the identified critical state. The Kaplan-Meier (log-rank) prognosis analysis was performed based on the samples before and after the critical state’s onset (Figures 7J–L). Normally, after diagnosis, there is a higher survival expectation before identifying the critical state, but there is a lower survival expectation after identifying the critical state. However, there was no significant difference in prognostic analysis before and after the remaining states (Supplementary Materials A).




Figure 7 | The application of sJSD in three cancers. Identification of critical transitions in cancer progression: (A) BLCA, (B) CESC, (C) PAAD. The landscapes of global ICI scores for three cancers: (D) BLCA, (E) CESC, (F) PAAD. The landscapes of ICI scores of sJSD signal biomarkers for three cancers: (G) BLCA, (H) CESC, (I) PAAD. Comparison of survival curves for three cancers before and after the critical state: (J) BLCA, (K) CESC, (L) PAAD.




The Critical State of BLCA

Bladder cancer is one of the common diseases of the urinary system (30), and bladder urothelial carcinoma is the most common type of bladder cancer. Its main treatment is surgical resection. However, the disease is easy to recur after surgery, so the prognosis is generally poor. Specifically, the lack of effective biomarkers makes it difficult to illuminate the pathogenesis of BLCA (31). Therefore, detecting the early warning signals of the onset for BLCA and identifying critical biomarker genes have great significance for disease prevention.

For BLCA, 405 tumor samples and 19 tumor-adjacent samples were obtained from TCGA. Based on the clinical information of each sample, cancer samples were divided into four stages, namely Stage I (2 samples), Stage II (130 samples), Stage III (139 samples), and Stage IV (134 samples) of BLCA. As shown in Figure 7A, the sudden rise of ICI scores indicates the impending critical transition after the critical state (Stage II). Upper urinary tract hydrops or related symptoms caused by tumor compression and invasion are common to appear at stage III, after which distant metastasis of cancer occurs and most patients have a pelvic recurrence (32). The landscape in Figure 7D shows the dynamic change of the global ICI score for BLCA. It can be seen that there is a significant increase at stage II. Besides, the landscape of ICI scores of sJSD signal biomarkers is shown in Figure 7G, which is particularly sensitive to the arrival of critical transition signals. Figure 8 shows the dynamic evolution of the sJSD signal biomarkers’ network structure, in which there are 500 nodes and 1,199 edges. This group of molecules is extremely active and highly correlated at Stage II and can be regarded as signal biomarkers to detect the critical state before disease deterioration. This critical state has been validated by survival analysis. Figure 7J shows that the survival time of samples from Stages I-II is longer than that of samples from Stages III-IV, represented with a significant value P = 0.001 for both types of samples. It indicates that the detection of the critical state is significant for patients’ survival and can be applied in clinical practice to provide a reference for disease diagnosis. To verify other critical states’ existence affecting survival time, a series of prognostic analyzes were performed for other stages, such as Stage I and stage II-IV, stage I-III and Stage IV (Supplementary Materials A1). The results showed no significant change in the survival time of the samples before or after other states. In other words, there is no other critical stage prior to the critical transition (Stages I) or after the critical transition (Stages III-IV). The sJSD method successfully detected critical transitions related to disease progression and survival time in BLCA.




Figure 8 | The dynamic evolution of sJSD signal biomarkers for BLCA. There is a significant change in the internal structure of the sJSD signal biomarkers at stage II, in which red circles represent sJSD signal biomarker genes and blue circles represent non-sJSD signal biomarker genes.



The high-frequency genes in the sJSD signal biomarker groups of BLCA have been found to be related to the pathogenesis of BLCA in some literatures (Table 3). The decreased expression of RELN was associated with increased migratory ability, reduced survival, and poor prognosis (33). LRRC2 was found to be localized to the mitochondria in human cells and transcriptionally regulated by the mitochondrial master regulator Pgc-1α (34). HAND2-AS1 declined in bladder cancer and correlated negatively with invasion and grades (35). FXYD6 may be a new biomarker for cancer and may be associated with a favorable prognosis in this malignant disease (36). Ectopic expression of RBMS3 markedly suppressed cell proliferation and clonogenicity and promoted apoptosis in vitro (37). WISP2 overexpression inhibited cell growth and induced cell apoptosis, suppressed cell migration, and invasion in cells (38). HLF is a novel oncofetal protein that is reactivated in HCC by SOX2 and OCT4 (39). The results of GO analysis showed that the high-frequency genes at the critical state are involved in the following biological processes (Supplementary Materials B1), such as adenylate cyclase-modulating G-protein coupled receptor signaling pathway (GO:0007188), the apoptotic process involved in heart morphogenesis (GO:0003278), and collagen fibril organization (GO:0030199). The enrichment analysis of KEGG signal pathways (Supplementary Materials B1) shows that the high-frequency genes are involved in Adrenergic signaling in cardiomyocytes, Estrogen signaling pathway and cAMP signaling pathway, etc. These biological processes and signaling pathways are closely related to the deterioration of BLCA. The significance level of each high-frequency genes that enriched to the biological process is shown in Figure 5C.


Table 3 | The high frequency genes in 130 “sJSD signal biomarkers” groups at the critical stage (stage II) for BLCA.





The Critical State of CESC

CESC is the second most common malignant tumor, thus being a serious threat to women’s health and life (40). The main pathological types of cervical cancer include cervical squamous cell carcinoma and cervical adenocarcinoma. Due to the lack of reliable diagnostic and prognostic biomarkers, the prognosis of patients with CESC is unsatisfactory (41). Therefore, early diagnosis and identification of critical biomarkers are crucial to improving patients’ survival rate with CESC.

For CESC, 299 tumor samples and three tumor-adjacent samples were obtained from TCGA. According to the samples’ clinical information, tumor-adjacent samples were divided into six stages (IA, IB, IIA, IIB, III, IV). As shown in Figure 7B, ICI scores suddenly rise at Stage IIB, indicating a critical transition at Stage IIB. After this transition, the tumor begins to infiltrate deep into the cervical tissue, invading the surrounding blood vessels and lymphatic vessels, and worsening the prognosis (42). Figure 7E shows the landscapes of the global ICI score of genes, Figure 7H shows the landscape of ICI scores of sJSD signal biomarkers. Similarly, both of the ICI scores peaked at stage IIB, which demonstrates the emergence of critical transition from the molecular level. Compared with the landscape of global ICI score, the landscape of ICI scores of sJSD signal biomarkers is more intuitive, which indicates that sJSD signal biomarkers are highly sensitive to the warning signal of the tipping point. Figure 9 exhibits the PPI network of sJSD signal biomarkers, in which the network structure presents significant changes at Stage IIB. To further verify the critical state, the prognostic analysis was performed on the samples before and after Stage IIB (Figure 7K). The samples at Stage IA-IIB have a longer survival time and a higher survival probability than the samples at Stage III-IV (significant value P = 0.001). If the early warning signal of critical transition can be diagnosed at the critical state opportunely, people will have a better prognosis. The comparison of prognostic analysis before and after other stages are presented in Supplementary Materials A2.




Figure 9 | The dynamic evolution of sJSD signal biomarkers for CESC. It can be seen that there is a significant change in the internal structure of sJSD signal biomarkers at stage IIB.



Through the sJSD algorithm, we successfully detected the early warning signals of critical transition for CESC and identified the sJSD signal biomarkers (Supplementary Table S2) indicating critical state’s arrival. The high-frequency genes in sJSD signal biomarker groups of CESC have been related to CESC’s pathogenesis in some literatures (Supplementary Materials B2). Zim2 is found to be a new mutant gene signaling cancer (42). The cytodomain of PCDH11X has been shown to interact with β‐catenin, inducing the Wnt signaling pathway in cultured cancer cells (43). AGBL4 is identified as a specific gene for cancer (44). DACH2 is an independent prognostic biomarker that can be used at the initial diagnosis of cancer (UCB) to identify patients with a high potential to develop metastasis (45). EphA5 is abnormally expressed in numerous malignant tumors and may be involved in cancer’s radiosensitivity (46). MiRNAs could inhibit LINC01016 transcription, forming two reciprocal repression cycles, which influence cancer cells’ biological behavior (47). PGM5-AS1 is downregulated in human colorectal cancer tissues and cells (48). Besides, The GO analysis shows that high-frequency genes (Supplementary Table S1) of CESC are involved in the following biological processes (Figure 5D), axon Guidance (GO:0007411), enzyme Binding (GO:0019899), focal adhesion (GO:0005925), etc. The enrichment analysis of KEGG signaling pathways (Figure 5D) shows the high-frequency genes are primarily involved in Dilated cardiomyopathy (DCM), Hypertrophic cardiomyopathy (HCM), and cGmp-Pkg signaling pathway, etc. These biological processes and signaling pathways are closely related to the deterioration of CESC.



The Critical State of PAAD

PAAD is a highly invasive malignant tumor of the digestive system, and its occurrence and mortality continue to increase (49). The early clinical manifestations of PAAD are not obvious, while the tumor develops rapidly and the degree of malignancy is extremely high. The cancer is already in the locally advanced stage or occurs distant metastasis when people show specific symptoms (50). Therefore, it is of great significance to explore the critical transition and critical biomarkers before the deterioration of PAAD for early diagnosis and survival rate improvement.

For PAAD, there were 175 tumor samples and four tumor-adjacent samples from TCGA. According to the samples’ clinical information, the tumor-adjacent samples were divided into six stages, i.e., Stage IA, Stage IB, Stage IIA, Stage IIB, Stage III, and Stage IV. In Figure 7C, the average ICI scores peak at Stage IB suggesting that there is a critical transition after Stage IB for PAAD. Patients in Stage IIA-III are prone to having symptoms, such as abdominal or lower back pain, tumor with surrounding tissue invasion, even the nerve tissue may be infiltrated by the pancreatic tumor (Stage IV) (51). Figure 7F shows the landscape of global ICI scores of PAAD, the ICI scores of some genes increase significantly at Stage IB, which indicates the emergence of the critical transitions of PAAD. It can be seen from Figure 7I that there is a more significant rise in the landscape of ICI scores of sJSD signal biomarkers at Stage IB. Therefore, the sJSD algorithm can detect the critical state of complex diseases and identify the sJSD signal biomarkers that indicate the critical state. The dynamic evolution of network structure in sJSD signal biomarkers is shown in Figure 10, the network structure changed significantly at Stage IB. See the Supplementary Table S2 for details of sJSD signal biomarkers. As shown in Figure 7L, there is a significant difference between the survival times of Stage IA-IB (red curve) and the stage II-IV (blue curve). Before the tipping point, patients’ survival time is significantly longer than the patients after the tipping point. In addition, there are no significant differences in the survival time of samples before and after other stages (Supplementary Materials A3). The result indicates that the sJSD successfully detected the early warning signals of critical transitions of survival time and distant metastasis at Stage IB.




Figure 10 | The dynamic evolution of the sJSD signal biomarkers for PAAD. It can be seen there is a significant change in the internal structure of sJSD signal biomarkers at stage IB.



The high-frequency genes in the sJSD signal biomarker groups of PAAD are closely related to pathogenesis Supplementary Materials B3). For instance, compared to the second sample, HNRNPCL1 in the first sample indicates an increased probability of suffering from pancreatic cancer (52). LINC00682 methylation is associated with recurrence and decreased overall survival in HCC patients (53). LINC01180 has a role in physiological and pathological processes, including cancer (54). MORC is expressed in 36% of ten CT genes (The Cancer-testis (CT) antigens are expressed in many malignant tumors) (55). MiR-656 influences the proliferation and migration of cancer-related cells (56). LINC00906 is involved in cellular differentiation and proliferation as post-transcriptional regulators of splicing or as molecular decoys for miRNA (57). RGPD6, a transcription factor, is the most mutated gene in tumors (58). MiR-1250 is located in 17 q25.3, whose genetic phenotype is often closely related to malignant biological behavior such as vascular invasion and distant metastasis of tumors (59). Besides, the GO analysis shows that high-frequency genes (Supplementary Table S1) of CESC are involved in the following biological processes (Figure 5E), such as immune system process (GO:0002376), regulation of immune system process (GO:0002682), cell surface receptor signaling pathway (GO:0007166). KEGG path analysis shows that sJSD signal biomarkers are found to be involved in some signal pathways (Figure 5E), including Allograft Rejection signaling pathway, Cytokine receptor interaction signaling pathway, graft-verse-host disease signaling pathway, and others. These biological processes and signaling pathways are closely related to the deterioration of PAAD.




Revealing Non-Differential ‘Dark Genes’ by sJSD Method

In clinical practice and scientific research, differentially expressed genes draw much attention in early diagnosis of disease, screening drug targets, treating diseases, and developing new drugs. However, some non-differential genes in the coding region of DNA are called “Dark Matter” (60). Based on sJSD methods, we found some “dark genes” without differential expressions which are especially sensitive to ICI score. Traditional analyses usually ignore it. The ‘dark genes’ and differentially expressed genes of three tumor datasets are respectively shown in Supplementary Table S4 and Supplementary Table S3.

To further explore “dark genes”, we focused on their role in cancer prognosis of BLCA, CESC, and PAAD. Firstly, we selected sJSD signal biomarkers (top 5%) genes with the highest ICI score that are not differentially expressed. Secondly, we analyzed the prognosis of these “dark genes” respectively based on gene expression and ICI score by dividing the samples into two groups based on the median of genes expression or ICI score, in which Group 1 is a group with higher value and Group 2 is a group with a lower value. Thirdly, based on the result of prognosis, the “dark genes” could be categorized into two types of molecules as a mutual biomarker for all samples. Those genes with high scores that cause poor prognosis were termed “negative dark genes”, and those genes with high scores that cause good prognosis termed “positive dark genes”. If “negative dark genes” appeared in the sJSD signal biomarkers of a sample, the sample’s prognosis would be more negative than that of other samples. Similarly, if “positive dark genes” appeared in the sJSD signal biomarkers of a sample, the sample’s prognosis would be more positive than others.

For BLCA, further analysis showed that “dark genes” were all strongly related to patients’ survival based on ICI score but not expression levels. Supplementary Material C1 shows the survival analysis of CASD1, FAM86B1, KRBA2, and the other four genes results with P-values < 0.05 based on some non-differential genes in sJSD signal biomarker groups of BLCA. A higher level of ICI score in CASD1, FAM86B1, KRBA2, and 43892 is significantly related to a good prognosis, i.e., positive “dark genes”. While a higher level of ICI score in C15orf52, KRBA1, and UBBE2D4 is significantly related to poor prognosis, i.e., negative “dark genes” (Table 4). This confirmed the effectiveness of the development of BLCA for the ‘dark gene’ in the sJSD signaling biomarker groups.


Table 4 | ‘Dark genes’ representing positive and negative biomarkers for BLCA, CESC and PAAD disease states.



For CESC, Supplementary Material C2 shows the survival analysis of MAGEL2, ZNF487, EEF1A1P9, and the other four genes results with P-values < 0.05 based on some non-differential genes in sJSD signal biomarker groups of CESC. A higher level of ICI score in “positive dark genes”, i.e., ZNF487, EEF1A1P9, C1QTNF9, FAM66D, and MFRP, is significantly related to a good prognosis. While a higher level of ICI score in ‘negative dark genes’, i.e., MAGEL2 and ANKHD1-EIF4EBP3, is significantly related to poor prognosis (Table 4). This validated the effectiveness of the development of CESC for the ‘dark gene’.

For PAAD, Figure 11 shows the survival analysis of VIM-AS1, FLJ38122, PAICSP1, and other five genes results with P-values < 0.05. Based on some non-differential genes in sJSD signal biomarker groups of PAAD. A higher ICI score in “positive dark genes”, i.e., VIM-AS1, FLJ38122, PAICSP1, HLA-DQB1-AS1, RNU6ATAC16P, RNU6-658P, LINC00619, and AL590762.11, is significantly related to a good prognosis (Table 4). This validated the effectiveness of the ‘dark gene’ for the development of PAAD. Therefore, The ICI of some critical genes could be an effective indicator of genetic importance and supplement for patients’ prognosis.




Figure 11 | The prognosis analysis based on ‘dark genes’ of PAAD. The prognosis of these “dark genes” respectively based on gene expression and ICI score by dividing the samples into two groups based on the median of genes expression or ICI score, in which Group 1 is a group with higher values and Group 2 is a group with lower values. Eight genes VIM-AS1, FLJ38122, PAICSP1, HLA-DQB1-AS1, RNU6ATAC16P, RNU6-658P, LINC00619, and AL590762.11, none of which is differentially expressed in stage IB (the critical stage before distant metastasis), perform well in CESC prognosis. All of these genes are ‘positive dark genes’.






Discussion

Exploring the warning signals of sudden deterioration is essential for identifying the most complex diseases. The lack of samples makes it difficult to detect the critical state prior to the appearance of obvious symptoms. Identifying the early warning signal of critical state for complex diseases based on an individual’s single-sample data is a crucial problem in current research. In the study, we proposed a sJSD method based on a single sample to quantify the information loss when the reference distribution is used to fit the disturbance distribution. This method converts the molecular expression data into a cumulative area of the molecules’ probability distribution. Based on the sJSD algorithm, the ICI is constructed to quantify the differences between reference distribution and disturbed distribution so as to detect complex diseases’ critical state and reveal “dark genes” in the leading network during disease progression.

In this study, JSD is used to detect the critical state by quantifying the difference between reference samples and case samples during disease progression. The case samples are from samples of an individual at multiple time points or stages. Before the sJSD value reaches the peak, it has experienced a period of continuous increase, which corresponds to the process from normal state to critical state of complex disease. The peak in the temporal signals reflects not only the change of the score at one time point or stage, but also the cumulative effect of its phased increase. It is consistent with the progression of the disease. Therefore, the peak in the temporal signals is of great significance in detecting the critical state after a period of potential deterioration. There may be multi-stage deteriorations or multiple tipping points during a cascade deterioration process, which can be also detected by our method. However, we mainly focus on the earliest tipping points in actual clinical applications.

The sJSD method has been applied to five real datasets. In the influenza infection dataset GSE30550, the method successfully identified warning signals of critical transition in nine symptomatic individuals. The calculated results are consistent with the experimental results, which indicate that the sJSD algorithm can effectively identify the samples’ critical state and accurately detect the early warning signals of an individual infected by the influenza virus. Especially, the obvious change of ICI score indicates the critical state (6th hour) of prostate cancer before distant metastasis in the prostate cell line, the critical state (Stage II) of BLCA before symptoms of hydronephrosis or tumor compression, the critical state (Stage IIB) of CESC before cancer begins to infiltrate the cervical tissue, the critical state (Stage IB) of PAAD before lymph node metastasis. The critical states of cancers were verified by prognostic analysis. If patients are diagnosed before the pre-disease state and get appropriate treatment, they will have a better prognostic effect. Furthermore, prognostic analysis of other stages proves no other critical state, indicating that the detected critical stage is precise and closely related to prognosis. The sJSD signal biomarkers and the high-frequency genes in the sJSD signal biomarker group are closely related to disease development’s biological processes and signal pathways.

The sJSD method has four advantages. Firstly, this method mainly studies the dynamic changes of biomolecules structure based on the distribution difference of biomolecules from the network level. Compared with the direct use of molecule expressions, it can effectively remove or reduce errors caused by inaccurate measurement and individual differences of patients. Secondly, the method can detect critical transitions based on individual’s single-sample data, which can be applied to individualized medical diagnosis and individual specificity analysis in the future. Thirdly, the method can help to reveal some “dark genes” that without differential expressions but are sensitive to ICI score, especially, the prognosis based on the ICI score performs better than expressions of these genes. Finally, this method is model-free and does not require large quantities of data for model training and feature screening. Only a index need to be constructed based on JSD theory, i.e., the ICI. It is, therefore, of great potential in personalized pre-disease diagnosis.



Conclusion

We propose a sJSD method based on single-sample information that can detect early warning signals of pre-disease state before disease deterioration. The method is model-free and has high sensitivity, which can be applied to individuals’ specific diagnosis and the research of some targeted drugs. Besides, identifying sJSD signal biomarkers is also of great significance for exploring disease progression’s potential molecular mechanism, discovering new network biomarkers and ‘positive or negative dark genes’.
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Immune-related genes are important factors in tumor progression. The main aim of this study was to identify the immune-related genes in kidney papillary cell carcinoma (pRCC) patients. We downloaded RNAseq data and clinical information of pRCC patients from the TCGA database and retrieved the immune-related genes list from Immport. From the data, we mined out 2,468 differential expression genes (DEGs) and 183 immune-related DEGs. Four hub DEGs (NTS, BIRC5, ELN, and CHGA) were identified after conducting Cox analysis and LASSO analysis. Moreover, the prognostic value of the signature based on four hub DEGs was verified using Kaplan–Meier analysis (P = 0.0041 in the training set and p = 0.021 in the test set) and ROC analysis (AUC: 0.957 in 1 year, 0.965 in 2 years, and 0.901 in 3 years in the training set, and 0.963 in 1 year, 0.898 in 2 years, and 0.742 in 3 years in the test set). Furthermore, we found that the high-risk score group had a higher percentage of B cells in the immune component, a higher expression of immune-related genes (CTLA4, LAG3, PDCD1LG2, and TIGIT), and a better immunotherapy response.
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Introduction

Kidney papillary cell carcinoma (pRCC) is the second most common type of renal cancer after renal clear cell carcinoma (1). It is worth noting that the first choice treatment method for pRCC patients is maximum resection of the tumor. However patients, who had done the resection of the tumor, face the challenge of disease progression (2). Therefore, immunotherapy has become the latest choice for advanced metastatic pRCC patients (3). Nivolumab, a programmed death 1 (PD-1) immune checkpoint inhibitor monoclonal antibody, was approved as monotherapy in 2015 for metastatic RCC patients after treatment with a VEGF-targeting agent. In April 2018, the combination of nivolumab and ipilimumab, a CTLA-4 inhibitor, was approved for intermediate- and poor-risk, previously untreated patients with metastatic RCC. Then, in 2019, combination therapies consisting of pembrolizumab (anti-PD-1) or avelumab [anti-PD-ligand (L) 1] with axitinib (a VEGF receptor tyrosine kinase inhibitor) were also approved to treat metastatic RCC and were likely to produce dramatic shifts in the therapeutic landscape (4, 5). According to EAU guidelines (6), immunotherapy was a second-line therapy option for advanced metastatic pRCC patients by the end of 2020.

The prognostic value of immune-related genes has become a subject of persistent focus in cancer research. Some special immune-related genes or the signature has a significant survival prognostic value for tumor patients (7, 8). However, the studies which focused on the relationship with immune related genes and pRCC were few. The main aim of this study was to identify the immune-related genes in pRCC patients.



Methods and Results


Identification of Immune-Related Genes Using Differential Expression Data

We downloaded the gene expression RNAseq data and clinical phenotype of TCGA kidney papillary cell carcinoma (KIRP) from the UCSC Xena database (https://xenabrowser.net/datapages/). The data was then pre-processed with the cancer tissue using the following steps: 1. Exclusion of the samples without clinical data; 2. Exclusion of genes with FPKM <1 from all samples. We used the R package “limma” (condition: adjusted P Value <0.01, and |logFC|>2) to find the differentially expressed genes. Furthermore, we downloaded the list of the immune-related genes from the ImmPort Portal database (https://www.immport.org/home/) which contained 2,483 immune-related genes (9).

In total, we obtained 321 sample data which contained 289 cases of kidney papillary cell carcinoma (pRCC) and 32 normal samples from the TCGA KIPR data. After the data was pre-processed, all the 289 pRCC and 32 normal samples were enrolled. Among them, 2,468 differentially expressed genes (DEGs): 638 up-regulated genes and 1,830 downregulated genes (Figures 1A, B) were identified using R package “limma” (10). Intersection of the immune-related genes and 2,483 DEGs resulted in the identification of 183 immune-related DEGs.




Figure 1 | Differential expression genes in TCGA KIRC data and enrichment analysis. (A) Volcano plot in the differential expression genes (DEGs) in TCGA KIRC data; (B) the heatmap of top 50 DEGs; (C) the biological process in GO term; (D) the cellular component in GO term; (E) the molecular function in GO term; (F) the pathway analysis in KEGG function.





Functional and Pathway Enrichment Analysis of Immune-Related DEGs

We used an online analysis tool created by David (https://david.ncifcrf.gov/) to perform gene ontology (GO) analysis and Kyoto Encyclopedia of Genes and Genomes (KEGG) analysis for all the 183 immune-related DEGs (11).

GO analysis classified the DEGs into three groups: molecular function group, biological process group, and cellular component group. The biological results revealed that DEGs were primarily enriched in inflammatory response, positive regulation of ERP1 and ERK2 cascade, and immune response (Figure 1C). The cellular component results indicated that DEGs were mainly enriched in extracellular space, an integral component of the plasma membrane (Figure 1D). The molecular function results showed that DEGs were mainly enriched in semaphorin receptor binding, chemokine activity, and cytokine activity (Figure 1E). Moreover, KEGG analysis indicated that the DEGs’ pathways were mainly enriched in neuroactive ligand–receptor interaction and cytokine–cytokine receptor interaction (Figure 1F).



Training and Test Sets

We divided 289 samples into a training set (n = 203) and a test set (n = 86). The two sets satisfied the following criteria: 1. Samples were randomly divided into two sets; 2. Age, clinical stage, and follow-up time between the two sets were similar. The clinical information obtained from the two sets is shown in Table 1.


Table 1 | The clinical information of the training set and the test set.





Identification of Survival Genes From the Immune-Related DEGs in the Training Set

Firstly, we used univariate Cox proportional hazard regression to analyze the RNAseq expression and survival date of all the 183 DEGs in the training set. Secondly, LASSO Cox regression analysis was used to analyze the valuable DEGs. Finally, multivariate Cox regression analysis was performed to identify survival DEGs. R package “survival” and “glmnt’ were used for the above calculation, and p <0.05 was considered to be statistically significant.

Univariate Cox regression analysis results identified 39 DEGs (Table 2), of which five were left after conducting LASSO Cox regression analysis for a thousand times (Figures 2A, B). Finally, four DEGs (NTS, BIRC5, ELN, and CHGA) were selected as the survival genes after conducting multivariate Cox regression analysis (Table 3). The survival state, risk score, and heatmap of four hub genes in the training set were shown (Figures 2C–E).


Table 2 | Top 10 genes in univariate Cox analysis.






Figure 2 | Construction of the hub DEGs and risk score prognostic value. (A, B) The determination of the number of factors by the LASSO analysis; (C) the distribution of risk score patients; (D) the survival state of patients; (E) a heatmap of hub DEGs in the training set.




Table 3 | The four hub genes in multivariate Cox analysis.





Analysis of Hub DEGs

Three hub genes (NTS, ELN, and CHGA) had lower mRNA expression, and one hub gene (BIRC5) had higher mRNA expression in primary cancer tissue compared to the normal kidney tissue (Figure 3A). In addition, Kaplan–Meier analysis results indicated that three genes (BIRC5, ELN, and CHGA) were survival-related (Figures 3B–E). We used the STRING online tool (https://string-db.org/) (12) to determine the protein–protein interactive relationship of the four hub genes (Figure 3F). The DNA methylation analysis function of UALCAN (http://ualcan.path.uab.edu/) (13) revealed that DNA hyper-methylation occurred as a result of high-level mRNA expression of BIRC5 (p = 0.0013, Figure 4C).




Figure 3 | The analysis of hub DEGs’ expression, survival results, and protein–protein interaction. (A) The mRNA expression of four hub DEGs in normal vs tumor tissue; (B–E) the survival results in Kaplan-Meier analysis; (F) the protein-protein interaction of four hub DEGs.






Figure 4 | The analysis of hub DEGs’ DNA methylation, TMB, CBV, and variable shear. (A) The genetic alterations of four hub DEGs; (B) The correlation between ELN geneEpx and TMB; (C) the correlation between BIRC5 geneEpx and DNA methylation level; (D) the correlation between hub DEGs geneEpx and CNV; (E) the correlation between hub DEGs geneEpx and variable shear; (F) the correlation between ELN geneEpx and angiogenesis.



The cbioportal website (https://www.cbioportal.org/) (14) was then used to explore the genetic alterations (Figure 4A) and copy numbers (CNV, Figure 4D) of the four hub genes. On the other hand, the ACB website (https://www.aclbi.com/static/index.html) (15) indicated that ELN gene expression was correlated with tumor mutation load (TMB, p = 0.01, Figure 4B). We also investigated the variable shear situation of the four hub genes in the TSVdb website (http://www.tsvdb.com/) (16). Results obtained from the online single-cell library of CancerSea (http://biocc.hrbmu.edu.cn/CancerSEA/, Figure 4E) (17) indicated that the mRNA expression of ELN was associated with angiogenesis (correlation = 0.44, p < 0.05, Figure 4F).



Prognostic Value Verification of the Four-mRNA Signature in the Training Set and Test Set

The risk score of each patient was calculated based on the coefficients: Risk score = (0.250656 * Exp NTS) + (0.465259 * Exp BIRC5) + (0.251223 * Exp ELN) + (0.241936 * Exp CHGA). We found that the four-mRNA signature risk score was an independent factor in multivariate Cox analysis (Table 4).


Table 4 | The clinical classifier and risk score in multivariate Cox analysis.



A total of 203 samples in the training set were divided into high-risk score group (n = 101) and low-risk score group (n = 102) according to the risk score. A comparison of the two groups indicated that the high-risk score group had a higher mortality rate, while the low-risk score group had a large number of surviving patients (Figures 3C–E). Moreover, similar results were observed when 86 samples in the test set were divided into high-risk score group (n = 42) and low-risk score group (n = 44).

We also performed Kaplan–Meier analysis and ROC analysis for risk score on the training set and test set. Kaplan–Meier analysis in the training set found that the high-risk score group had a significantly shorter overall survival time (p = 0.0041, Figure 5A), while the ROC curves showed that the four-mRNA signature had good accuracy with 0.957 in 1 year, 0.965 in 2 years, and 0.901 in 3 years (Figure 5A). On the other hand, Kaplan–Meier analysis in the test set indicated that the high score group also had a significantly shorter overall survival time (p = 0.021, Figure 5B), and the time-dependent ROC curves had good accuracy (0.963 in 1 year, 0.898 in 2 years, and 0.742 in 3 years, Figure 5B). Furthermore, nomogram models for the training set were drawn (Figure 5B).




Figure 5 | KM analysis and ROC analysis of risk score value in both sets. (A) KM analysis, ROC analysis, and clinical nomogram model of risk score value in the training set; (B) KM analysis, and ROC analysis of risk score value in the test set.





Correlation Between Risk Score and Clinical Feature

We analyzed the correlation between risk score and different clinical information (tumor, lymph node, metastasis degrees, and grades). The results showed that the risk score had significant differences in tumor, lymph node, metastasis degrees, and grades (Figure 6A). Moreover, time-dependent ROC analysis found that the four-mRNA signature had better accuracy compared to other clinical features (Figure 6B).




Figure 6 | The correlation between the risk score and clinical classifier. (A) The correlation between the risk score and TNM grade information; (B) the ROC.





The Relationship Between the Risk Score and Immune Cell Component, Expression of Immune-Related Genes, and Immunotherapy Response

We explored the immune cell component using two online analysis tools (TIMER: https://cistrome.shinyapps.io/timer/ (18) and ImmuCellAI: http://bioinfo.life.hust.edu.cn/ImmuCellAI/ (19)). TIMER analysis results showed that a significantly higher percentage of B cells (P = 0.0029), T cell + CD4 (P = 0.0002), T cell + CD8 (P = 0.0029), Neutrophil cells (P = 0.0004), and DC cells (P = 0.0047) would appear in the high-risk score group in the training set (Figure 7A). On the other hand, ImmuCellAI analysis results indicated that the high-risk score group had a higher percentage of Exhausted cells (P = 0.00003) and B cells (P = 0.0003) (Figure 7B). We also analyzed the expression of seven immune-related genes (CTLA4, CD274, LAG3, SIGLEC15, PDCD1LG2, HAVCR2, and TIGIT) and correlated the expression with the risk score. The results showed that CTLA4, LAG3, PDCD1LG2, and TIGIT had a higher expression in the high-risk score group (P < 0.05, Figure 7C). In addition, the expression of PDCD1LG2 and TIGIT genes correlated with the risk score value (P < 0.05, Figures 7D, E). According to the immunotherapy response results obtained after ImmuCellAI analysis, the high-risk score group had a better immunotherapy response (P = 0.0013, Figure 7F).




Figure 7 | The relationship between the risk score and immune cell component, the immune-related genes’ expression, and the immunotherapy response. (A) The immune cell component in the web of timer; (B) the immune cell component in the web of ImmuCellAI; (C) the immune-related genes’ expression in two groups; (D, E) the correlation between the risk score and the immune-related genes; (F) the immunotherapy response.






Discussion

In this study, we identified four hub mRNA genes (NTS, BIRC5, ELN, and CHGA) using univariate and multivariate Cox analysis and LASSO analysis. Pro Qiu team have reported that NTS was a neurotensin receptor that participates in the colorectal cancer tissue (20). The pro AKter team found that NTS had the function of cell migration and invasion in gastro-intestinal and cardiovascular functions (21). The Ye team also found that the NTS gene activates the Wnt/β-catenin signaling pathway, thereby promoting tumor metastasis (22). BIRC5 is a member of the apoptosis inhibitor gene family, which encodes regulatory proteins that prevent apoptotic cell death (23). It regulates several types of cancer cells by activating a multiple-step cell apoptosis process (24, 25). ELN encodes the elastin protein, which is a key protein in the tumor microenvironment (26). Moreover, the protein encoded by the CHGA gene is a member of the chromogranin/secretogranin family of neuroendocrine secretory proteins (27). Its gene product is a precursor of the peptides which act as autocrine or paracrine negative modulators of the neuroendocrine system (28).

We then verified the prognostic value of the signature in both training and test sets. Kaplan–Meier analysis showed that the high-risk score group had a bad survival time, while ROC analysis found that the AUC of the signature was excellent (0.957 in 1 year, 0.965 in 2 years, and 0.901 in 3 years in the training set). A previous study had developed a five-mRNA gene signature for pRCC patients and proved that the AUC of the signature was 0.82 (29). Furthermore, we conducted a correlation between the risk score and clinical classification and found that the risk score was correlated with the TNM stage. The above results convinced us that the signature had an accurate prognostic value.

Finally, we conducted an analysis of the immune component and found different immune components in the two risk score groups. TIMER and ImmuCellAI analyses results indicated that the high-risk score group had a higher percentage of B cells in the immune component. Moreover, we conducted a correlation between the risk score and expression of immune-related genes. Our results indicated that the high-risk score group had a higher expression level of CTLA4, LAG3, PDCD1LG2, and TIGIT. In addition, the high-risk score group had a better immunotherapy response.

In summary, this study has identified four hub immune-related genes (NTS, BIRC5, ELN, and CHGA) in pRCC patients. We also developed a signature of four hub genes which can act as an independent prognostic factor for overall survival. Our results suggest that pRCC patients with a high-risk score have a shorter survival time and a better immunotherapy response.
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Background

Tobacco smoking is a carcinogen for many cancers including bladder cancer. The microbiota is involved in the occurrence, development, and treatment of tumors. We explored the composition of male urinary microbiome and the correlation between tobacco smoking and microbiome in this study.



Methods

Alpha diversity, principal component analysis (PCA) and Adonis analysis, linear discriminant analysis (LDA) coupled with effect size measurement, and PICRUSt function predictive analysis were used to compare different microbiome between smokers and non-smokers in men.



Results

There were 26 qualified samples included in the study. Eleven of them are healthy controls, and the others are from men with bladder cancer. Simpson index and the result of PCA analysis between smokers and non-smokers were not different (P > 0.05) in healthy men. However, the abundance of Bacteroidaceae, Erysipelotrichales, Lachnospiraceae, Bacteroides, and so on in the urinary tract of smokers is much higher than that of non-smokers. Compared to non-smokers, the alpha diversity in smokers was elevated in patients with bladder cancer (P < 0.05). PCA analysis showed a significant difference between smokers and non-smokers (P < 0.001), indicating that tobacco smoking plays a vital role in urinary tract microbial composition.



Conclusion

The composition of microbiome in the urinary tract is closely related to tobacco smoking. This phenomenon is more significant in patients with bladder cancer. This indicates tobacco smoking may promote the occurrence and development of bladder cancer by changing urinary tract microbiome.





Keywords: smoke, bladder cancer, microbiome, urine, male



Introduction

Bladder cancer (BCa) is one of the most common carcinoma ranking nine among all cancers (1). Studies have shown that the incidence of bladder cancer has continued to rise since 1990 (2). According to cancer statistics 2020 in America, new cases of bladder cancer are 81,400, and deaths of bladder cancer are 17,980 (3). In general, painless hematuria is the main clinical feature of bladder cancer (4). Pathological examination following transurethral resection of bladder tumor (TURBT) and cystoscopy are the gold standard for diagnosing bladder cancer (5). However, TURBT and cystoscope are both invasive procedures. Urine exfoliative cytology is also used for the diagnosis of bladder cancer while its sensitivity is low (6, 7). Therefore, it still needs further research on the early diagnosis of bladder cancer.

Epidemiological evidence shows that nearly 1/3 of patients with bladder cancer have a history of smoking (8). Cigarette exposure is the most important independent risk factor for bladder cancer and is closely related to the occurrence and progression of bladder cancer (9). The results of a multicenter case–control study showed that the risk of bladder cancer among smokers was higher than that of non-smokers (10). With the increase in the number of cigarettes and the prolongation of smoking age, the risk of bladder cancer has increased significantly (11). The disease-specific mortality rate of smokers who continue to smoke after the diagnosis of bladder cancer is 1.53 times that of those who quit smoking after the diagnosis of bladder cancer (12). These phenomena may be due to aromatic amines and polycyclic aromatic hydrocarbons in cigarette smoke which can cause DNA damage in the urinary tract epithelium and cause changes in the urine environment (13). Previous study also demonstrated that smoking cessation can reduce the risk of occurrence and recurrence of bladder cancer (11).

In recent years, a lot of evidence has shown that microbiome is closely related to human cancers including genitourinary cancers (14, 15). The microbiota of the genitourinary system are the causative factors or cofactors of urinary system tumors such as prostate cancer (16) and bladder cancer (15). The composition and abundance of the patient’s urinary flora vary with urinary system diseases. Studies have found that the microorganisms in the bladder are involved in the development of bladder cancer and play an important role in the treatment (17–19). For example, Bacillus Calmette–Guerin (BCG) directly instilled in the bladder is widely used to prevent recurrence of bladder cancer through inducing and enhancing immune response (20). However, whether smoking will affect the microbiome in the bladder is still unknown. In this study, our aim is to report the composition of the urine microbiome of male patients with bladder cancer and to explore the effect of smoking on urinary tract microbes.



Materials and Methods


Materials

All urine samples were collected from Shanghai Tenth People’s Hospital from 2019 to 2020. The inclusion criteria were as follows: 1) all samples were negative standard urine culture before sequencing; 2) patients with bladder cancer were diagnosed by pathology and healthy controls were outpatients whose bladder ultrasound and urine exfoliative cytology were negative; 3) all samples are clean midstream urine. And the exclusion criteria were as follows: 1) individuals with urinary system diseases in the past three months, such as urinary stones, infections, inflammations and cysts; 2) individuals who have used antibiotics in the past three months; 3) individuals with transurethral procedures in the past three months; 4) individuals with other malignant tumors. The samples were collected by specialized biotechnologists and then stored at −80°C until further processing. Finally, 26 urine samples were successfully sequenced by 16S RNA.



Methods


Bioinformatic Analysis

The original image data files obtained by high-throughput sequencing are converted into original sequencing sequences by base calling analysis, which is called raw data. The original paired-end sequencing data undergoes a series of quality control to obtain a relatively high-quality sequence, named valid tags. The valid tags are classified by operational taxonomic unit (OTU), and the most abundant sequence is selected as the representative sequence. Alpha diversity (Simpson index and species richness), beta diversity (principal component analysis), Adonis analysis, and linear discriminant analysis (LDA) coupled with effect size measurements were used to analyze the microbiome difference between groups. Phylogenetic investigation of communities by reconstruction of unobserved states’ (PICRUSt) function predictive analysis was used to compare differential function pathways between smokers and non-smokers in men. Continuous variables and categorical variables were analyzed using student t-test and chi-square test, separately. P value <0.05 is considered a significant statistical difference.





Results


Microbial Composition and Diversity of Urine Samples in Healthy Men and Men With Bladder Cancer

This study performed 16sRNA sequencing on 26 qualified clean midstream urine samples in total, of which 15 urine samples were from men with BCa, and 11 urine samples were from healthy men (Table 1). Species richness (P = 0.24) and Simpson index (P = 0.069) reflecting microbial alpha diversity were not different between the two groups (Figure 1). However, there are still differences in the number and richness of OTU between samples. The number of OTU is between 506 and 2696 in 26 samples (Figure 2). The average OTU of healthy people and those with bladder cancer are 1,998 and 1,679, respectively, and 17 OTUs are present in all urine samples (Supplementary Table S1). These microorganisms are likely inherent flora in the urinary tract.


Table 1 | Clinicopathological characteristics of the samples.






Figure 1 | Microbial alpha diversity of urine samples. (A) Observed Species, (B) Simpson Index.






Figure 2 | The number of OTUs in 26 samples.



Beta diversity analysis was conducted to explore the relation of urine microbiome between healthy men and men with bladder cancer. The PCA results showed that there were significant differences in the microbial composition between the healthy people and bladder cancer patients (P < 0.03, Adonis test, Bray–Curtis, Figure 3). The difference species score chart is displayed in Supplementary Figure S1. The red bars indicate the species with relatively high abundance in healthy men, and the green bars indicate the species with relatively high abundance in bladder cancer patients. The top five species in bladder cancer patients were Stenotrophomonas, Enterococcaceae, Enterococcus, Myroides, and Parvimonas. The top five species in healthy controls were Family_XI, Clostridiaceae_1, Sphingomonas, Deltaproteobacteria, and Gemmatimonadetes.




Figure 3 | Principal component analysis (PCA) based on OTU abundance between healthy men and BCa patients (Adonis test, Bray–Curtis). x-axis, 1st principal component and Y-axis, 2nd principal component; 9.7% in brackets represents contributions of PC1 components to samples, 7.11% represents contributions of PC2 components to samples. A dot represents each sample, and different colors represent different groups (red: healthy men and blue: BCa patients).



The number of differential OTUs between healthy men and the bladder cancer patients was 498, and the specific distribution in the phylum, class, order, family, genus, and species is shown in Supplementary Table S2. The top 10 differential OTU/species at the level of OTU, phylum, class, order, family, genus and species were selected to draw relative abundance boxplot to quickly obtain the abundance of dominant species within groups and difference between groups. There are only nine different phyla between the healthy people and the bladder cancer patients (Figure 4). They are Dependentiae, Zixibacteria, Latescibacteria, Halanaerobiaeota, Cloacimonetes, Entotheonellaeota, Rokubacteria, Gemmatimonadetes, and Nitrospirae.




Figure 4 | The top 10 different OTU/species at the level of OTU, phylum, class, order, family, genus, and species. (A) OTU, (B) phylum, (C) class, (D) order, (E) family, (F) genus, (G) species.





Effects of Tobacco Smoking to Urinary Tract Microbiome

In order to explore the effects of tobacco smoking on urinary tract microbiome, we performed the subgroup analysis in healthy men and men with BCa, separately.

In 11 healthy men, group 1 (G1) consisted of six non-smokers, while the group 2 (G2) consisted of five smokers. Species richness in G1 was less than that in G2 (P = 0.017, Figure 5A). However, Simpson index, which reflects the alpha diversity between two groups, shows no difference (P = 0.33, Figure 5B). There was no difference in the results of PCA analysis between G1 and G2 (P = 0.24, Figure 6). PICRUSt function prediction analysis was performed based on the 16S RNA sequencing data annotated by the Greengenes database (21, 22). There are 775 differential COGs between smokers and non-smokers (Supplementary Table S3), and Figure 9A shows the top 30 differential clusters of orthologous groups of proteins (COGs). The results of Kyoto Encyclopedia of Genes and Genomes (KEGG) pathway analysis are displayed in Figure 10A at level 3.




Figure 5 | Microbial alpha diversity of urine samples. (A) Observed species in healthy men; (B) Simpson Index in healthy men; (C) Observed species in men with BC; (D) Simpson Index in men with BCa.






Figure 6 | Principal component analysis (PCA) based on OTU abundance (Adonis test, Bray–Curtis). (A) Groups 1 and 2, PC1 (15.62%) and PC2 (13.79%). (B) Groups 3 and 4, PC1 (16.37%) and PC2 (11.72%).



The results in BCa patients were different from those in healthy men. Out of 15 men with BCa, six smokers belong to group 3 (G3), and the rest were non-smoker labeled as group 4 (G4). The species richness and Simpson index in G3 were significantly higher than that in G4 (P < 0.05, Figures 5C, D). The PCA analysis which reflects the beta diversity also showed that the microbiome between G3 and G4 has significant differences (P < 0.001, Adonis test, Bray–Curtis, Figure 6B). To further explore the characteristics of the urinary tract microbiome in smokers and non-smokers with bladder cancer, we analyzed the differential microorganisms with heatmap at OTU, phylum, class, order, family, genus, and species levels. If the number of differences exceeds 100, only the top 100 will be displayed (Figure 7). The top 10 differential microbiota at phylum, class, order, family, genus, species, and OTU levels between G3 and G4 were displayed in Figure 8. The top ten differential phylum were Dependentiae, Spirochaetes, Deferribacteres, Zixibacteria, Bacteroidetes, Lentisphaerae, Tenericutes, Cyanobacteria, Proteobacteria, and Calditrichaeota. Furthermore, the difference in species score chart was displayed in Supplementary Figure S3. The red bars indicate the species with relatively high abundance in smokers with bladder cancer, and the green bars indicate the species with relatively high abundance in non-smoking bladder cancer patients. The top five species in smokers were Bacteroidetes, Bacteroidia, Bacteroidales, Clostridia, and Clostridiales. The top five species in non-smokers were Proteobacteria, Gammaproteobacteria, Pseudomonadales, Moraxellaceae, and Acinetobacter.




Figure 7 | The differential microorganisms at OTU, phylum, class, order, family, genus, and species levels. (A) phylum, (B) class, (C) order, (D) family, (E) genus, (F) species, (G) OTU.






Figure 8 | The top 10 differential microorganisms at OTU, phylum, class, order, family, genus, and species levels. (A) phylum, (B) class, (C) order, (D) family, (E) genus, (F) species, (G) OTU.



We functionally annotate genes by searching against Clusters of Orthologous Groups of protein (COG) database. There are 1,180 differential COGs between smoking and non-smoking bladder cancer patients (Supplementary Table S3), and the top 30 differential COGs were displayed in Figure 9B. The Kyoto Encyclopedia of Genes and Genomes (KEGG) pathway analysis was also applied to explore function differences between G3 and G4. At level 2, the results showed smokers have significantly higher metabolism than non-smokers in BCa patients. At level 3, there are 40 different pathways between smoking and non-smoking BCa patients, and they are displayed in Figure 10B with heatmap.




Figure 9 | The top 30 differential COG between smokers and non-smokers. (A) Differential COG in healthy men; (B) differential COG in men with BCa.






Figure 10 | The Kyoto Encyclopedia of Genes and Genomes(KEGG) pathway analysis between smokers and non-smokers. (A) Differential pathways in healthy men, (B) differential pathways in men with BCa.






Discussion

Currently, tobacco smoking is the most common risk factor for bladder cancer, and it is also associated significantly with the mortality of BCa (23). Smoking increases the risk of bladder cancer by two to four times, and it is correlated positively with the intensity and duration of smoking (24, 25). On one hand, previous study has demonstrated that the expression of DNA methyltransferase 1 (DNMT1) in smokers was significantly higher than that of non-smokers in bladder cancer (26), and the levels of methylated metabolites, polycyclic aromatic hydrocarbons, DNA adducts, and DNA damage were elevated in smokers with bladder cancer. This is because tobacco-specific carcinogens can be transformed into active intermediates interacting with DNA and the intermediates are potentially carcinogenic (27, 28). On the other hand, there are a variety of cigarette smoke metabolites in the smokers’ urine, and the two most abundant metabolites are cotinine and 4-(methylnitrosamino)-1-(3-pyridyl)-1-butanol (NNAL) (29). These metabolites have certain carcinogenic potential. However, the effect of smoking on urinary tract microorganisms has not been studied. Previous studies have shown that urinary tract microbes were closely related to the occurrence and treatment of bladder cancer. For example, BCG vaccine is a live vaccine made from a suspension of attenuated Mycobacterium bovis and applied to treat bladder cancer, which can enhance the activity of macrophages and the ability of macrophages to kill tumor cells, activate T lymphocytes, and improve the body’s cellular immunity (30, 31). Alfano M et al. once discussed the important role of extracellular matrix and microflora contributing to tumorigenesis (32).

Previous studies have explored the effects of smoking on microorganisms in some parts of the body. For example, the gut microbes are significantly different between smokers and non-smokers. Compared with non-smokers, smokers have increased abundance of phylum Bacteroidetes and a decrease in Proteobacteria (33). The study by Brotman R. et al. showed that smoking can lead to a decrease in vaginal Lactobacillus in women (34). In genitourinary system, smoking and microbial infections are both high-risk factors for genitourinary tumors. For example, kidney infection and smoking can increase the risk of renal cell carcinoma (35). The study by Shrestha et al. (36) reported that the urinary microbiome in men with prostate cancer may be enriched with proinflammatory bacterial species associated with prostatitis, urinary tract infections, and bacterial vaginosis. Another study also highlighted the role of microorganisms in the progression of prostate cancer (16). A former study by Moynihan et al. (37) found that smoking has no effect on urine microbiota in male with hematuria. There are still some differences in urinary tract microbes between bladder cancer patients and healthy controls (38). However, there are currently no studies focusing on the effect of smoking on urethral microbes in healthy people or bladder cancer patients. The purpose of this study is to explore the effects of smoking on urinary tract microorganisms and find potential therapeutic targets.

Firstly, we explored the effects of smoking on urethral microbes in healthy men. In alpha diversity analysis, the observed species in smokers (G2) were higher than in non-smokers (G1). Simpson index and principal component analysis (PCA) between smokers and non-smokers had no difference. That means the effect of smoking on urinary tract microbes in healthy people is limited. However, there are still some differences between smokers and non-smokers in urinary tract microbes in healthy people. For example, the abundance of microorganisms in the urinary tract of smokers, including Bacteroidaceae, Erysipelotrichales, Lachnospiraceae, Bacteroides, and so on, is much higher than that of non-smokers. Bacteria and Family_XI are more abundant in the urine of non-smokers (Supplementary Figure S2). At level 2, the enrichment results of KEGG show that the immune system, translation, nucleotide metabolism, glycan biosynthesis and metabolism, metabolic diseases and nervous system in smokers are more active than in non-smokers in healthy people. Many metabolic pathways and COG in smokers are more active than those in non-smokers.

We also explored the effect of smoking on urinary tract microbes in BCa men. The results show that smoking has an important effect on urinary tract microbiome. The alpha diversity (Observed species and Simpson index) in smokers (G3) with BCa was higher than those in non-smokers (G4). Beta diversity analysis showed that tobacco smoking is the main factor affecting urinary tract microbial composition. The heatmap shows that the abundance of multiple microorganisms in the urine of smokers is higher than that of non-smokers at the phylum, class, order, family, genus, species, and OTU levels, and the details were displayed in Supplementary Table S2. At the phylum level, bacteroidetes, zixibacteria, ambiguous_taxa, calditrichaeota, dependentiae, cyanobacteria, deferribacteres, tenericutes, lentisphaerae, and spirochaetes increased and proteobacteria decreased in smokers. This result is similar to the effect of smoking on gut microbiota (33). According to the results of KEGG analysis, the metabolic diseases in smokers are more active than in non-smokers in people with bladder cancer at level 2. These results indicate that the metabolic diseases were higher in smokers both in healthy and BCa patients. In addition, there are 16 pathways that are higher in healthy and BCa smokers, and details were saved in Supplementary Table S4.

The microbiota composed of symbiotic bacteria and other microorganisms that inhabited the host epithelial barrier plays a key coordination role in cancer treatment (39). Microbes and enzymes can directly affect chemotherapy drugs by affecting drug absorption and metabolism (40, 41). Moreover, the intestinal microbiota indirectly affects the metabolism of oral and systemic chemotherapy drugs by regulating gene expression and the physiological effects of local mucosal barriers and distant organs (42–46). Immune checkpoint inhibitors, antibodies against cytotoxic T lymphocyte-associated antigen 4 (CTLA4), programmed cell death protein 1 (PD1) or its programmed cell death protein ligand 1 (PDL1), have strong anti-tumor ability in experimental animal models and have shown clinical efficacy in cancers including bladder cancer (47–51). Recent studies have reported that the intestinal flora is also involved in the treatment of cancer with anti-CTLA4 and anti-PDL1 (50, 52). Microbe, BCG, has been used to treat bladder cancer for decades and has good curative effects for immunity enhancement. For example, interleukin 8 (53), pro-inflammatory cytokines, interleukin 6 (54, 55), intracellular adhesion molecule 1, and other chemokines are up-regulated due to the interaction between BCG and urothelial cells, and these immune changes promote the interaction between effector cells and tumor cells (31). Microbial infection and inflammation are risk factors for genitourinary tumors (56). Previous study has suggested that the microbiome in the bladder may promote or inhibit urothelial carcinogenesis by changing the extracellular matrix (32). However, the specific mechanism of microbes involved in the progression of bladder cancer is still unclear. Therefore, it is necessary to study the types of urinary tract microorganisms, the mechanism of action, and the possibility of using the microflora as the target to prevent toxicity and improve the anticancer effect. It is worth mentioning that our research provides new ideas for the study of the mechanism of smoking involved in the progression of bladder cancer.

However, there are some limitations in our study. First, this study was only analyzed in urinary tract microbiome in male patients, and future studies is required in female patients. Second, our study is retrospective. Therefore, it is impossible to observe whether the urethral microorganisms of smokers change after smoking cessation. Third, types of cigarettes, smoking frequency, and eating habits may affect the microbial composition of the urinary tracts. Finally, this study is limited by the sample size, and it is a single center study, so the results may lead to a contingency in some degree. In the future, we hope for a multi-center joint research.



Conclusion

The microbiome in the urine of healthy men and men with BCa is different. Tobacco smoking may play an important role in the changes of microbiome in the urine. This study fills the gap that smoking may promote the occurrence and development of bladder cancer by changing urinary tract microbes and may provide new ideas for the diagnosis and treatment of bladder cancer.
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Bladder cancer is characterized by its frequent recurrence and progression. Effective treatment strategies need to be based on an accurate risk stratification, in which muscle invasiveness and tumor grade represent the two most important factors. Traditional imaging techniques provide preliminary information about muscle invasiveness but are lacking in terms of accuracy. Although as the gold standard, pathological biopsy is only available after the surgery and cannot be performed longitudinally for long-term surveillance. In this work, we developed a microfluidic approach that interrogates circulating tumor cells (CTCs) in the peripheral blood of bladder cancer patients to reflect the risk stratification of the disease. In a cohort of 48 bladder cancer patients comprising 33 non-muscle invasive bladder cancer (NMIBC) cases and 15 muscle invasive bladder cancer (MIBC) cases, the CTC count was found to be considerably higher in the MIBC group compared with the NMIBC group (4.67 vs. 1.88 CTCs/3 mL, P=0.019), and was significantly higher in high-grade bladder cancer patients verses low-grade bladder cancer patients (3.69 vs. 1.18 CTCs/3mL, P=0.024). This microfluidic assay of CTCs is believed to be a promising complementary tool for the risk stratification of bladder cancer.
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Introduction

Bladder cancer is the second most common urogenital malignancy and ranks 13th in the death rate worldwide (1). While around 80% patients were initially diagnosed with non-muscle invasive bladder cancer (NMIBC) (2), over 45% of them experienced tumor recurrence within 2 years and 6% worsen with increased tumor grade. Additionally, 10% of the NMIBC patients may progress to muscle invasive bladder cancer (MIBC) (3), of whom approximately 50% were threatened by remote metastasis even though radical cystectomy has been performed (4, 5). Therefore, patients with bladder cancer require long-term monitoring and surveillance.

Muscle invasiveness and tumor grade are the two critical prognostic factors that clinicians rely on in an attempt to individualize and provide effective treatments. Imaging techniques such as CT and MRI can provide preliminary information of the muscle invasiveness but are impeded by subjective judgement and lack of accuracy (6). Histological biopsy, although regarded as the gold standard for determine both tumor stage and grade, is only available after surgery and is absent in the subsequent long-term follow-up duration. Hence, a timely and easy-to-perform complementary technique is highly necessary to reflect the risk stratification of bladder cancer patients.

Liquid biopsy techniques in recent years has emerged as a promising complementary to traditional diagnostic approaches (7), one example would the wide exploration of circulating tumor cells (CTCs). CTCs in peripheral blood are shed directly from the primary tumor and serve as the delivery vehicles for cancer metastasis, providing the first-hand tumor information about the phenotypic and functional characteristics (8). Interrogating CTCs in cancer patients is on the frontier of next generation diagnosis for the early detection of cancer, the monitoring of disease activity, the evaluation of therapeutic efficacy, as well as the recognition of molecular changes in clonal evolution (9–12). In addition, CTCs enumeration as a prognostic marker have been shown to have significant correlations with disease-free progression and overall survival in various cancers (13–16). Nevertheless, the applicability of CTCs in the clinic is still challenged by their rarity (1–10 CTCs/billions of peripheral blood cells) and heterogeneity.

To date, several technologies for the isolation and enrichment of CTCs have been developed (17). For example, the CellSearch® system (Veridex LLC, Warren, NJ-USA) is approved by the Food and Drug Administration (FDA) for CTC enumeration in metastatic colorectal (18), breast (19) and prostate cancer (20). However, the complexity of the immunomagnetic methodology and the high cost of the reagent kits limit its wide use.

Microfluidic technology has become a low-cost and efficient alternative for the purpose of CTCs isolation (21–24). Some microfluidic approaches achieved a “positive” capture of CTCs based on the antibody coatings at the inner wall of the chip (21, 25, 26) whereas others have proposed a “negative” enrichment of CTCs by eliminating the background cells (27, 28). Despite of the desirable sensitivity, these methods are still not commonly preferred owing to the complicated chip fabrication process.

In an attempt for the in-depth investigation of rare tumor cell in human body fluid, our group previously reported a microfluidic chip that was able to detect urinary exfoliated tumor cells (UETCs) in the urine of the bladder cancer patients (29). In the current work, we further upgraded the microfluidic chip for the label-free isolation of CTCs from the peripheral blood of bladder cancer patients. Taking advantage of the fact that CTCs are usually bigger and less deformable than background blood cells, we captured CTCs with high efficiency and purity. By using the immunofluorescent biomarkers of Pan-CK, CD45 and DAPI, we were able to identify and enumerate CTCs accurately. Furthermore, on the basis of a clinical study involving 48 bladder cancer patients, the correlation between CTCs count and the prognostic factors has been investigated and established. This study showed microfluidic assay of CTCs holds the promise of a robust technique for the risk stratification of bladder cancer patients.



Materials and Methods


Fabrication of the Microfluidic Chip

To achieve an efficient isolation of CTCs, a microfluidic chip was specially designed and fabricated. The AutoCAD software (Autodesk Inc.) was used to depict the characteristic design of the microstructures and the microchannels. Following that is a soft lithography process that photoengraved the designed pattern onto a silicon wafer spun with a 20 µm thick layer of SU-8 photoresist. Polydimethylsiloxane (PDMS, Sylgard 184, Dow Corning) constituted the matrix material of the microfluidic chip. Typically, the liquid PDMS was pre-mixed with its curing agent at a ratio of 10:1. The mixture was then degassed for 10 min and casted onto the silicon wafer, followed by the curing process for 4h at 60°C. Afterwards, the PDMS was peeled off from the mold, punched with inlet and outlet holes, treated with oxygen plasma, and bonded to a clean glass slide to form a finished microfluidic chip.



Evaluation of the Microfluidic Chip Performance

The first is to characterize the capture efficiency of the microfluidic chip, which reflects the ability of isolating cells from the fluid flow. Capture efficiency is defined as the ratio of the number of cells captured by the chip to the number of total input cells. T24 cells were initially stained with CellTracker Red CMTPX Dye (Invitrogen) and diluted several times in a 96-well plate until the concentration reached roughly 200 cells/well. The exact number was counted after the microscopic check and these were regarded as the input cells. The input stained cells were spiked into 3 ml prepared blood sample from healthy donators and then processed by the microfluidic chip. With the enumeration of captured cells, the capture efficiency could be calculated. Different flow rate groups were investigated ranging from 500 ul/h to 3000 ul/h. Five repeated tests were conducted for each group.

The second issue is to assess the inter-assay viability of the microfluidic immunoassay. T24 cells were stained with an immunofluorescent assay (DAPI+/CK20+/CD44v6+) and diluted into 5 groups with different cell concentration, respectively, 5, 10, 20, 50, 100 cells/3ml. For every group, 3 repeats were performed. After processing with the microfluidic chip, the corresponding capture efficiency was calculated. The inter-assay viability are represented by the relative standard deviation (RSD) of the capture efficiency, where

	



Setup of the Microfluidic-Assay System

The microfluidic-assay system consists of three parts. The first part refers to the microscopic vision module which comprises an inverted microscope (IX, Olympus) and a CCD linked to a Window PC responsible for collecting microscopic images. The second part is the flow control module which includes a syringe pump (SP3D EX, Mindray) and bio-compatible tubing for the transfer of samples. The third part is the fabricated microfluidic chip as aforementioned. To eliminate the possibilities of air bubbles inside the microchannel, the microfluidic chip was pre-flushed with phosphate buffered saline (PBS, Wisent) with 8 mM ethylenediaminetetraacetic acid (EDTA, Wisent) prior to sample processing.



Ethics and Enrollment of Patients

This research was conducted under the approval of the Ethics Committee of the First Affiliated Hospital at Zhejiang University School of Medicine (Registration No. 2015-218) and complied with the Declaration of Helsinki. 48 bladder cancer patients were enrolled and anonymously indexed from November 2016 to October 2017 with informed consent obtained. All the patients were diagnosed positive by cystoscopy. With the postoperative pathology, 33 patients were confirmed as non-muscle invasive bladder cancer (NMIBC) whereas 15 patients were diagnosed as muscle invasive bladder cancer (MIBC). The mean age of the two groups were 65.7 ± 10.2 and 65.6 ± 10.2 years old, respectively. Histologic assessment was performed by two certified cytopathologists according to the 2004 WHO classification.



Preparations of Blood Sample

Blood samples of 3 ml per patient were collected in EDTA-coated vacutainer tubes to avoid coagulation. The preoperative and postoperative blood samples were respectively collected on the second morning after hospitalization and after surgery. The samples were sent to the lab within 4h after collection. The vacutainer tube containing the blood was centrifuged at 800g for 5 min and the supernatant serum was discarded. PBS buffer of v/v 1:1 was added to the pellet and pipetted gently. The prepared sample was then subjected to the following microfluidic analyses.



Microfluidic Assaying of CTCs

The prepared blood sample was driven into the microfluidic chip by the syringe pump at a flow rate of 2 ml/h. Usually, the capture procedure would be finished within 1.5 h. By sequentially introducing solvents into the chip, the captured cells were fixed with 4%-paraformaldehyde (PFA) (Sangon) for 15 min, permeabilized with 0.1% Triton X-100 (Sangon) in PBS for 15 min and incubated with 5% bovine serum albumin (BSA) (Sangon) for 30 mins to reduce non-specific bindings. Pan-CK and CD45 primary antibodies (Abcam) were diluted to a proper concentration according to the manufacturer’s protocol and pumped into the microfluidic chip with a 60 min incubation at room temperature. They were used to mark epithelial cells and white blood cells, respectively. Afterwards, secondary antibodies conjugated with Alexa Fluor 488 and Alexa Fluor 594 (Invitrogen) were introduced into the chip with another 60 min incubation at room temperature, followed by a 20 min incubation with 4’,6-diamidino-2-phenylindole (DAPI) (Invitrogen) to stain the nucleus. The staining process was completed by flushing the chip with PBS to clean the unbonded reagents. In order for a gentle incubation procedure, the flow rate of the all the reagents was set at 500 ul/h. A putative CTC should possess the following features: clear nucleus morphology (DAPI+), epithelial origin (PAN-CK+) and exclusion of the interference from white blood cell (CD45-).




Results


Design and Performance Evaluation of Microfluidic Chip

The microfluidic-assay system was constructed according to Figures 1A–C, of which the self-designed microfluidic chip acted as the core component. The basic capture unit of the microfluidic chip is roughly a semicircular arc of three independent micro-pillars (Figure 1D). The upward and the bottom openings are respectively the inlet and the outlet of the fluid flow. The outlet size was specially set at 9 um which allows the smaller background cells to pass through while keeping the larger CTCs stuck. To minimize the detrimental clogging commonly encountered in the blood sample, we proposed two solutions. The first was to set dozens of rows of larger capture unit (with an inlet of 60 um and two outlets of 21 um) at the very beginning of the flow pathway. Once the clogging occurs, the debris will be captured and cleaned prior to entering the CTC capturing region. The second was to enlarge the flow passage width between two adjacent capture units to 30 um. Although CTCs might be missed due to wider flow passage, the capture probability can still be compensated and enhanced by having more rows of the capture units. In the optimized design of the microfluidic chip, over 200 rows of the capture units were set in a parallel and staggered manner.




Figure 1 | System setup and microfluidic chip design. (A) Lab-based setup of the microfluidic system. (B) An overview of the microfluidic chip. (C) Illustration of the experimental diagram. (D) Detailed design of the microfluidic chip. (E–H) Numerical simulation of the hydrodynamics in the microfluidic chip.



To assess the impact of hydrodynamics on the captured cells, we performed a numerical simulation to reveal the fluidic characteristics. As illustrated int Figures 1E–H), the velocity profile and the probable cell trajectory were depicted to reflect a probable capture of the cells. Further analyses showed that in the microchannel, the shear stress caused by the flow ranged from 0 to 4.6 Pa and the shear rate was consistently smaller than 95.3 1/s. These values were within the safe range of human’s normal physiological state of <7.0 Pa stress (30) and <2000 1/s shear rate (31), respectively. These observations convinced us that the microfluidic chip was capable of isolating CTCs in a harmless and intact way.

The performance of the microfluidic chip was characterized from two aspects: the capture efficiency and the inter-assay variability. In spiked cell line experiments, the capture efficiency gradually declined with the increase of the flow rate, but in all the groups, the chip’s capture efficiencies were consistently higher than 75% (Figure 2A). To balance the capture efficiency and the time consumption, we chose the flow rate of 2ml/h for the subsequent processing of patients’ blood samples. Further, the experiments conducted on the five groups with different cell concentrations ranging from 5 to 100 cells/3ml showed our method achieved an RSD smaller than 10% (Figure 2B), indicating a desirable consistency between assay repeats and a reliable experimental result.




Figure 2 | Characterization of the microfluidic approach. (A) Capture efficiency of the microfluidic chip. (B) Intra-assay variability of the microfluidic assay under different cell concentration groups. (C) Identification of a putative CTC based on the microfluidic method.





Identification of CTCs by Immunofluorescent Staining

Due to the epithelial origin of bladder cancer (32), an epithelial marker is capable of distinguishing the CTCs of the bladder tumor from the non-epithelial background blood cells. Pan-CK is a subgroup of intermediate filament proteins, characterized by the diversity and abundance of polypeptides presented in human epithelial tissues (33). Using anti-Pan-CK antibody as a biomarker would be amply adequate to realize a wide coverage recognition of bladder CTCs. Besides, CD45 has been well confirmed as a reliable marker of the white blood cells and DAPI is widely used to stain the nucleus (34). Therefore, a combined marker-panel of “DAPI+/Pan-CK+/CD45-/” enabled us to identify CTCs in the peripheral blood and to eliminate the interference caused by background blood cells (Figure 2C).

To validate the performance of the combined marker-panel, three different human bladder cancer cell lines (UMUC-3, 5637 and T24) were tested. The expected staining and identification of all the cell lines verified the efficacy of our immunofluorescent protocols (Figure 3A).




Figure 3 | Immunofluorescent test on cell lines and validation on the bladder cancer patients. (A) Immunofluorescent staining on three bladder cancer cell lines. (B) Captured CTCs from the bladder cancer patients.





Correlation Between CTC Enumeration and the Clinical Outcomes of Bladder Cancer

With the successful isolation of CTCs from the peripheral blood (Figure 3B), correlations between CTC enumeration and clinical prognostic outcomes were assessed based on a cohort of 48 bladder cancer patients with varied degrees of disease progression. The baseline demographics and clinicopathological characteristics of eligible patients are summarized in Table 1.


Table 1 | Baseline clinicopathological characteristics of the cohort.



There is a significant elevation in the CTC count for MIBC versus NMIBC patients [4.67 (95% CI, 1.41-7.93) vs. 1.88 (95%CI, 0.76-3.00) CTCs/3 mL; P=0.019] (Figure 4A). Similarly, the CTC count increased significantly in the high-grade bladder cancer patients verses the low-grade and PUNLMP (Papillary urothelial neoplasm of low malignant potential) bladder cancer patients [3.69 (95% CI, 1.89-5.49) vs. 1.18 (95% CI, 0.19-2.17) vs. 0.20 (95% CI, -0.36-0.76) CTCs/3mL; P=0.024]; (Figure 4B). By contrast, there were no significant correlations between the CTC enumeration results and other clinical prognostic outcomes such as BC history, tumor multifocality, risk level of NMIBC and tumor size (Figures 4C–F).




Figure 4 | Correlations between CTC count and primary clinical outcomes: (A) histological grade, (B) invasiveness, (C) previous bladder cancer history, (D) multifocality, (E) progression risks of the NMIBC, (F) tumor size.





CTC Count as a Prognostic Marker of Bladder Cancer

To assess whether the CTCs count could be used as a supplementary biomarker for the stratification of bladder cancer, we performed ROC analysis of CTC enumeration and patients with bladder cancer in different clinical stages and grades (Figures 5A, B). The AUC [95% confidence interval (CI)] were calculated by comparing NMIBC with MIBC group, and high-grade patients with combined PUNLMP and low-grade groups. The AUC in comparing the NMIBC and MIBC cohort was 0.707 (95% CI, 0.545-0.869; P=0.023) with a sensitivity and specificity of 80.0% and 66.7%, respectively (Figure 5A). Similarly, the AUC comparing the PUNLMP/low-grade and high-grade cohorts was 0.717 (95% CI, 0.576-0.858; P=0.015) with a sensitivity and specificity of 62.5% and 81.2%, respectively (Figure 5B). The optimal cutoffs for distinguishing NMIBC vs. MIBC and high-grade vs. low-grade bladder cancer were both at 1.5 CTCs/3 mL blood.




Figure 5 | Potential of CTCs as a prognostic biomarker for bladder cancer. (A, B) ROC analyses of CTCs as a prognostic biomarker for indicating tumor grade and invasiveness. (C, D) The histopathologic result of the primary bladder tumor and the liver metastasis of the patient with remote metastasis. The dynamic change of CTC count after surgery with regard to the whole patient cohort (E), NMIBC group (F), and MIBC group (G).






Discussion

Bladder cancer as a global health issue of concern is characterized by the high frequency of recurrence and progression. In current clinical practices, the risk stratification of a bladder cancer patient can only be assessed based on imaging and biopsy results. But the reliance on subjective judgement and the inaccessibility in the long-term follow-up constitute some of the major challenges. Importantly, the exponentially evolving “liquid biopsy” offers the opportunities for low invasive diagnosis, tumor dynamic monitoring and therapy selection. CTCs have been considered a viable and readily accessible alternative source of tumor cells in the form of “liquid biopsy”, which have attracted much attention in bladder cancer research and also have a potential application in clinical diagnosis and prognosis (35, 36). Additionally, unraveling the phenotypic and molecular profile of CTCs provides key information about tumor biology and contributing to individualized precision treatment (37). Nevertheless, the applicability of CTCs as a clinical biomarker has been challenged by their rarity and heterogeneity (38, 39). Numerous approaches (37, 40, 41) for detecting CTCs were proposed but are still not commonly used. This is mainly due to the methodological complexity, the inconsistent readouts caused by the ambiguity of CTC classification and the lack of standard sample preparation (42).

We previously reported a size-based microfluidic chip to efficiently capture and identify urinary-exfoliated tumor cells (UETCs), and predicted objectively the diagnosis and prognosis of bladder cancer patients (29). In this current work, the microfluidic chip was further developed and optimized to specifically detect CTCs. Typically, the size of the basic capture unit in the microfluidic chip was strictly designed in order for an effective distinguishment of CTCs from the background blood cells. To tackle the clogging issue caused by blood coagulation, we divided the microfluidic chip into two functional regions. The first referred to the pre-cleaning region in which enlarged capture units were set to capture clogging and debris while letting cells to pass through. The second region was the CTC capture region where CTCs were isolated based on the size and deformability. To further reduce the clogging effect and improve the processing throughput, we expanded the passage width between the adjacent capture units and compensated the possibility of cell lose by patterning more rows of capture units. Therefore, compared with the conventional microfluidic chips relying on complicated chip fabricating process like antibody coating, our microfluidic chip is developed solely based on the physical properties of the cells and hence, it is a low-cost and user-friendly approach for most of the clinically relevant large-scale studies.

Additionally, the CTCs count was combined with the clinical information for further investigation. With regard to the muscle invasion which had been proved to be an important prognostic factor of bladder cancer (43), CTC count was significantly higher in MIBC patients compared with NMIBC patients (P=0.023). ROC analysis showed that the CTC count as a diagnostic marker achieved a sensitivity of 80.0% and a specificity of 66.7% in differentiating MIBC from NMIBC patients when the cutoff was 1.5 CTC cells/3mL. Similarly, the CTC count was significantly elevated in high-grade bladder cancer patients compared with PUNLMP and low-grade patients (P=0.02) which was also capable of discriminating between the two groups at a diagnostic sensitivity of 62.5% and a specificity of 81.2%. This observation concurs well with the fact that muscle-invasive and high-grade bladder cancer patients are faced with greater risks of metastasis and worse prognosis. Noteworthy, in the total study cohort, one patient (Patient ID No. 12) aroused our great interest during the 3-year follow-up. He was initially presented with gross hematuria and was diagnosed with NMIBC on January, 2017 (Figure 5C and Supplementary Table 1). At the time of enrollment, his CTCs count was reported at 5 cells/3mL after microfluidic assay, which was apparently higher than that of most other enrolled patients. In the following 3 years, his bladder cancer recurred twice and finally, progressed to liver metastasis on March, 2020 (Figure 5D and Supplementary Figures 1–3). The above results show that although this patient was initially diagnosed with NMIBC, the comparably higher CTC count coincided well with his subsequent disease progression, indicating that CTC enumeration may serve as a complementary high-risk factor of bladder cancer to guide treatment selection, which has also been verified in other studies (35, 36). In current clinical practices, surgical and therapeutic strategies are largely based on the preoperative prognostic prediction. In other words, a worse prognostic assessment will lead to a more aggressive treatment like radical cystectomy or adjuvant chemotherapy. However, the imaging-based evaluation of muscle invasiveness and the cystoscopy-based biopsy for the preoperative assessment of tumor grade are usually short of accuracy. Therefore, there is an urgent demand for a complementary diagnostic tool that provides clinicians with more accurate information for the disease status. In this sense, CTCs are of no doubt a promising complement.

Furthermore, in a sub-cohort of 22 patients whose paired preoperative and postoperative blood samples were available, we monitored the dynamic change in CTCs count before and after the surgery (Figure 5E). Among these patients, 4 out of 5 MIBC patients had a significant decrease in postoperative CTCs count (Figure 5F). By contrast, the CTCs count of the remaining 17 NMIBC patients displays a divergent pattern of increase or decrease (Figure 5G). Owing to the limited cohort size of our study, we may not draw a solid conclusion on the indication of the postoperative CTCs count, but it is still worthwhile to explore in the future whether the dynamic change of CTCs count reflects the therapeutic and the surgical efficacy of bladder cancer.

Interestingly, in addition to CTCs enumeration, recent advances have been made in unravelling the molecular features of CTCs. Nicolazzo et al. (44) investigated the expression of survivin in the isolated CTCs and found that survivin expression was closed correlated with disease-free survival and cancer-specific survival in NMIBC patients. Similarly, a strong expression of PD-L1 in CTCs was reported to lead to a worse overall survival of patients with urothelial carcinoma (45). What’s more, beyond the scope of CTCs, hemato-chemical biomarkers have also been explored in order for a more accurate risk stratification of bladder cancer. A typical example is basophils, whose absolute count was found closed associated with time to recurrence in high−grade T1 bladder cancer patients (46). Therefore, with the emergence of novel techniques and biomarkers, the management of bladder cancer, especially in the field of NMIBCs, is believed to be developed in a more precise and personalized way.

In summary, we developed a low cost and easy-to-perform microfluidic approach for the isolation and identification of CTCs from bladder cancer patients. The CTCs count was found closely related with several important clinical outcomes including muscle invasiveness and tumor grade, which might facilitate risk stratification evaluation and guide the individualized treatment of bladder cancer in the long-term surveillance. Admittedly, there are still some limitations in our research. On one hand, the throughput and efficiency of the microfluidic approach could be further improved by integrating the lab-based setups into an all-in-one automated system. On the other hand, due to the single-center nature of the study and the limited sample size, our research may not comprehensively reflect the influence of CTCs in bladder cancer. Multi-center clinical trials and inter-laboratory validations involving larger patient cohorts are still needed to verify our findings and promote the clinical translation.
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Traditional histopathology performed by pathologists through naked eyes is insufficient for accurate survival prediction of bladder cancer (BCa). In addition, how neutrophil to lymphocyte ratio (NLR) could be used for prognosis prediction of BCa patients has not been fully understood. In this study, we collected 508 whole slide images (WSIs) of hematoxylin–eosin strained BCa slices and NLR value from the Shanghai General Hospital and The Cancer Genome Atlas (TCGA), which were further processed for nuclear segmentation. Cross-verified prediction models for predicting clinical prognosis were constructed based on machine learning methods. Six WSIs features were selected for the construction of pathomics-based prognosis model, which could automatically distinguish BCa patients with worse survival outcomes, with hazard ratio value of 2.19 in TCGA cohort (95% confidence interval: 1.63–2.94, p <0.0001) and 3.20 in General cohort (95% confidence interval: 1.75–5.87, p = 0.0014). Patients in TCGA cohort with high NLR exhibited significantly worse clinical survival outcome when compared with patients with low NLR (HR = 2.06, 95% CI: 1.29–3.27, p <0.0001). External validation in General cohort also revealed significantly poor prognosis in BCa patients with high NLR (HR = 3.69, 95% CI: 1.83–7.44 p <0.0001). Univariate and multivariate cox regression analysis proved that both the MLPS and the NLR could act as independent prognostic factor for overall survival of BCa patients. Finally, a novel nomogram based on MLPS and NLR was constructed to improve their clinical practicability, which had excellent agreement with actual observation in 1-, 3- and 5-year overall survival prediction. Decision curve analyses both in the TCGA cohort and General cohort revealed that the novel nomogram acted better than both the tumor grade system in prognosis prediction. Our novel nomogram based on MLPS and NLR could act as an excellent survival predictor and provide a scalable and cost-effective method for clinicians to facilitate individualized therapy. Nevertheless, prospective studies are still needed for further verifications.
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Background

Bladder cancer (BCa) is one of the most common malignant tumors worldwide. It is estimated that there will be 83,730 new cases of BCa and 17,200 BCa-related deaths in the United States in 2021 (1). Although more than 75% of BCa patients are without muscle invasion, up to 10 to 15% of them could still progress to muscle-invasive disease after initial surgical treatment (2, 3), which results in poor clinical outcomes. In addition, about 10–15% of initially diagnosed BCa patients have metastatic lesion, suffered from a survival possibility less than 5% in five-year (4). Therefore, it is of great urgence to find out useful predictors for predicting the clinical outcomes of BCa patients.

As an emerging high-throughput process of medical images, pathomics combines artificial intelligence and digitalized pathology, which displays its blueprint in future pathology diagnosis (5, 6). The digitization in whole slide image (WSI) shows the advantage in artificial intelligence based pathological diagnosis as they provide non-manually handled specimen images (7). In addition, the neutrophil-to-lymphocyte ratio (NLR) has also been reported to be a valid biomarker for prognosis of multiple malignancies (8–10), including urothelial carcinoma (11). A systemic inflammatory marker score was also proved to be an effective predictor for tumor recurrence and progression of BCa without muscular invasion (12). However, how pathomics and NLR could be expediently used for prognosis prediction of BCa patients in clinical practice has not been fully understood.

In this study, we firstly carried out machine learning methods based on WSI to investigate the prognostic value of pathomics signature and NLR in BCa patients. Subsequently, we constructed and verified a novel nomogram based on pathomics signature and NLR to explore convenient and effective ways for prognosis prediction of BCa patients in clinical practice.



Methods


Patient Cohorts and Data Resource

Our patient cohorts come from two independent data source—Shanghai General Hospital and The Cancer Genome Atlas (TCGA,https://portal.gdc.cancer.gov). We recruited 102 BCa patients, who received operative treatment from January 2009 to December 2016 in the Shanghai General Hospital (General cohort). All the included patients shall meet the following inclusion criteria: (i) underwent radical or partial cystectomy, without preoperative treatment and positive residual tumor margin; (ii) diagnosed as a single type of primary malignant bladder tumor with pathological evidence; (iii) with complete clinicopathologic data and clinical follow-up information; (iv) with access to total neutrophil count and total lymphocyte count of peripheral blood before surgery; and (v) with access to corresponding hematoxylin–eosin (H&E) staining tumor slides.

Another 406 BCa patients meeting the first two criteria mentioned above and with open-access histopathology images from TCGA were also enrolled in this study. Detailed clinical information and RNA sequencing data was also acquired from TCGA database. RNA sequencing data was normalized using the RSEM method (13). Genes with transcriptomic value less than 70% of the total samples were eliminated for further analysis. Clinical characteristics of BCa patients recruited in this study were shown in Table 1.


Table 1 | Basic clinical characteristics of patients in the TCGA cohort and General cohort.





Whole Slide Image Process and Analysis Pipeline

Raw H&E profiles of WSI without color deconvolution or any watershed processing were segmented into tiles. We eliminated tiles with non-cell objects or excess whitespace. The eligible tiles were further scanned and detected via QuPath digital pathology software (14) to construct modules for nuclear segmentation. Nuclear segmentation was carried out for recognized objects through Watershed cell detection based on segmentation parameters (15). A serious of tiles from the same H&E image were further reconstituted for representation of the original WSI. The detected image factors were shown in Table S1.

We built an analysis pipeline based on machine learning algorithm to intelligently analyze the detected H&E image features for different clinical applications. Least absolute shrinkage and selection operator via glmnet package (16) were used to identify optimal digital pathological features and calculate coefficients of each features in pathomics-based models. The workflow of histopathology image processing and analysis pipeline was shown in Figure 1.




Figure 1 | The workflow of histopathology image processing and machine learning analysis in this study. WSI, whole slide image.





Neutrophil to Lymphocyte Ratio

NLR was defined as the total neutrophil count divided by the total lymphocyte count (9). For the patients from the Shanghai General Hospital, the total neutrophil count and the total lymphocyte count of peripheral blood were tested before surgery. For the patients in the TCGA cohort, the total neutrophil count and the total lymphocyte count were estimated from transcriptomic data by using CIBERSORT based on the abundances of 22 types of immune cell (17).



Statistical Analysis

In this study, Statistical Package for Social Sciences 24.0 software (SPSS Inc., Chicago, IL, USA) and R 3.6.2 were used to conduct data analyses. Kaplan–Meier (KM) curve analysis with hazard ratio (HR) and 95% confidence interval (CI) were carried out to identify different survival outcomes. The prognostic nomogram was established based on MLPS and NLR via the rms and nomogramEx packages in R, which was evaluated via Calibration and decision curve. The cut-off value of each prognostic biomarker in different patient cohort was set as the optional value defined through survminer packages in R.




Results


Developed and Verified the Machine Learning-Based Pathomics Signature for BCa

As shown in Figure 2A, the left vertical line which equaled to the minimum tenfold cross-validated error arrived at 6, indicating that six image factors were screened out to be the most prognostic factors for patients with BCa. The selected image factors included Nucleus/Cell area ratio, Nucleus circularity, Cell hematoxylin OD std dev, Cell area, Cell mincaliper, Cell eosin OD min.




Figure 2 | Developed and verified the pathomics-based prognosis model for BCa. (A, B) The tenfold cross-validated error and the profile of coefficients in the model at varying levels of penalization plotted against the log (lambda) sequence for least absolute shrinkage and selection operator analysis. (C) Kaplan–Meier survival analysis of overall survival predicted by pathomics-based prognosis model for BCa patients in the TCGA cohort. (D) Kaplan–Meier survival analysis of overall survival predicted by pathomics-based prognosis model for BCa patients in the validation cohort (General cohort). BCa, bladder cancer; TCGA, The Cancer Genome Atlas; MLPS, machine learning-based pathomics signature.



The regression coefficients (β) of each selected image factors were also extracted from the LASSO analysis in Figure 2B (βNucleus/Cell area ratio = −3.831038781, βNucleus circularity = −2.515644503, βCell hematoxylin OD std dev = −0.915105249, βCell area = 0.003702581, βCell mincaliper = 0.012840928, βCell eosin OD min = 0.958474254). The machine learning-based pathomics signature (MLPS) was then established as follows: MLPS = Nucleus/Cell area ratio ∗ (−3.831038781) + Nucleus circularity ∗ (−2.515644503) + Cell hematoxylin OD std dev ∗ (−0.915105249) + Cell area ∗ (0.003702581) + Cell mincaliper ∗ (0.012840928) + Cell eosin OD min ∗ (0.958474254).

We further evaluated the performance of our pathomics-based prognosis model in BCa patients through KM curve survival analysis. As shown in Figure 2C, patients in the TCGA cohort with high MLPS exhibited significantly worse clinical survival outcome when compared with patients with low MLPS (HR = 2.19, 95% CI: 1.63–2.94, p <0.0001). External validation in BCa patients from Shanghai General Hospital (General cohort) also demonstrated notably poor prognosis in BCa patients with high MLPS (HR = 3.20, 95% CI: 1.75–5.87, p = 0.0014, Figure 2D), indicating the forceful performance of the pathomics-based prognosis model for BCa patients.



Important Role of NLR in Clinical Prognosis of Patients With BCa

We next to carry out KM curve survival analysis to identify the important role of NLR in clinical prognosis of BCa patients. As shown in Figure 3A, patients in the TCGA cohort with high NLR exhibited significantly worse clinical survival outcome when compared with patients with low NLR (HR = 2.06, 95% CI: 1.29–3.27, p <0.0001). External validation in General cohort also revealed significantly poor prognosis in BCa patients with high NLR (HR = 3.69, 95% CI: 1.83–7.44 p <0.0001, Figure 3B).




Figure 3 | Important role of NLR in clinical prognosis of patients with BCa. (A) Kaplan–Meier survival analysis of overall survival predicted by NLR for BCa patients in the TCGA cohort. (B) Kaplan–Meier survival analysis of overall survival predicted by NLR for BCa patients in the validation cohort (General cohort). BCa, bladder cancer; TCGA, The Cancer Genome Atlas; NLR, neutrophil to lymphocyte ratio.



To further evaluate the important roles of MLPS and NLR for BCa patients, we performed univariate and multivariate Cox regression analysis in two different patient cohorts. We find out that both the MLPS and the NLR could act as independent prognostic factor for overall survival of patients with BCa (Table 2).


Table 2 | Univariate and multivariate cox regression analysis of prognostic markers two independent patient cohorts.





Construction and Evaluation of a Novel Nomogram Based on MLPS and NLR

Since MLPS and NLR had been proved to be independent prognostic factors for BCa patients based on the univariate and multivariate Cox regression algorithm, we further tried to construct a novel nomogram based on MLPS and NLR to improve their clinical practicability (Figure 4A). The calibration plots revealed that 1-, 3- and 5-year OS probability predicted by the integrated nomogram model had excellent agreement with actual observation (Figure 4B), indicating good ability to accurately predict OS status for BCa. Further decision curve analysis in the TCGA cohort revealed that when the threshold probability was larger than 0.42, using the novel nomogram for OS prediction added more benefit than tumor grade system (Figure 4C). Furthermore, verification of decision curve analysis in General cohort indicated that the novel nomogram acted better than both the tumor grade and stage system in prognosis prediction (Figure 4D), indicating that the nomogram was clinically useful.




Figure 4 | Construction and evolution of a prognostic nomogram based on MLPS and NLR. (A) Nomogram based on MLPS and NLR for BCa patients in the TCGA cohort. (B) Calibrate plot evaluating the nomogram-predicted probabilities of 1-, 3- and 5-years survival with the actual overall survival. (C, D) Decision curve analyses comparing overall survival benefits among the nomogram, tumor grade and stage in the TCGA cohort and the General cohort, respectively. MLPS, machine learning-based pathomics signature; NLR, neutrophil to lymphocyte ratio; BCa, bladder cancer; TCGA, The Cancer Genome Atlas.






Discussion

Artificial intelligence revolutionizes the traditional healthcare system in various areas including radiology and pathology (5, 18). Pathomics and radiomics, the applications of artificial intelligence, belong to high-throughput omics and show the eligibility in malignancy diagnosis and prediction (6, 19). In addition, cooperated with machine learning methods, pathomics has exhibited its eligibility in pathological diagnosis, including lung cancers, breast cancers, neuron cancers and skin cancers, with very high accuracy (20–23).

In this study, we firstly established and verified a pathomics-based prognosis model from WSI for predicting the survival status of BCa patients. Our prognosis model showed remarkable performance in distinguishing BCa patients with high survival risk in both two independent cohorts, indicating its potential in predicting the prognosis of BCa patients. Malignancies with polytypic nuclei, high nucleoplasm ratio and hyperchromatic nuclei usually stand for higher grade of pathological classification and worse prognosis (24). Hence, in this study, the unrevealed implications for BCa prognosis prediction might be based on classic pathological theories.

Through the currently outbreaking research on tumor immune system and tumor microenvironment, we start to realize that tumor immune response may be adjusted by tumor progression and afterwards affect tumor growth (25, 26). In addition, focal tumor immune responses show possible association with the systemic immune responses in cancer patients (25, 27). Studies show that changes in systemic inflammation environment, such as NLR, can be a useful biomarker for predicting the survival of cancer patients (25, 28, 29).

As reported previously, neutrophil can promote tumor progression through changing the tumor environment (28, 30). Whereas lymphocytes, especially CD8 positive T cells, are the main forces to suppressing and removing tumor cells (28, 31). The important roles of inflammatory markers in urothelial carcinoma have also been gradually recognized. The combination of preoperative NLR, C-reactive protein, and plasma fibrinogen could act as an effective predictor for prognosis of patient with upper tract urothelial carcinoma (32). In addition, pretreatment NLR was proved to be associated with advanced tumor stage and increased cancer-specific mortality in BCa patients receiving radical cystectomy (33).

Here, we constructed and evaluated a novel nomogram based on MLPS and NLR for BCa patients. The MLPS based on WSIs contains various important pathologic features, including nucleus/cell area ratio, nucleus circularity, and cell area. The NLR value can reflect the systemic immune response background, which is detected from peripheral blood. The combination analysis of MLPS and NLR can improve the unilateral prognostic analysis and hence increase the prognostic accuracy. Intriguingly, considering the NLR can predict traditional chemotherapy outcomes in BCa patients (34), the integrated nomogram might show the potential for further drug resistance prediction.

Limitations could also be found in this study. Firstly, only 43 pathological signatures were detected from the segmented tile of each WSI, which reflects the need of more robust segmentation methods. Secondly, our study is retrospective and may be subject to inherent biases, although we have verified our major results in two independent patient cohorts. The machine learning-based models still need further verifications from prospective studies.



Conclusion

In conclusion, we identified the important roles of MLPS and NLR in the prognosis prediction of patients with BCa. The novel prognostic nomogram based on MLPS and NLR was further constructed and evaluated to act as an excellent survival predictor and provide a scalable and cost-effective method for clinicians to facilitate individualized therapy. Nevertheless, prospective studies are still needed for further verifications.
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Objective

To assess the effect of fibrin clot inhibitors (aspirin, clopidogrel, and warfarin) and statins on intravesical BCG therapy.



Method

A systematic literature search was carried out through PubMed, Embase, and the Cochrane Central Search Library in March 2020. Accumulative analyses of odds ratios (ORs), hazard ratio (HR), and corresponding 95% confidence intervals (CIs) were performed. All analyses were performed by using Review Manager software version 5.3 and Stata 15.1.



Results

Four cohort studies and nine case–control studies containing 3,451 patients were included. The pooled analysis indicated that statins (HR = 1.00; 95%CI, 0.82 to 1.22; p = 1.00) and fibrin clot inhibitors (HR = 1.01; 95%CI, 0.64 to 1.59; p = 0.98) did not affect the efficacy of BCG on recurrence-free survival. The cumulative analysis showed that statins (HR = 0.79; 95%CI, 0.41 to 1.49; p = 0.46) and fibrin clot inhibitors (HR = 1.62; 95%CI, 0.90 to 2.91; p = 0.11) did not affect the efficacy of BCG on progression-free survival. There were no differences on cancer-specific survival (HR = 1.68; 95%CI, 0.64 to 4.40; p = 0.29) and overall survival (HR = 1.13; 95%CI, 0.73 to 1.78; p = 0.58) after taking statins.



Conclusion

The present study shows that the application of fibrin clot inhibitors and statins do not influence the efficacy of BCG on oncological prognosis. Consequently, we do not need to stop using them or change to other drugs during intravesical BCG treatment. However, large-scale multi-center prospective research is still needed to confirm the above conclusions.





Keywords: statins, fibrin clot inhibitors, Bacille Calmette–Guérin, bladder cancer, prognosis



Introduction

Bladder cancer (BCa) is the most common tumor in the urinary system. In 2020, it was estimated that there will be more than 80,000 cases diagnosed in the United States (1). About 75% of bladder cancer patients belong to non-muscle invasive bladder cancer (NMIBC). Transurethral resection of bladder tumor (TURBT) followed by intravesical Bacille Calmette–Guérin (BCG) is the main therapy for high-risk NMIBC (2). The mechanism of intravesical BCG treatment is the immunity it offers after inflammatory response: after the attachment of BCG, innate immunity is induced, which further creates a cytokine milieu, attracting cellular response and triggering tumor-specific immunity (3).

As the age range of patients with a high risk for developing BCa is similar to that of cardiovascular diseases, clinicians often encounter patients taking cardiovascular drugs during the same time of BCG treatment. Some in vitro experiments indicated that certain cardiovascular drugs would affect the immune situation and reduce the efficacy of BCG. However, clinical studies showed a conflicting result. Hoffmann et al. demonstrated that breaking off the statin therapy during BCG therapy might improve the clinical outcome (4). In contrast, Skolarus et al. showed that statin use was not associated with adverse outcomes for patients undergoing BCG treatment for bladder cancer (5). Furthermore, Boorjian et al. demonstrated that the risks of recurrence and progression were higher in patients on warfarin, while the risk of progression was lower in patients on aspirin (6). Inversely, Lipsky et al. showed that FCI (fibrin clot inhibitors) did not substantiate a significant impact on BCG efficacy (7).

Different studies give different results, consequently, we aimed to figure out whether or not common cardiovascular drugs will affect the efficacy of BCG. Therefore, we intended to compare the prognosis of patients who took fibrin clot inhibitors or statins during BCG bladder infusion to the prognosis of patients who did not take these medications.



Methods

The research protocol was carried out according to the Preferred reporting items for systematic review and meta-analyses (PRISMA) statement (8).


Search Strategy

We selected related research by searching PubMed, Embase, and the Cochrane Central Search Library in March 2020. The following search formula was used: [Fibrin Clot Inhibitors OR Aspirin OR Warfarin OR Clopidogrel OR Statins] AND [Urinary Bladder (Mesh) OR Bladder] AND [Neoplasms (Mesh) OR Cancer OR Carcinoma OR Tumor] AND [BCG Vaccine (Mesh) OR Bacillus Calmette–Guérin OR Bacillus Calmette Guerin Vaccine OR Calmette Vaccine]. We screened all titles and abstracts and searched the references included in the study one by one.



Inclusion and Exclusion Criteria

We included all randomized controlled studies, cohort studies, and case–control studies that are in the English language.

At the same time, the articles needed to achieve the following criteria: 1) Containing an experimental group and a control group; 2) Containing information about recurrence rate, progression rate, recurrence-free survival (RFS), progression-free survival (PFS), cancer-specific survival (CSS), and overall survival (OS); 3) Application of FCI or statins in the period of intravesical instillation of BCG; 4) BCG is the drug of the intravesical instillation.

On the other hand, ineligible article types such as review articles, case reports, editorials, letters, and conference abstracts were excluded. In addition, there are some exclusion criteria: 1) Cardiovascular drugs that did not include FCI and statins; 2) Instillation of chemotherapy drugs such as gemcitabine and doxorubicin.



Data Extraction

All the titles and abstracts were independently filtered by two reviewers. If there were encountered disputes, a third reviewer will be consulted to make decisions. The following information was extracted by reviewers: author, study year, country, study type, age, tumor stage, definition of experiment and control, number of samples, events of experiment and control, survival analysis, follow-up, and duration of BCG treatment. Odds ratio (OR) with 95% CI was used for dichotomous variables. Hazard ratio (HR) with 95% CI was used for survival variables. If not available, HR with 95% CI was computed according to Tierney et al.’s suggestions (9). We defined the application of cardiovascular drugs as the experimental group and no drugs as the control group.



Statistical Analysis and Quality Assessment

As the included pieces of literature are case–control studies and cohort studies, Newcastle-Ottawa Scale was used to assess quality (10). When the score was 7–9, it was considered a high-quality study. Eventually, eleven studies were classified into high quality.

Review Manager 5.3 (The Cochrane Collaboration, The Nordic Cochrane Centre, Copenhagen) was used to complete the meta-analysis. Statistical heterogeneity was detected by using the X2 test with a significance set at p <0.10. The degree of heterogeneity was measured by the value of I-squared (I2) (I2 <25%: no heterogeneity; I2 = 25–50%: moderate heterogeneity; I2 >50%: large heterogeneity). When the heterogeneity was large, the random-effects model was applied and if not, the fixed-effects model was chosen. A funnel plot was used to assess publication bias. We conducted a sensitivity analysis by the leave-one-out cross-validation, and to assess the stability of the pooling results, Stata/SE 15.1 software was performed.




Results


Characteristics of the Included Studies

Finally, thirteen studies (4–7, 11–19) were included, which contained 3,451 patients. The detailed inclusion process can be seen in (Figure 1). Years of these studies ranged from 1990 to 2017; the covered patients were from North America, Europe, Asia, and Oceania. According to the medications that were taken at the time that the research was done, five studies were about statins, seven studies were concerning fibrin clot inhibitors, and one study applied both of them. The comprehensive characteristics of the eligible articles were listed in Table 1.




Figure 1 | Flow chart of study selection.




Table 1 | Comprehensive characteristics of the included patients.





Cardiovascular Drugs’ Effect on Recurrence and Progression

The results in the paragraph are dichotomous variables. Ten studies containing 3,062 patients reported cardiovascular drugs’ effect on recurrence. Three studies (Figure 2A) applying statins (OR =1.38; 95% CI, 0.97 to 1.97; p = 0.07) and seven studies (Figure 2B) applying fibrin clot inhibitors (OR = 1.08; 95%CI, 0.58 to 1.99; p = 0.81) showed that there was no significant difference between the two groups on recurrence. With no heterogeneity (I2 = 0%; p = 0.60), a fixed-effect model was used in statins. With large heterogeneity (I2 = 64%; p = 0.01), a random-effect model was used in fibrin clot inhibitors. A subgroup analysis on different fibrin clot inhibitors demonstrated that aspirin (OR = 0.62; 95% CI, 0.32 to 1.23; p = 0.17), warfarin (OR = 1.74; 95% CI, 0.52 to 5.83; p = 0.37), and clopidogrel (OR = 0.71; 95% CI, 0.16 to 3.14; p = 0.65) did not affect the efficacy of BCG on recurrence (Figure 2C).




Figure 2 | Forest plot for cardiovascular drugs’ effect on recurrence: (A) Statins, (B) fibrin clot inhibitors, (C) subgroup analysis of fibrin clot inhibitors (aspirin, warfarin, and clopidogrel).



Seven studies included 925 patients reporting cardiovascular drugs’ effect on progression. In details, four studies (Figure 3A) applying statins (OR = 1.53; 95%CI, 0.95 to 2.44; p = 0.08), and the other three studies (Figure 3B) applying fibrin clot inhibitors (OR = 0.58; 95% CI, 0.26 to 1.26; p = 0.17) showed that there were no significant differences between the two groups on progression. With no heterogeneity in statins (I2 = 43%; p = 0.15) and fibrin clot inhibitors (I2 = 0%; p = 0.96), a fixed-effect model was used in both of them.




Figure 3 | Forest plot for cardiovascular drugs’ effect on progression: (A) Statins, (B) fibrin clot inhibitors.





Cardiovascular Drugs’ Effect on RFS and PFS

Eleven studies included 3,121 patients reporting cardiovascular drugs’ effect on RFS. Three studies (Figure 4A) applying statins (HR = 1.00; 95%CI, 0.82 to 1.22; p = 1.00) and the other eight studies (Figure 4B) applying fibrin clot inhibitors (HR = 1.01; 95% CI, 0.64 to 1.59; p = 0.98) showed that there were no significant differences between the two groups on RFS. With no heterogeneity in statins (I2 = 0%; p = 0.86), a fixed-effect model was used in statins. With no heterogeneity (I2 = 67%; p = 0.003), a random-effect model was used in fibrin clot inhibitors. A subgroup analysis on different fibrin clot inhibitors demonstrated that aspirin (HR = 1.32; 95% CI, 0.81 to 2.13; p = 0.26), warfarin (HR = 0.82; 95% CI, 0.62 to 1.09; p = 0.16) and clopidogrel (HR = 0.74; 95% CI, 0.52 to 1.05; p = 0.09) did not affect the efficacy of BCG on RFS (Figure 4C).




Figure 4 | Forest plot for cardiovascular drugs’ effect on RFS: (A) Statins, (B) fibrin clot inhibitors, (C) subgroup analysis of fibrin clot inhibitors (aspirin, warfarin, and clopidogrel).



Nine studies included 1,150 patients reporting cardiovascular drugs’ effect on PFS. Five studies (Figure 5A) applying statins (HR = 0.79; 95% CI, 0.41 to 1.49; p = 0.46) and the other four studies (Figure 5B) applying fibrin clot inhibitors (HR = 1.62; 95%CI, 0.90 to 2.91; p = 0.11) showed that there were no significant differences between the two groups on PFS. With moderate heterogeneity in statins (I2 = 48%; p = 0.10), a fixed-effect model was used in statins. With no heterogeneity (I2 = 0%; p = 1.00), a fixed-effect model was used in fibrin clot inhibitors.




Figure 5 | Forest plot for cardiovascular drugs’ effect on PFS: (A) Statins, (B) fibrin clot inhibitors.





Cardiovascular Drugs’ Effect on CSS and OS

Three studies (Figure 6A) included 553 patients reporting cardiovascular drugs’ effect on CSS. All of them applying statins (HR = 1.68; 95% CI, 0.64 to 4.40; p = 0.29) showed that there was no significant difference between the two groups on CSS. With no heterogeneity (I2 = 3%; p = 0.36), a fixed-effect model was used.




Figure 6 | Forest plot for cardiovascular drugs’ effect on CSS and OS: (A) CSS, (B) OS.



Three studies (Figure 6B) included 553 patients reporting cardiovascular drugs’ effect on OS. All of them applying statins (HR = 1.13; 95% CI, 0.73 to 1.78; p = 0.58) showed that there was no significant difference between the two groups on OS. With no heterogeneity (I2 = 0%; p = 0.65), a fixed-effect model was used.



Sensitivity Analysis and Publication Bias

In order to assess the stability of results, we conducted leave-one-out cross-validation (Supplementary Figures 1, 2) to test the outcomes. The results showed that the overall OR and HR did not change significantly after excluding the studies with heterogeneity.

Furthermore, funnel plots (Supplementary Figures 3, 4) were used to evaluate the risk of publication bias, and some asymmetries were found in the result which meant a publication bias did exist.




Discussion

It has been almost forty years since clinicians have been applying intravesical BCG infusion to reduce the recurrence and progression of bladder cancer. In 1980, Lamm et al. (20) first reported that BCG intravesical therapy following TURBT is better than TURBT only. However, the anti-tumor mechanism of BCG had not been well clarified.

An up-to-date review indicated that BCG affected on anti-tumor procedure by inducing inflammatory cytokines and immune cells into bladder cancer tissues (21). Immune cells including natural killer cells, CD4+/CD8+ lymphocytes, macrophages, granulocytes, and dendritic cells are involved in BCG anti-tumor process (22). Cytokines include IL-1, IL-2, IL-5, IL-6, IL-8, IL-10, IL-12, IL-18, TNF, IFN-γ and granulocyte–macrophage colony-stimulating factor (GM-CSF) are involved in BCG anti-tumor process (23).

In our analysis, taking statins during BCG immunotherapy had no effects on patients’ prognosis—RFS and PFS. Theoretically, statins inhibited the immune system in some ways. For example, statins have shown the capability of attenuating the chronic inflammation associated with atherosclerosis (24). It was suggested that statins reduce inflammation by favoring T-helper-2 cell responses over T-helper-1 responses and by up-regulating regulatory T cells (25, 26). However, except for Paul Hoffman’s study, most of the included studies (5, 11, 12, 16, 18) indicated that there was no significant difference in prognosis between the patients taking or not taking statins. For instance, Ryan K. Berglund’s research (11), the largest sample size study which included 245 statin users and 707 control patients, showed similar outcomes on recurrence and RFS between the two groups. From our point of view, the patients in clinical research studies resulted in contradictory outcomes compared to fundamental research studies. For example, statin users were more likely to undergo detections and interventions without delay, which could lead to a better prognosis.

In our results, fibrin clot inhibitors (aspirin, clopidogrel, and warfarin) also did not affect the prognosis of patients—RFS and PFS. On the one hand, some researchers reported that fibrin clot inhibitors would reduce extracellular matrix protein which mediates BCG attachment to the region of urothelial disruption which lessened the effect of BCG (27, 28). On the other hand, fibrin clot inhibitors caused the interruption of the coagulation cascade by local or systemic anticoagulation, preventing the adhesion and implantation of tumor cells (27, 28). When we conducted subgroup analysis according to different fibrin clot inhibitors (aspirin, clopidogrel, and warfarin), the results of subgroup analysis were the same as the comprehensive outcomes. However, Boorjian et al. considered that aspirin and warfarin had the opposite effect on BCG therapy——the risks of recurrence and progression were higher in patients on warfarin, while the risk of progression was lower in patients on aspirin (6). We hold the opinion that aspirin repressing Cox enzymes, especially Cox-2, would increase the production of interleukin-12 after BCG therapy, which could enhance the efficacy of BCG. However, warfarin lacked this underlying mechanism.

The reasons for the differences we found while analyzing are the following: First of all, the studies that indicated positive results have the same feature: small sample size. Their experimental groups just contained nine, nineteen, and twenty patients, respectively. Moreover, the included studies lacked dose-related data, so the confounding factors of drug dosage in the pooled analysis could not be assessed.

There were some limitations in our meta-analysis. Above all, all eligible studies were not randomized controlled trials. The lack of random sequence generation and blinding of participants might lead to various biases. Secondly, some included pieces of literature did not give the duration and dosage of the BCG therapy taken. Consequently, we cannot analyze the effect of FCI/statins during the induction period and the maintenance period. Finally, several HRs are calculated based on the data derived from the survival curve, which might cause deviations.



Conclusion

The present study shows that the application of fibrin clot inhibitors and statins does not influence the efficacy of BCG on oncological prognosis. Consequently, we do not need to stop using them or change to other drugs during intravesical BCG treatment. However, large-scale multi-center prospective research is still needed to confirm the above conclusions.
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Clear cell renal cell carcinoma (ccRCC) is the most common renal cell carcinoma and has poor prognosis in the locally advanced stage. Ferroptosis, a relatively new type of cell death, has gained significant attention in recent years. This study aimed to explore the prognostic value of ferroptosis-related genes (FRGs) in ccRCC. In this study, 50 differentially expressed FRGs between ccRCC and adjacent normal kidney tissues were identified, 26 of them correlated with overall survival (OS) (P <0.05). Eight optimal FRGs were selected by Lasso regression and multivariate Cox regression analysis, and used to construct a new prognostic risk signature to predict the prognosis of ccRCC patients. In addition, the signature passed the validation of prognostic survival analyses by a significant margin, and the risk score was identified as an independent prognostic marker via Cox regression analyses. Further studies indicated that the signature was significantly correlated with immune cell infiltration. Moreover, the levels of eight FRGs were examined in ccRCC. Collectively, the 8-FRG prognostic risk signature helps the clinicians predict the prognosis and OS of the patients, and standardize prognostic assessments.
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Introduction

Renal cancer accounts for approximately 2–3% of the adult malignancies and 80–90% of the adult renal malignancies (1). Approximately 80% of the RCC cases are Clear cell renal cell carcinoma (ccRCC) (2). Often asymptomatic in the early stages, ccRCC is suspected when the tumor volume increases and the patient develops fever, fatigue and other systemic symptoms (3). In addition, the microscopic appearance is often confused with granular cell carcinoma and spindle cell carcinoma, which makes it very difficult to grade under microscope (4). Recent studies have shown that high-risk ccRCC patients treated with the active drugs have no significant changes in the overall survival (OS) (5). To monitor the disease progression, the scientific community should explore novel and effective biomarkers for ccRCC prognosis, including the new prognostic signatures.

Ferroptosis is a novel cell death modality that has recently been investigated (6). With the advent of malignant drug-resistant tumors and the weakening of the effect of conventional anticancer treatment, the induction of ferroptosis in cells has become a new promising treatment for various cancers (7, 8). Increasing evidence has demonstrated that ferroptosis plays a key role in the regulation of the progression of various human cancers, including Head and neck squamous cell carcinoma (9, 10). CISD1, a typical ferroptosis-related gene (FRG), negatively regulates ferroptosis (11). In contrast, NCOA4 and MT1G have been found to sustain ferroptosis (12, 13). However, the roles of FRGs in the prognosis of ccRCC remain largely unknown.

In this study, we screened eight optimal FRGs to construct a new prognostic risk signature according to transcriptional and relevant clinical data of ccRCC patients obtained from the TCGA database. The prognostic value of this signature was verified via a series of OS-related analyses. In addition, the clinical traits and immune mechanisms of this prognostic risk model were analyzed to validate the accuracy of the signature. Finally, the levels of eight FRGs from the signature were examined in 20 paired ccRCC tissues and adjacent non-tumorous tissues by quantitative real-time PCR (qRT-PCR).



Materials and Methods


Database

All the mRNA expression files were obtained from the TCGA portal using the GDC tool (https://portal.gdc.cancer.gov/). The files contained data about ccRCC (n = 539) and adjacent nontumorous kidney samples (n = 72). Corresponding clinicopathological characteristics, consisting of OS and cancer specific survival (CSS) for ccRCC patients (n = 533), were also obtained from the TCGA database.

According to the patients’ ID numbers, we matched their transcriptomic data and clinical information, the data of the mismatched patients were removed. Thus, we obtained complete gene expression profiles of 526 ccRCC patients. Using R package “caret”, all ccRCC patients were randomized into two cohorts: the training cohort and the testing cohort (7:3). Specific clinical parameters for the two cohorts and the entire TCGA cohort were shown in Table 1. A total of 60 FRGs utilized in this study were obtained from the previous literature (Supplementary Table 1) (7). The 318 transcription factors (TFs) and relevant contents of immune cells of the TCGA database were downloaded from CISTROME (http://cistrome.org/) (14).


Table 1 | The clinical characteristics and associated cohorts of 526 ccRCC patients.





Identification of Prognostic Differentially Expressed Ferroptosis-Related Genes

The “limma” R package was performed to measure the differential expression in the training cohort, the false discovery rate (FDR) was calculated by the Benjamin–Hochberg method (15). In brief, the prognostic differentially expressed ferroptosis-related genes (PDEFRGs) were identified via univariate Cox analysis, only DEFRGs with FDR less than 0.05 were identified as OS-related genes. In this study, FRGs significantly associated with OS were considered as prognosis related FRGs. In addition, the Venn diagram was drawn to show these genes.



Protein–Protein Interaction (PPI) Network of PDEFRGs

To explore the PPI relationships between PDEFRGs, a PPI network was performed by the STRING database (version 11.0) and Cytoscape software 3.6.1 (https://cytoscape.org/) (16). In addition, the connections between TFs and FRGs were determined by Cytoscape software.



Generation of the 8-FRG Prognostic Risk Signature

We removed those FRGs that were over fit to the model via least absolute shrinkage and selection operator (Lasso) regression analysis (17). Eight optimal FRGs were finally selected by the multivariate Cox regression analysis and their regression coefficients were calculated (18). The regression coefficients and the expression levels of eight FRGs were used to achieve the risk score of each ccRCC patient, based on the following formula:

	

According to the cut-off value, which was the median risk score of the training cohort, we categorized the ccRCC patients in each cohort into two groups: high-risk and low-risk groups. Thus, the 8-FRG prognostic risk signature was generated from the training cohort.



Survival and Immune Analyses

Kaplan–Meier curves and the operating characteristic curve (ROC) analysis were created to calculate the prognostic value of the 8-FRG prognostic risk signature. For ROC analysis, an area under the ROC (AUC) value >0.70 means that the model has an excellent predictive value (19, 20). Using the univariate and multivariate Cox regression analyses, several essential clinical characteristics and the 8-FRG prognostic risk signature were further analyzed. Next, the independent prognostic factors of ccRCC were included into the FRGs-clinical nomogram. The calibrate curve analysis and decision curve analysis (DCA) were applied to validate the accuracy of the nomogram. Finally, the single-sample gene set enrichment analysis (ssGSEA) was performed to obtain the infiltrating score between high- and low-risk groups (21). The relevant gene set file of GSEA analysis used in ssGSEA is provided in Supplementary Table 2. Utilizing the relevant contents of six main immune cells of TCGA database, the immune correlation analysis was performed via R package “corrplot”.



Validation of qRT-PCR

We obtained 20 pairs of ccRCC and adjacent tumor tissue samples from The First Affiliated Hospital of Wenzhou Medical University. The use of these clinical samples was approved by the ethics committee of The First Affiliated Hospital of Wenzhou Medical University. For this study, patients signed a written informed consent. qRT-PCR was performed to evaluate the differences in the mRNA expression. The total RNA from ccRCC and adjacent normal tissues was extracted using TRIzol reagent. The mRNA was then reverse transcribed into cDNA using ribo SCRIPTTM reverse transcription kit. The expression level of mRNA was calibrated with glyceraldehyde-3-phosphate dehydrogenase (GAPDH). SYBR Green master mix was added, and real-time PCR was carried out using a 7500 rapid quantitative PCR system (Applied Biosystems, USA). The CT value of each well was recorded, and the relative quantification of the amplified products was performed using the 2−ΔCt method.



Statistical Analysis

The R software (version 4.0.2) downloaded from (https://www.r-project.org/) was utilized to perform all statistical analyses. The rank correlation was further assessed through the performance of the Pearson correlation coefficient test among the different variables. Independent t-tests were also performed to compare gene expression among different tissues. In all analyses, we set the statistical significance at P <0.05.




Results


Twenty-Six Prognostic Differentially Expressed Ferroptosis-Related Genes Were Identified

The overall workflow of this study is shown in Figure 1. In the training cohort, most of the FRGs (50/60, 83.3%) were differentially expressed in ccRCC tissues as compared with adjacent non-tumorous tissues. Via univariate Cox regression analysis, we identified 26 of them were significantly correlated with OS (P <0.05). Thus, 26 PDEFRGs were selected, as shown in Venn diagram (Figures 2A–C). Through the PPI network, we found that ACACA, FTH1 and HMGCR may be the hub genes (Figure 3A). The correlation of these PDEFRGs was shown in Figure 3B. Among 318 TFs, 253 were found significantly associated with differential expression of all FRGs. Thus, we developed a TFs-FRGs regulatory network to explain the regulatory relationships extensively (Figure 3C).




Figure 1 | The overall workflow of this study.






Figure 2 | Identification of 26 PDEFRGs. (A) Venn diagram showing 26 PDEFRGs between DEFRGs and prognostic genes. (B) The heat map of 26 PDEFRGs. (C) Forest plots showing that 26 PDEFRGs correlated with OS (P < 0.05).






Figure 3 | Network of FRGs. (A) PPI network constructed with the nodes with interaction confidence value >0.15 of 26 PDEFRGs. (B) The correlation network of 26 PDEFRGs. Different colors represent the correlation coefficients. (C) TFs-FRGs network; the green nodes: FRGs with low risk (P < 0.05), the red nodes: FRGs with high risk (P < 0.05), the blue nodes: TFs that correlated with the FRGs (correlation coefficient >0.4).





Eight Optimal Prognostic Differentially Expressed Ferroptosis-Related Genes Were Selected in the Training Cohort

Using the Lasso regression analysis, we removed 15 PDEFRGs that were overfit to the model (Figures 4A, B). Then, the multivariate Cox regression analysis was used to select eight optimal FRGs: AKR1C1, CARS1, HMGCR, CRYAB, MT1G, NCOA4, ACACA and FADS2 (Figures 4C, D). Among them, CARS1, MT1G, ACACA and FADS2 were identified as high-risk genes while AKR1C1, HMGCR, CRYAB and NCOA4 were categorized as low-risk genes. Moreover, the coefficients of eight FRGs were obtained through multivariate Cox regression analysis.




Figure 4 | Identification of eight optimal FRGs. (A, B) LASSO regression analyses of 26 PDEFRGs. (C) Forest plots showing eight selected optimal risk FRGs. (D) The heat map of eight optimal FRGs.





Generation of the Eight Ferroptosis-Related Genes Prognostic Risk Signature

The mRNA expression levels and relevant coefficients of the eight optimal PDEFRGs were used to calculate the risk score as per the following formula:

	

The ccRCC patients were categorized into a high-risk group (n = 185) and a low-risk group (n = 186) (Figure 5A). Kaplan–Meier curve indicated that high-risk patients had a significantly worse OS compared with the low-risk group patients (P <0.001) (Figure 5D). Time-dependent ROC curves were applied to evaluate the predictive capability of the risk score for OS. All the AUC values reached 0.70 (Figure 5C). The survival status scatter plot showed that the ccRCC patients classified as the high-risk group had a poor prognosis than those classified as low-risk (Figure 5B). The principal component analysis (PCA) plot indicated that the patients in different risk groups were distributed in two directions (Figure 5E). Moreover, cancer specific survival (CSS) analysis was performed. The patients in the training cohort were categorized into high- and low-risk groups (Figure 5F). The findings of CSS analysis were similar to the previous findings of OS (Figures 5G–J).




Figure 5 | Survival analyses of the signature in the training cohort. (A–E) Survival analyses for patients with OS. (A) Risk score distribution of patients. (B) Survival status scatter plot. (C) Time-dependent ROC curve. (D) Kaplan–Meier curve. (E) PCA plot based on the risk score. (F–J). Survival analyses for patients with CSS. (F) Risk score distribution of patients. (G) Survival status scatter plot. (H) Time-dependent ROC curve. (I) Kaplan–Meier curve. (J) PCA plot based on the risk score.





Survival Analyses of the Eight Ferroptosis-Related Genes Prognostic Risk Signature in the Validation Cohorts

To validate it, the risk score was also calculated in the testing cohort (n = 155) and the entire TCGA cohort (n = 576). In the testing cohort, 77 patients were classified as high-risk and 78 as low-risk, respectively (Figure 7A). Likewise, in the entire TCGA cohort, 263 patients were classified as high-risk and 263 patients as low-risk, respectively (Figure 7D). In line with the training cohort, lower OS could be found in patients with high-risk in both the testing cohort and the entire TCGA cohort (P <0.05) (Figures 6A, B). Next, the AUC of the 8-FRG risk model in the testing cohort was 0.801 in the 1st year, 0.682 in the 2nd year, and 0.749 in the 3rd year (Figure 6C). Accordingly, in the entire TCGA cohort, the AUC was 0.787 in the 1st year, 0.738 in the 2nd year, and 0.747 in the 3rd year (Figure 6D). All these ROC data were in line with the results of the training cohort. In addition, both the survival status scatter and PCA plots were shown in Figures 7B, C, E, F, respectively. All these data suggest that our model may contribute to the prognosis prediction of ccRCC patients.




Figure 6 | Survival analyses in the validation cohorts. (A, B) Kaplan–Meier curve of the testing cohort (A) and the entire TCGA cohort (B). (C, D) Time-dependent ROC curve of the testing cohort (C) and the entire TCGA cohort (D).






Figure 7 | Validation of the signature in the validation cohorts. (A, D) Risk score distribution of patients in the testing cohort (A) and the entire TCGA cohort (D). (B, E). Survival status scatter plot of patients in the testing cohort (B) and the entire TCGA cohort (E). (C, F) PCA plot in the testing cohort (C) and the entire TCGA cohort (F).





Identification of the Independent Prognostic Factors

In the entire TCGA cohort, the univariate and multivariate Cox regression analyses were performed to identify the independent prognostic factors among the risk score and clinical parameters (age, gender, grade, stage T, stages N and M). The univariate analysis indicated that clinical parameters (age, stages T and M) and risk score were correlated with ccRCC prognosis (P <0.05) (Figure 8A). The multivariate Cox regression analysis revealed that the risk score was independently associated with OS (P <0.05) (Figure 8B). Moreover, clinical variables such as age, stages T and M were also identified as the independent prognostic factors (P <0.05).




Figure 8 | Construction of a new prognostic nomogram. (A) Univariate Cox regression analyses (B) Multivariate Cox regression analyses (C) Nomogram analyses of the selected prognostic factors.





Generation and Validation of a New Prognostic Nomogram

Base on the clinical features (age, stage T and stage M) and the risk score, a new prognostic nomogram was constructed to further predict ccRCC prognosis (Figure 8C). As validated by the calibrate curves and DCA curves, the nomogram had a favorable prognostic effect (Figures 9A–F).




Figure 9 | Verification of the nomogram performance. (A) The calibrate curve of 1st year. (B) The calibrate curve of 2nd year. (C) The calibrate curve of 3rd year. (D) The DCA plot of 1st year. (E) The DCA plot of 2nd year. (F) The DCA plot of 3rd year.





Risk Score of the Eight Ferroptosis-Related Genes Signature Had a Significant Correlation With the Immune Infiltration

The immune correlation analysis revealed that this signature had a significant correlation with the levels of certain immune cells (CD4_T cell, CD8_T cell, neutrophils, macrophages and dendritic cells) in ccRCC (P <0.05) (Figures 10A–F). As per the enrichment scores based on the ssGSEA analyses, the levels of several immune cells, including the score of aDCs, iDCs, macrophages, mast_cells, Neutrophils, T helper_cells, Tfh, Th1_cells, Th2_cells, and TIL were significantly different between the different risk groups (P <0.05, Figure 11A). Immune pathway analysis showed that the score of type II IFN response had a negative association with the risk score of patients, while the T_cell_co-stimulation and parainflammation had the opposite effect (P <0.05, Figure 11B). Our results suggest that the signature significantly correlates with immune infiltration.




Figure 10 | The immune correlation analyses of the signature. (A) B cells. (B) CD4+ T cells. (C) CD8+ T cells. (D) Dendritic cells. (E) Macrophages. (F) Neutrophils.






Figure 11 | Comparison of the ssGSEA scores. (A) The scores of 16 immune cells are displayed in boxplots. (B) The scores of 13 immune-related functions are displayed in boxplots. Adjusted P values were showed as: ns, not significant; *P < 0.05; **P < 0.01; ***P < 0.001.





Overall Survival Validation of Different Clinical Subgroups by Stratified Survival Analysis

The K–M survival curves indicated that in most subgroups categorized based on the TMN stage, the OS of low-risk patients was significantly better than the OS of those with high-risk (Figure 12, P <0.05). Only these patients with T4 stage were not eligible, which may be related to the low number of samples.




Figure 12 | Stratified survival analysis of patients with different TMN stage.





Validation of the Expression of Ferroptosis-Related Genes in ccRCC

qRT-PCR was performed to examine the mRNA expression levels of eight FRGs in 20 paired ccRCC and adjacent non-tumorous tissues. We found increased CARS1, CRYAB and FADS2 expression in ccRCC tissues as compared with adjacent non-tumorous tissues, while the expression of other five FRGs was reduced in ccRCC (Figure 13).




Figure 13 | Validation of qRT-PCR. The mRNA expression levels for each FRG in the signature was verified by qRT-PCR.






Discussion

With the increase in the novel treatment options for ccRCC, promising biomarkers for monitoring the ccRCC prognosis are urgently needed (22). Disorders of FRGs have been reported in numerous malignant tumors, suggesting a vital role of FRGs in tumor progression (23, 24). The abnormal FRGs are reported to be involved in the initiation and progression of ccRCC (12, 25). However, the comprehensive understanding of FRGs and ccRCC prognosis remains largely unknown.

The results of the present study established a novel ferroptosis-related prognostic gene signature for ccRCC patients. We systemically explored the prognosis and function of significant FRGs and identified 26 PDEFRGs in ccRCC. Further, we constructed the signature of eight FRGs. This signature contributed to a better prediction of ccRCC prognosis and provided potential therapeutic targets for ccRCC.

AKR1C1, CARS1, HMGCR, CRYAB, MT1G, NCOA4, ACACA and FADS2 are the FGRs included in the eight-FRG signature. AKR1C1 plays a key role in the regulation of autophagy and oxidative stress in the non-small cell lung cancer (26). Down regulation of ACACA expression is associated with the inhibition of malignant progression of prostate cancer (27). Nie et al. constructed a novel prognostic signature involving CARS1, which effectively predicted the prognosis of colon cancer (28). CRYAB has been reported to be a potential therapeutic target for nasopharyngeal carcinoma (29). The inhibition of HMGCR stabilizes the glycolytic enzyme PKM2 and promotes the growth of RCC (30). MT1G is reported to be hypermethylated in RCC (31). Low expression of NCOA4 is associated with ccRCC progression, and poor prognosis and immune infiltration in ccRCC patients (12). Wu et al. developed an 11 metabolic gene signature-based prognostic model in ccRCC (32). Interestingly, FADS2, which is incorporated in our model, was also incorporated in their model. But, only HMGCR and NCOA4 were explored in RCC, whereas the other six FRGs were not investigated. Herein, we examined the expression of eight FRGs using qRT-PCR in paired ccRCC and adjacent non-tumorous tissues.

Recently, lines of evidence have demonstrated that the immune infiltration participates in the progression of ccRCC. For instance, Chakiryan et al. found that common somatic mutations in ccRCC may correlate with immune infiltration (33). Bai et al. also found that various types of immune cells and the immune functions are correlated with ccRCC progression (34). It is known that ferroptosis could trigger dendritic cell maturation to exert their anti-tumor immune effects (35). T-cells play an important role in the tumor topology and efficacy of various therapeutic strategies for ccRCC (36). In addition, ccRCC with high expression of C4-activating enzyme C1s, may involve the infiltration of macrophages and T cells (37). Therefore, whether the risk score of our prognosis model is associated with immune cell infiltration was explored. Interestingly, with the increase in risk score, the levels of immune cells (CD4_T cell, CD8_T cell, neutrophils, macrophages and dendritic cells) were also increased. Our data suggest that the signature of eight FRGs is associated with immune cell infiltration.

Recently, the prognosis prediction potential of FRGs has been explored in many human cancers. For example, Zhu et al. demonstrated the utility of a 4-FRGs model in predicting the prognosis of esophageal adenocarcinoma (38). Zheng et al. developed a 12-FRGs model to better predict the prognosis of patients with lower-grade gliomas (39). Jiang and his colleagues constructed an eight-gene ferroptosis-related prognostic model to predict the prognosis of gastric cancer patients (40). Our study has many advantages. Firstly, a novel 8-FRG prognostic risk signature for ccRCC was constructed, which contributes to the ccRCC prognosis prediction. Secondly, clinical features are integrated into the 8-FRG model to construct a nomogram, which improves the prognosis prediction ability in ccRCC. Finally, this signature is significantly correlated with immune cell infiltration. More clinical databases should be used to verify the accuracy of this 8-FRG prognostic risk signature in the future studies.

In conclusion, we disclose a novel 8-FRG prognostic risk signature for ccRCC, contributing to the prognosis prediction of ccRCC patients.
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Background

Kidney Renal Clear Cell Carcinoma (KIRC) is one of the most prevalent types of cancer worldwide. KIRC has a poor prognosis and, to date, immunotherapy based on immune checkpoints is the most promising treatment. However, the role of immune checkpoints in KIRC remains ambiguous.



Methods

Bioinformatics analyses and qRT-PCR were performed to explore and further confirm the prognostic value of immune checkpoint genes and their correlation with immune infiltration in KIRC samples.



Results

The expression of the immune checkpoint genes CD274, PDCD1LG2, HAVCR2, CTLA4, TIGFT, LAG3, and PDCD1 was upregulated in KIRC tissues. These genes were involved in the activation of the apoptosis pathway in KIRC. Low expression of CD274 and HAVCR2 and high expression of CTLA4 were associated with poor overall survival (OS), progression-free survival (PFS), and disease-free survival (DFS) of KIRC patients. The univariate and multivariate analyses revealed that CTLA4, HAVCR2, age, pTNM stage, and tumor grade were independent factors affecting the prognosis of KIRC patients. A predictive nomogram demonstrated that the calibration plots for the 3‐year and 5‐year OS probabilities showed good agreement compared to the actual OS of KIRC patients. The expression of CTLA4 and HAVCR2 were positively associated with immune cell infiltration, immune biomarkers, chemokines, and chemokine receptors. Moreover, miR-20b-5p was identified as a potential miRNA target of CTLA4 in KIRC.



Conclusion

Our study clarified the prognostic value of several immune checkpoint regulators in KIRC, revealing a CTLA4/miR-20b-5p axis in the control of immune cell infiltration in the tumor microenvironment.
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Introduction

Renal cell carcinoma (RCC) is one of the most prevalent malignant tumors worldwide, accounting for 2.4% of all cancers (1). In the world, over 403,000 people are initially diagnosed with RCC every year, and 175,000 patients will die of this disease (2). Clear cell renal cell carcinoma (KIRC or ccRCC) is the most frequent histological subtype of RCC, and it accounts for most cancer-related deaths (3, 4). Due to the lack of significant clinical symptomatology, KIRC can remain clinically occult, and therefore patients are initially diagnosed in an advanced TNM stage. Late diagnosis generally correlates with lower survival, leading to a poor 5-years survival rate in KIRC patients (5). Moreover, the mortality rates of KIRC have risen to high levels and stabilized in the past ten years (6). The 5-year disease specific survival of RCC patients in stage I was about 80-95%, while it dropped sharply to less than 10% in KIRC patients in stage IV, whose median overall survival was only 10-15 months (4).

Latest studies indicated that immunotherapy based on immune checkpoint regulators is the most promising treatment for KIRC, especially in advanced stages (7). Thus, it is vital to clarify the relation between KIRC and immune infiltration, as well as to identify immune-associated mechanisms and markers for the prognosis and therapy of KIRC. Immune checkpoint molecules secreted from immune cells will inhibit the function of immune cells so that the body cannot produce an effective anti-tumor immune response, leading to immune escape and tumor formation (8). Previous studies have identified many immune checkpoints, including but not limited to SIGLEC15, CD274 (PD-L1), HAVCR2 (TIM-3), PDCD1, CTLA4, LAG3, PDCD1LG2, and TIGIT (8, 9). The PD-1 (CD279) inhibitor nivolumab improved overall survival in advanced renal cell carcinoma following prior anti-angiogenic therapy, suggesting immunotherapy as a promising strategy for the management of KIRC (10). Another meta-analysis revealed that PD-1/PD-L1 agents showed a better performance in the treatment for sarcomatoid renal cell carcinoma than sunitinib (11). However, immune checkpoint inhibitors can cause various immune-related adverse events, including adrenal insufficiency and autoimmune hepatitis (12). Thus, further studies should investigate the relationship between these immune checkpoints and their role in the prognosis and management of KIRC.

With the continuous development of gene sequencing technologies and the establishment and improvement of various tumor databases, bioinformatic research has been suggested as one of the most reliable ways to accelerate clinical and translational cancer research. Our study aimed to clarify the correlation between immune checkpoint expression, immune infiltration, and KIRC prognosis. Moreover, our results might provide additional data about the molecular mechanism of immune checkpoint regulators in immune infiltration.



Materials and Methods


Datasets

In order to explore the clinical significance of immune checkpoints in KIRC, we first retrieved the KIRC gene expression profile from the Cancer Genome Atlas (TCGA) database (https://portal.gdc.cancer.gov/) and Oncomine (https://www.oncomine.org/). In TCGA, the KIRC dataset (TCGA-KIRC) was downloaded for analysis, and the corresponding clinical information, including gender, tumor grade, and survival status of the patients, were also downloaded and sorted. The Oncomine datasets GSE14994, GSE6344, and GSE11151, were also downloaded to analyze the expression of immune checkpoints.



Gene Expression Analysis

The gene expression of eight immune checkpoints was analyzed using Oncomine and TCGA. In TCGA, the relevant transcripts and expression values of the genes were extracted and visualized using the R software packages “ggplot2” and “pheatmap” (R foundation for statistical computing, 2020; version 4.0.3). In Oncomine, Student’s t-test was used to evaluate the significance and compare the gene expression of immune checkpoints between normal tissues and KIRC tissues. A p-value threshold of 0.05 and a fold-change of 2 were set to define statistically significant changes.



Genetic Mutation, Drug Sensitivity, and Cancer-Related Pathway Analysis

The genetic mutation data were downloaded from the TCGA dataset, and the genetic mutation of eight immune checkpoints was analyzed and visualized using the “maftools” R package. We collected 265 small molecules from Genomics of Drug Sensitivity in Cancer (GDSC) to analyze the correlation between immune checkpoints and drug sensitivity. Pearson correlation analysis was used to calculate the correlation coefficient, and a p-value < 0.05 was considered statistically significant. The method of cancer-related pathway analysis has been applied as in Ye et al. (13). Immune checkpoint expression was divided into two groups, High and Low, with median expression. The significant difference of pathway activity score (PAS) between groups is evaluated by the Student’s t-test. We considered that an immune checkpoint might have an activating effect on a pathway when PASH (immune checkpoint group High) > PASL (immune checkpoint group Low); otherwise, the checkpoint might have an inhibitory effect on the pathway.



Enrichment Analysis and Protein-Protein Interaction (PPI) Networks of Immune Checkpoints

The functional annotation of immune checkpoints was analyzed with Metascape (https://metascape.org/), a powerful tool to comprehensively analyze and interpret OMICs-based data (14). We also constructed a PPI network of immune checkpoints using GeneMANIA (https://genemania.org/), a prediction server for gene prioritization and predicting gene function (15).



Prognosis Analysis

The Kaplan-Meier method was applied to analyze the prognosis of immune checkpoints in KIRC. p-value and hazard ratio (HR) with 95% confidence interval (CI) were calculated using a log-rank test. A predictive nomogram was constructed based on proper terms identified by univariate and multivariate cox regression analysis. A forest was used to show the p-value and HR as well as 95% CI of each variable using the “forestplot” R package.



Clinical Tissues and qRT-PCR

We obtained 30 KIRC tissues and normal kidney tissues from patients who underwent tumor resection in the Affiliated Hangzhou First People’s Hospital. Histological diagnosis and tumor grade were assessed by three experienced pathologists following the 2010 American Joint Committee on Cancer (AJCC) staging system. All procedures were approved by the Ethics Committee of Affiliated Hangzhou First People’s Hospital, and informed consent was obtained from each patient.

Total RNA of clinical tissues was extracted using TRIzol reagent (Invitrogen; Thermo Fisher Scientific, Inc), and PrimeScript RT-polymerase (Vazyme) was used to synthesize the cDNA according to the manufacturer´s instructions. RT-qPCR was performed with SYBR-Green Premix (Qiagen GmbH) with specific PCR primers (Sangon). Glyceraldehyde-3-phosphate dehydrogenase (GAPDH) was used as an internal control. The primers of GAPDH and immune checkpoints were shown in Supplementary Table 1. The fold-change was calculated as previously described with the 2−ΔΔCt method. The Student’s t-test was conducted to compare the expression of immune checkpoints in KIRC and normal tissues. Kaplan-Meier analysis was performed to evaluate the prognosis value of immune checkpoints in KIRC.



Immune Infiltration Analysis

Immune infiltration of immune checkpoints in KIRC was analyzed using TIMER (https://cistrome.shinyapps.io/timer/), a web server designed for comprehensive analysis of tumor-infiltrating immune cells (16). Spearman’s correlation analysis was performed to explore the relationship between immune checkpoints and immune cell infiltration and the expression of immune biomarkers, chemokines, and chemokine receptors. A p-value of less than 0.05 was considered statistically significant.



Construction of miRNA-mRNA Regulatory Axis

miRNAs binding to immune checkpoint genes were identified using starBase v3.0. The expression and prognosis value of miRNA in KIRC were explored as described above.




Results


The Expression of Immune Checkpoints in KIRC

We initially detected the expression of immune checkpoint molecules in KIRC. According to the data from TCGA, the mRNA expression of several immune checkpoint molecules revealed that the expression of CD274 (p = 1.18e-05), CTLA4 (p = 4.77e-28), HAVCR2 (p = 3.18e-20), LAG3 (p =1.04e-29), PDCD1LG2 (p = 2.39e-13), PDCD1 (p = 1.44e-27), and TIGFT (p = 3.4e-29) were upregulated in KIRC tissues compared with normal tissues (Figure 1). We also detected upregulation of HAVCR2, CTLA4, and TIGIT in KIRC samples using the Oncomine dataset. The expression of HAVCR2, CTLA4, and TIGIT was upregulated in KIRC tissues compared with normal tissues with a fold change of 3.536, 11.413, and 7.749, respectively (17) (Supplementary Table 2 and Supplementary Figure 1, p < 0.05). These data demonstrated extensive alteration of the expression of immune checkpoint molecules in KIRC.




Figure 1 | The mRNA level of immune checkpoints in KIRC. The graph shows the mRNA level of immune checkpoints in KIRC tissues compared with normal tissues. ***p < 0.001.





Cancer Hallmarks Analysis of Immune Checkpoints in KIRC

In order to investigate the role of immune checkpoint molecules in KIRC, we also performed cancer hallmarks analysis. The genetic alteration of the immune checkpoints in the TCGA-KIRC patients comprised missense mutations, truncating mutations, amplifications, deep deletions, and mRNA upregulation and downregulation (Figure 2A). HAVCR2 was the most commonly altered gene among all the studied immune checkpoint genes, and about 19% of the total TCGA-KIRC cases counted with a HAVCR2 genetic mutation (Figure 2A). Activation and inhibition of cancer hallmark pathways play a vital role in tumorigenesis and progression. Therefore, we then explored the effect of these immune checkpoint regulators in several cancer hallmark pathways in KIRC. These pathways included TSC/mTOR, RTK, RAS/MAPK, PI3K/AKT, Hormone ER, Hormone AR, EMT, DNA Damage Response, Cell Cycle, and Apoptosis pathways. The results indicated that immune checkpoints were involved in the activation of the apoptosis pathway, EMT pathway, and the inhibition of DNA damage response pathway in KIRC (Figure 2B). In order to identify potential therapeutic targets, a critical step is to evaluate the relation between immune checkpoints and existing drug targets. Interestingly, a drug sensitivity analysis revealed that most of these immune checkpoints are sensitive to most of the small molecules or drugs from GDSC (negative correlation, coefficient from -0.50 to -0.10) (Figure 2C, p<0.05). Moreover, co-expression analysis suggested a moderate to high correlation (coefficient from 0.25 to 0.80) among several immune checkpoint molecules (Figure 2D, p<0.05).




Figure 2 | Genetic mutation landscape and drug sensitivity analysis of immune checkpoints in KIRC. (A) Oncoplot displaying genetic mutation landscape of immune checkpoints in TCGA KIRC cohort. (B) The activation and inhibition of immune checkpoints in KIRC-related pathways. (C) The correlation between immune checkpoints and drug or small molecules. The positive correlation means that the gene high expression is resistant to the drug, vise verse. (D) A heat map of the correlation between each member of immune checkpoints.





Enrichment Analysis of Immune Checkpoints in KIRC

In order to clarify the immune checkpoint-associated functions in KIRC, we performed a gene enrichment analysis. As shown in Supplementary Figure 2B, these immune checkpoints were mainly associated with biological adhesion, immune system process, regulation of the biological process, cell proliferation, and cellular process in Gene Ontology (GO) and Kyoto Encyclopedia of Genes and Genomes (KEGG) analyses (p<0.05). Moreover, the PPI network based on immune checkpoints suggested that these immune checkpoints were mainly associated with T cell costimulation, lymphocyte costimulation, regulation of T cell, and lymphocyte activation (Supplementary Figure 2B, p<0.05).



Prognosis Value of Immune Checkpoints in KIRC

Next, we explored the prognosis value of immune checkpoints in KIRC. The results suggested that CTLA4, HAVCR2 and CD274 were significantly associated with the overall survival (OS), progression free survival (PFS), and disease-free survival (DFS) of KIRC patients (Table 1). In OS analysis, KIRC patients with high CTLA4 expression [p = 0.019, HR (95%CI) = 1.43 (1.06-1.93)], low HAVCR2 expression [p = 0.0098, HR (95%CI) = 0.67 (0.50-0.91)], low CD274 expression [p = 0.024, HR (95%CI) = 0.71 (0.52-0.96)], high LAG3 expression [p = 0.018, HR (95%CI) = 1.44 (1.07-1.95)] had a poor OS with a 5-year AUC of 0.596, 0.571, 0.582 and 0.575, respectively (Table 1 and Figure 3). In PFS analysis, KIRC patients with high CTLA4 expression [p = 0.012, HR (95%CI) = 1.68 (1.22-2.32)], low HAVCR2 expression [p = 0.0046, HR (95%CI) = 0.63 (0.46-087)], and low CD274 expression [p = 0.024, HR (95%CI) = 0.70 (0.51-0.96)] had a poor PFS with a 5-year AUC of 0.588, 0.606, and 0.576, respectively (Table 1 and Supplementary Figure 3). In DFS analysis, KIRC patients with high CTLA4 expression [p = 0.00098, HR (95%CI) = 1.84 (1.25-2.72)], low HAVCR2 expression [p = 0.0046, HR (95%CI) = 0.58 (0.39-0.85)], low CD274 expression [p = 0.0092, HR (95%CI) = 0.60 (0.41-0.89)], high LAG3 expression [p = 0.014, HR (95%CI) = 1.64 (1.11-2.43)] had a poor DFS with a 5-year AUC of 0.627, 0.588, 0.592 and 0.6, respectively (Table 1 and Supplementary Figure 4). These data demonstrated that CD274, HAVCR2 and CTLA4 might serve as prognostic biomarkers in KIRC.


Table 1 | Prognosis analysis of immune checkpoints in KIRC.






Figure 3 | The overall survival analysis of immune checkpoints in KIRC. (A) The overall survival curve of CTLA4 in KIRC patients with high and low CTLA4 expression, and the risk score, survival status and gene expression of each patients, as well as time-dependent ROC. (B) The overall survival curve of HAVCR2 in KIRC patients with high and low HAVCR2 expression, and the risk score, survival status and gene expression of each patients, as well as time-dependent ROC. (C) The overall survival curve of CD274 in KIRC patients with high and low CD274 expression, and the risk score, survival status and gene expression of each patients, as well as time-dependent ROC. (D) The overall survival curve of LAG3 in KIRC patients with high and low LAG3 expression, and the risk score, survival status and gene expression of each patients, as well as time-dependent ROC.





Predictive Nomogram Based on Clinicopathologic Features and Immune Checkpoints

The univariate and multivariate analysis revealed that CTLA43 (p=0.00444), HAVCR2 (p=0.0019), age (p=0.0038), pTNM stage (p<0.0001), and tumor grade (p=0.00013) were independent factors affecting the prognosis of KIRC patients (Figures 4A, B). Considering clinicopathologic features and HAVCR2 and CTLA4 as potential prognostic biomarkers, we constructed a predictive nomogram to predict the 1‐year, 3‐year, and 5‐year OS rates in the discovery group using the cox regression algorithm. The nomogram demonstrated that the predicted calibration plots for 3- and 5-year OS probabilities showed good agreement compared to the actual OS of KIRC patients (Figures 4C, D, p<0.001).




Figure 4 | Univariate and multivariate cox regression of immune checkpoints in KIRC. (A, B) Univariate and multivariate cox regression of KIRC patients’ parameters and prognostic biomarkers of immune checkpoints. (C, D) The predictive nomogram to predict the 3-y and 5-y overall survival of KIRC cancer patients.





The Correlation Between CTLA4/HAVCR2 and Clinical Characteristics in KIRC

The above results revealed that CTLA4 and HAVCR2 were independent factors affecting the prognosis of KIRC and were associated with the OS, PFS, and DFS of KIRC patients. Therefore, we selected CTLA4 and HAVCR2 for further analysis. In order to explore the function of CTLA4 and HAVCR2 in KIRC, we analyzed the correlation between CTLA4 and HAVCR2 expression and the clinical characteristics of KIRC. As a result, KIRC patients with a high pT stage (p = 0.00023) had a low CTLA4 expression compared with those with a low pT stage (Figure 5A). Moreover, KIRC patients with a high pN stage (p = 0.04) had a lower HAVCR2 expression than those with a low pN stage (Figure 5B).




Figure 5 | The association between immune checkpoints and the clinical parameters of KIRC patients. (A) The association between CTLA4 and the clinical parameters of KIRC patients. (B) The association between HAVCR2 and the clinical parameters of KIRC patients.





Validation of the Expression and Overall Survival of CTLA4 and HAVCR2 in KIRC

We then performed qRT-PCR to further confirm the expression of CTLA4 and HAVCR2 in KIRC. As expected, the relative mRNA level of CTLA4 (p < 0.001, Figure 6A) and HAVCR2 (p < 0.001, Figure 6B) in KIRC samples was elevated compared to normal renal tissues. In addition, we also studied the overall survival of these patients. The data indicated a poor overall survival in those patients with high CTLA4 expression (p = 0.040, Figure 6C) and low HAVCR2 expression (p = 0.027, Figure 6D), consistently with previous results.




Figure 6 | Validation of the expression and overall survival of CTLA4/HAVCR2 in KIRC. (A, B) The expression of CTLA4/HAVCR2 in KIRC and normal renal tissues. (C, D) The overall survival curve of CTLA4/HAVCR2 in KIRC patients in high and low expression cohort. ***p < 0.001.





The Correlation Between CTLA4/HAVCR2 and Immune Infiltration in KIRC

The immune infiltration grade is an independent predictor of sentinel lymph node status and survival in cancers (4, 18, 19). In our study, we found a significant correlation between CTLA4 and HAVCR2 and immune infiltration in KIRC samples. CTLA4 showed positive correlation with the abundance of B cells (Cor = 0.398, p = 6.93E-10), CD8+ T cells (Cor = 0.411, p = 2.86E-19), CD4+ T cells (Cor = 0.353, p = 5.72E-15), macrophages (Cor = 0.273, p = 4.28E-9), neutrophils (Cor = 0.527, p = 4.21E-34) and dendritic cells (Cor = 0.511, p = 1.22E-31) (Figure 7A). Similarly, HAVCR2 showed a positive correlation with the abundance of B cells, CD8+ T cells, CD4+ T cells, macrophages, neutrophils, and dendritic cells (Figure 7B; all p<0.05). Moreover, the expression of CTLA4 and HAVCR2 were positively correlated with most biomarkers of immune cells, including the biomarkers of CD8+ T cells, T cells (general), B cells, monocytes, TAMs, M1 macrophages, M2 macrophages, neutrophils, natural killer (NK) cells, dendritic cells (DCs), T-helper 1 (Th1) cells, T-helper 2 (Th2) cells, follicular helper T (Tfh) cells, T-helper 17 (Th17) cells, Tregs, and exhausted T cells (Table 2). A previous study revealed that chemokines and their receptors play a vital role in immune infiltration (20). In our study, we found that the expression of CTLA4 and HAVCR2 was positively correlated with the expression chemokines as well as chemokines receptors (Figures 7C, D). This evidence indicated a possible association between CTLA4/HAVCR2 and immune infiltration in KIRC patients.




Figure 7 | The correlation between immune checkpoints and immune infiltration in KIRC(TIMER). (A, B) The correlation between the expression of CTLA4 and HAVCR2 and the abundance of CD8+ T cells, CD4+ T cells, Macrophage, Neutrophils and Dendritic cells. (C, D) The correlation between SCNA of CTLA4 and HAVCR2 and immune cell infiltration. SCNA, somatic copy number alterations; *P < 0.05, **P < 0.01.




Table 2 | Correlation analysis between HAVCR2/CTLA4 and gene biomarkers of immune cells in KIRC.





miRNA-mRNA Regulatory Network

We selected CTLA4 to further analyze its potential as a therapeutic target and its molecular mechanism in KIRC. Using starBase, we searched for miRNA targets of CTLA4 in KIRC. As a result, a total of eight miRNAs (miR-93-5p, miR-542-3p, miR-324-5p, miR-20b-5p, miR-20a-5p, miR-17-5p, miR-106b-5p and miR-106a-5p) were identified as potential targets of CTLA4 in KIRC (Figure 8A). Next, we verified the expression and prognosis value of these eight miRNA targets, and we found that miR-20b-5p was upregulated in KIRC and associated with better prognosis (Figures 8B, C), suggesting miR-20b-5p as the most potentially relevant target of CTLA4 in KIRC.




Figure 8 | The miRNA target of CTLA4 in KIRC. (A) The potential miRNA targets of CTLA4 in KIRC identified by starBase. (B) The expression of miR-20b-5p in KIRC tissues and normal renal tissues. (C) The overall survival curve of KIRC patients with high and low expression of miR-20b-5p. ****p < 0.0001.






Discussion

Previous studies revealed that immune checkpoint regulators were correlated with many biological processes, thus affecting the clinical outcomes of cancer patients (21, 22). It is suggested that immune checkpoints could act as markers to predict the prognosis of many cancers, including renal cell carcinoma, lung cancer, and breast cancer (23–25). However, the prognostic value of immune checkpoints and their association with immune infiltration of KIRC remain unclear. Thus, this study aimed to detect the role of these immune checkpoints in the prognosis and immune infiltration of KIRC.

We first explored the expression level of several immune checkpoint molecules in KIRC samples. We found that the mRNA level of most of these immune checkpoints, including CD274, PDCD1LG2, HAVCR2, CTLA4, TIGFT, LAG3, and PDCD1, was altered in KIRC patients. These immune checkpoints might play a vital role in the oncogenesis and progression of KIRC. As expected, further analysis revealed that these immune checkpoints were involved in the activation of the apoptosis pathway in KIRC. Therefore, immune checkpoints may inhibit oncogenesis and progression by activating the apoptosis pathway.

Moreover, our study also found that CTLA4 and HAVCR2 acted as prognostic biomarkers in KIRC and were associated with overall survival (OS), progression-free survival (PFS), and disease-free survival (DFS) of KIRC patients. In agreement with our results, previous studies have suggested certain immune checkpoints as a prognostic biomarker of many cancers. HAVCR2 was a prognostic biomarker for gastric cancer and was negatively associated with OS (26), and two independent studies revealed that HAVCR2 was a diagnostic and prognostic biomarker of osteosarcoma (27) and large B-cell lymphoma (28).

Another important finding of our study is that a significant correlation was obtained between the expression of CTLA4 and HAVCR2 and immune cells, immune biomarkers, chemokines, and chemokine receptors. All these factors play a critical function in controlling tumor immune infiltration, anticancer immunity, and other biological processes, thus affecting the prognosis of the patients. For example, previous studies indicated that tumor-infiltrating CD8+ T cells determined poor prognosis and immune evasion (29) and B cells predicted dismal survival and worse treatment response in KIRC (30). Another bioinformatics study suggested that low mRNA levels of the chemokines CXCL1/2/3/5/13 were associated with a significantly better prognosis in KIRC (4).



Conclusion

Our study performed a comprehensive analysis of the prognostic value of immune checkpoints in KIRC and their association with immune infiltration. Our results identified a CTLA4/miR-20b-5p axis in the control of immune infiltration in the tumor microenvironment.
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Supplementary Figure 1 | The mRNA level of immune checkpoints in KIRC (Oncomine). The graph shows the numbers of datasets with statistically significant mRNA over-expression (red) or down-regulated expression (blue) of the target gene with a p-value of 0.05 and fold change of 2.

Supplementary Figure 2 | The functional analysis of immune checkpoints in KIRC. (A) Heatmap of GO and KEGG enriched terms. (B) Protein-protein interaction network of immune checkpoints networks.

Supplementary Figure 3 | The progression free survival analysis of immune checkpoints in KIRC. (A) The progression free survival curve of CTLA4 in KIRC patients with high and low CTLA4 expression, and the risk score, survival status and gene expression of each patients, as well as time-dependent ROC. (B) The progression free survival curve of HAVCR2 in KIRC patients with high and low HAVCR2 expression, and the risk score, survival status and gene expression of each patients, as well as time-dependent ROC. (C) The progression free curve of CD274 in KIRC patients with high and low CD274 expression, and the risk score, survival status and gene expression of each patients, as well as time-dependent ROC.

Supplementary Figure 4 | The disease-free survival analysis of immune checkpoints in KIRC. (A) The disease-free survival curve of CTLA4 in KIRC patients with high and low CTLA4 expression, and the risk score, survival status and gene expression of each patients, as well as time-dependent ROC. (B) The disease-free survival curve of HAVCR2 in KIRC patients with high and low HAVCR2 expression, and the risk score, survival status and gene expression of each patients, as well as time-dependent ROC. (C) The disease-free survival curve of CD274 in KIRC patients with high and low CD274 expression, and the risk score, survival status and gene expression of each patients, as well as time-dependent ROC. (D) The disease-free survival curve of LAG3 in KIRC patients with high and low LAG3 expression, and the risk score, survival status and gene expression of each patients, as well as time-dependent ROC.
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It has been shown that circular RNA XPO1 (circXPO1) is involved in cancer (e.g., lung adenocarcinoma and osteosarcoma) progression by sponging microRNAs. Nevertheless, the role of circXPO1 and its interaction with microRNAs in prostate cancer remains unknown. In this study, the results of quantitative real-time PCR showed that circXPO1 levels were dramatically increased in human prostate cancer tissue and cell lines compared with those in normal tissue and cell line. Furthermore, cell proliferation, colony formation, and cell invasion assays showed that circXPO1 promoted the malignant behavior of pancreatic cells in vitro. Mechanistically, bioinformatics prediction, a dual-luciferase reporter assay, and pull-down assay suggested that circXPO1 physically targets miR-23a and negatively regulates its expression in pancreatic cancer cells. miR-23a mimics and inhibitors effectively reversed the effects of circXPO1 on the malignant behavior of prostate cancer cells in vitro. Consistent results were observed in the xenograft tumor model. In conclusion, circXPO1 promotes prostate cancer progression via targeting miR-23a, thus suggesting the circXPO1/miR-23a axis can be used as a potential therapeutic target for prostate cancer treatment.
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Introduction

Prostate cancer is the second most common cancer and the fifth leading cause of cancer-related death in men worldwide (1). For patients with primary prostate cancer, prostatectomy is commonly used. Although patients with early-stage diseases generally have good prognoses, up to 30% of cases suffer relapses within 5–10 years posttreatment. Moreover, the 5-year relative survival is around 30% for patients with distant metastasis (2, 3). Inflammation is an initial process in which cells are trafficked into the tumor microenvironment by specific cytokines called chemokines. This recruitment is complex and involves multiple subsets of white blood cells with anti-cancer and anti-cancer functions in the progress from benign prostatic enlargement to prostate cancer (4, 5). Androgen deprivation therapy is the first-line therapy for recurrent or metastatic prostate cancer. However, some patients may develop castration resistance (6). Thus, it is of urgent importance to identify novel therapeutic strategies for the treatment of prostate cancer.

Circular RNAs (circRNAs) are endogenous non-coding RNA characterized by a covalently closed loop structure lacking the 5’ cap and 3’ poly-A tail. circRNAs have an important role in the regulation of gene functions and the pathogenesis of human diseases, including cancer (7, 8). CircRNAs act as microRNA sponges to protect the target genes from microRNA-mediated mRNA cleavage. The circRNA/microRNA interaction modulates target gene expression and affects cancer cell proliferation, differentiation, invasion, and metastasis (9, 10). Previous studies have shown that circRNA/microRNA interaction is involved in prostate cancer progression. For example, circMYLK promotes prostate cancer progression by targeting mir-29a (11). Moreover, circSMARCA5 is upregulated in prostate cancer and promotes cancer cell proliferation (12). However, the function of circRNAs and their interactions with microRNAs in prostate cancer remains largely unknown.

CircXPO1 (circBase ID: hsa_circ_0001016, alias: hsa_circ_001767) is a novel circRNA that is derived from back-spliced exportin 1 (XPO1), a well-known cancer therapeutic target (13, 14). Studies have shown that circXPO1 is highly expressed in lung adenocarcinoma, osteosarcoma, and gallbladder cancer (13, 15, 16). In lung adenocarcinoma and osteosarcoma, circXPO1 expression, which is positively correlated with XPO1 expression, negatively affects patients’ overall survival, thus suggesting that circXPO1 promotes cancer progression and may be used as a potential therapeutic target for cancer treatment. In osteosarcoma, circXPO1 sponges multiple microRNAs, including miR-23a-3p, miR-23b-3p, miR-23c, and miR-130a-5p, to upregulate XPO1 expression (15), which suggests that circXPO1 facilitates cancer progression by acting as a competing endogenous RNA. Nevertheless, the role of circXPO1 in prostate cancer and the underlying mechanism remain unknown.

In this study, we explored the role of circXPO1 in prostate cancer growth and progression in vitro and in vivo. We found that circXPO1 regulates the malignant behavior of prostate cancer cells by targeting miR-23a. Our findings suggest that circXPO1 could be used as a novel, potential therapeutic target for prostate cancer treatment.



Materials and Methods


Patients and Sample Collection

This study was approved by the Ethics Committee of Fudan University Shanghai Cancer Center (No. 1608163; Shanghai, China). Written informed consent was obtained from each patient. Prostate cancer tissue and corresponding adjacent noncancerous tissue (> 5 cm from the tumor margin) were obtained from 48 patients (Table 1) with primary prostate carcinoma at Fudan University Shanghai Cancer Center. All tissue samples were immediately processed after surgical removal. Two experienced pathologists histologically confirmed the diagnosis.


Table 1 | Detailed information of the 48 patients.





Cell Lines and Cell Culture

Human prostate cancer cell lines (PC-3, DU145, and 22RV1) and normal prostatic stromal myofibroblast cell line WPMY-1 were obtained from the American Type Culture Collection (Manassas, VA, USA) and maintained in Dulbecco’s modified Eagle’s medium supplemented with 10% fetal bovine serum (FBS; Gibco, Grand Island, NY) in a humidified atmosphere containing 5%CO2/95% air at 37°C.



Overexpression and Knockdown of XPO1

PC-3 and DU145 cells were transfected with wild-type circXPO1- or circXPO1 mutant-overexpressing lentiviral vectors, small interfering RNA (siRNA) against circXPO1 (5’-CCATTCTTTGCTTCGCACTG-3’), miR-23a mimics, miR-23a mutant, miR-23a inhibitors, and corresponding negative control using Lipofectamine 3000 (Invitrogen, Carlsbad, CA, USA) according to the manufacturer’s instructions.



Xenograft Mouse Model

The animal study was approved by the Ethics Committee of Fudan University Shanghai Cancer Center. All procedures were conducted following the guidelines of the National Institute of Health regarding the care and use of laboratory animals (NIH Publication No. 8023, revised 1978).

Female BALB/c nude mice aged 6-week-old were purchased from the China Academy of Sciences (Beijing, China) and maintained under pathogen-free conditions at Fudan University Shanghai Cancer Center. Mice were randomly divided into 4 groups and subcutaneously inoculated with 1 × 107 PC-3 cells transfected with si-circXPO1, negative control siRNA (si-NC), si-NC + miR-23a inhibitor, or si-circXPO1 + miR-23a inhibitor into a single flank. The length and width of the tumors were measured every 5 days using a vernier caliper. The tumor volume was calculated using the following formula: (length × width2)/2. Mice were euthanized 25 days after inoculation. The tumors were immediately collected and weighed.



Cell Viability Assay

PC-3 or DU145 cells were plated in 96-well plates and cultured overnight. Cells were transfected, as mentioned above. The Cell Counting Kit-8 (CCK8) assay (Dojindo Molecular Technologies, Kumamoto, Japan) was performed to determine the cell viability at 24, 48, or 72 h after transfection. Absorbance at 450 nm was measured using an automatic microplate reader (Infinite M200; Tecan, Grodig, Austria).



Colony Formation Assay

Transfected PC-3 or DU145 cells were seeded in a 6-well plate at a density of 103 cells/well and incubated at 37°C for 7 days. The cells were fixed with 4% paraformaldehyde and then stained with crystal violet, followed by colony counting. Images were acquired using a Zeiss microscope (Axio Observer, Zeiss, Germany) at magnification 10 ×. The experiments were repeated three times.



Cell Migration and Invasion Assays

For cell migration assay, 1×105 PC-3 or DU145 cells in 100 µL serum-free medium were added in the upper Transwell chamber (8.0-µm pore size; BD, San Jose, CA, USA). For the invasion assay, the upper chamber was coated with Matrigel. Medium containing 10% FBS was added to the lower chambers. After 24 h, the cells at the lower surface were fixed with methanol and stained with 1% crystal violet. Cells were counted, and images were acquired using a Zeiss microscope (Axio Observer, Zeiss, Germany) at magnification 10 ×.



Quantitative Real-Time PCR (qRT-PCR)

Total RNA was isolated using the Ultraspec system (Biotecx, Houston, TX, USA) according to the manufacturer’s instructions. The cytoplasmic and nuclear RNA was isolated and purified using RNeasy Kits (Qiagen) following the manufacturer’s protocol. Quantitative PCR was performed using SYBR Green Fast Advanced Cells-to-CT Kit (Thermo Fisher) on an ABI PRISM 7900 Sequence Detector System (Applied Biosystems, Foster City, CA, USA). GAPDH or U6 was used as an internal reference. PCR reactions were performed in triplicate. Gene expression was quantified using the 2−△△ct method. The primer sequences are summarized in Table 2.


Table 2 | Primer sequences for quantitative real-time PCR.





Bioinformatics Prediction and Luciferase Reporter Assay

The potential microRNA targets of circXPO1 were predicted using miRanda (http://www.microrna.org/microrna/home.do). CircXPO1 with a wild-type or mutant miR-23a binding site was cloned into the psiCheck2 firefly luciferase vector (Promega, Madison, WI, USA). PC-3 or DU145 cells were cotransfected with the luciferase vectors and miR-23a mimics or negative control mimics. The Firefly and Renilla luciferase were detected using a dual luciferase assay kit (Promega), 48 h after transfection. The experiments were performed in triplicate.



Fluorescence In Situ Hybridization (FISH)

For tissue samples, after fixing with 4% formaldehyde, the paraffin-embedded sections (5-μm thick) were prepared and dehydrated in a graded series of alcohol (100, 95, 85, and 75%). For cell samples, cells were fixed with 4% formaldehyde for 1 h, followed by incubation with the pre-block buffer for 15 min. Then, the slides or cells were incubated with circXPO1 probe (GTGCGAAGCAAAGAATGG) for 2 h at 37°C. The nuclei were counterstained with 4,6-diamidino-2-phenylindole. The images were acquired using a fluorescence microscope (LSM800; Zeiss, Germany).



MicroRNA Pull-Down Assay

A total of 1×107 cells were transfected with miR-24a or miR-24a mutant, as mentioned above. At 24 h after transfection, cells were harvested, washed with phosphate-buffered saline, and lysed with lysis buffer. Cells were then incubated with biotinylated-circXPO1 or GAPDH probes (Simo Biotech, Hangzhou, Zhejiang, China) at room temperature for 2 h. The biotin-coupled RNA complex was pulled down by incubating the cell lysates with streptavidin magnetic beads (Simo Biotech). The beads were washed with lysis buffer, and Trizol LS (Thermo Fisher Scientific, Waltham, MA, USA) was used to recover the RNA. The abundance of circXPO1 was determined by qRT-PCR.



Argonaute2 (AGO2) Immunoprecipitation

RNA-binding protein immunoprecipitation (RIP) was performed using an anti-AGO2 antibody (PB1030, BOSTER) and the RIP assay kit (RIP-12RXN, Sigma Aldrich) following the manufacturer’s protocol. Briefly, cells were collected and lysed using RIP lysis buffer. The cell lysates were then incubated with RIP buffer containing magnetic beads conjugated to the anti-AGO2 antibody or negative control IgG. The samples were incubated with proteinase K to digest proteins, and then the immunoprecipitated RNA was isolated. The purified RNA was subjected to qRT-PCR to detect the presence of miR-23a and circXPO1. The total RNA was used as the input control.



Hematoxylin and Eosin and Immunohistochemical (IHC) Staining

The tumor tissue samples were fixed with 4% paraformaldehyde for 24 h. The paraffin-embedded sections (4-μm thick) were prepared and dehydrated in a graded series of alcohol. The sections were stained with hematoxylin and eosin and mounted with neutral gum.

The protein expression of Ki67 was determined by IHC staining. Briefly, the paraffin-embedded sections were dewaxed in xylene and dehydrated in ethanol, followed by antigen retrieval with EDTA. The sections were blocked with 5% bovine serum albumin, and then incubated with anti-Ki67 (ab15580, 1:200, Abcam). Detection of the antigen-antibody complex was performed using a secondary antibody (ab97040,1:2000, Abcam) and a DAB detection kit (34002, Thermo Fisher). Images were acquired using an Axio Vert.A1 microscope (Zeiss, Germany) at magnification 20 ×.



Statistical Analysis

Data were expressed as the means ± standard deviation. Statistical analysis was conducted using SPSS 22.0 (SPSS, Chicago, IL, USA). Differences between groups were compared using a one-way analysis of variance, followed by a Student t-test. A P value < 0.05 was considered statistically significant.




Results


CircXPO-1 Levels Are Increased in Human Prostate Cancer Tissue and Cell Lines

To investigate the expression of circXPO1 in prostate carcinoma, we examined the expression of circXPO1 in prostate cancer tissue and cell lines. The results of qRT-PCR showed that prostate cancer tissue samples had remarkably higher circXPO1 levels than the matched adjacent normal tissue samples (Figure 1A). Similar data were observed in prostate cancer cell lines PC-3, DU145, and 22RV1 that showed dramatically increased circXPO1 levels compared with normal prostatic stromal myofibroblast cell lines WPMY-1 (Figure 1B); yet, the highest expression was seen in the cytoplasm of PC-3 and DU145 cells (Figure 1C). FISH assay further confirmed the predominant expression of circXPO-1 in prostate cancer tissue and the cytoplasm of prostate cancer cells (Figures 1D, E).




Figure 1 | CircXPO1 expression was upregulated in prostate cancer tissue and cell lines. (A) Quantitative real-time PCR (qRT-PCR) was performed to determine circXPO-1 expression in pancreatic cancer tissue and adjacent normal tissue. Data are expressed as the means ± standard deviation (SD). **P < 0.01 vs. adjacent normal tissue; n = 48. (B) qRT-PCR was performed to determine circXPO-1 expression in normal prostatic stromal myofibroblast cell line WPMY-1 and pancreatic cancer cell lines (PC-3, DU145, 22RV1). Data are expressed as the means ± SD. *P < 0.05 vs. WPMY-1; n = 3. (C–E) qRT-PCR (C) and fluorescence in situ hybridization assay (D, E) were conducted to examine the nuclear and cytoplasmic expression of circXPO-1.





CircXPO-1 Promotes Cell Proliferation, Colony Formation, and Invasion in Prostate Cancer Cells

Next, we performed gain- and loss-of-function assay to explore the function of circXPO1 in prostate cancer (Figure 2A). circXPO1 silencing significantly inhibited cell proliferation (Figure 2B) and colony formation (Figure 2C), whereas circXPO1 overexpression promoted cell proliferation and colony formation in PC-3 and DU-145 cells compared with negative control. In addition, circXPO1 silencing dramatically inhibited cell invasion, whereas circXPO1 overexpression significantly promoted cell invasion in PC-3 and DU-145 cells (Figure 2D). These results indicate that circXPO-1 promotes the malignant behavior of prostate cancer cells.




Figure 2 | CircXPO-1 promoted cell proliferation, colony formation, and invasion in prostate cancer cells. (A) PC-3 and DU145 cells were transfected with small interfering RNA against circXPO1 (si-circXPO1), negative control (si-NC), lentiviral vectors expressing circXPO1 (Lv-circXPO1), or Lv-NC. qRT-PCR was performed to evaluate the knockdown and overexpression efficiency. (B) PC-3 cells were transfected as indicated. CCK-8 assay was conducted to measure cell viability at 0, 24, 48, and 72 h after transfection. (C) PC-3 and DU145 cells were transfected as indicated and incubated for 7 days. A colony formation assay was performed. (D) PC-3 and DU145 cells were transfected as indicated. Transwell assay was performed to evaluate the invasive ability of cells. Data are expressed as the means ± SD. *P < 0.05, **P < 0.01, vs. NC; n = 3.





CircXPO-1 Targets miR-23a in Pancreatic Cancer Cells

To reveal the underlying mechanism of circXPO1 in regulating the malignant behavior of prostate cancer cells, we sought to find the target microRNAs of circXOP-1. By analyzing the circXPO1 sequence using the miRanda database, we found potential binding sites for miR-7, miR-223, miR-23a, miR-526, and miR-599. The miRNA pull-down assay revealed that only miR-23a could bind to circXPO1 (Figure 3A). Dual-luciferase reporter assay showed that overexpression of miR-23a inhibited the luciferase activity of circXPO1 wild-type reporter, but not the luciferase activity of circXPO1 mutant reporter (Figure 3B). The miRNA pull-down assay further confirmed that circXPO1 was enriched with wild-type miR23a rather than miR-23a mutant (Figure 3C). Moreover, the AGO2 immunoprecipitation assay showed that both circXPO1 and miR-23a were enriched in the precipitated AGO2 complex (Figure 3D). These results suggest that circXPO1 physically interacts with miR-23a.




Figure 3 | CircXPO-1 targeted miR-23a. (A) RNA pull-down was conducted to identify the target microRNA of circXPO-1. (B) DU145 cells were cotransfected with the luciferase vectors expressing the wild-type or mutant circXPO-1 and miR-23a mimics or negative control mimics. The luciferase signals were detected at 48 h after transfection. (C) RNA pull-down with wild-type or mutant miR-23a was performed to examine the interaction between miR-23a and circXPO1. (D) AGO2 immunoprecipitation was conducted to examine the enrichment of miR-23a and circXPO1 in the AGO2 complex. (E) qRT-PCR was performed to determine miR-23a levels in PC-3 or DU145 cells in response to circXPO1 knockdown or overexpression. *P < 0.05 vs. si-NC; n = 3. (F) qRT-PCR was conducted to determine miR-23a levels in normal prostatic cell line WPMY-1 and pancreatic cancer cell lines (PC-3, DU145, 22RV1). *P < 0.05, **P < 0.01, vs. WPMY-1; n = 3.



We further explored whether circXPO1 regulates miR-23a expression in pancreatic cancer cells. circXPO1 silencing dramatically enhanced miR-23a expression, whereas circXPO1 overexpression inhibited miR-23a expression, compared with negative control (Figure 3E). Furthermore, pancreatic cancer cell lines exhibited substantially lower levels of pre- and mature miR-23a than WPMY-1 cells (Figure 3F). Collectively, these results suggest that circXPO1 binds to miR-23a, acting as a miR-23a sponge in pancreatic cancer cells.



circXPO-1 Promotes Cell Proliferation and Tumor Growth in Prostate Cancer by Sponging miR-23a

Next, we sought to investigate whether circXPO-1 regulates the malignant behavior of pancreatic cancer cells via sponging miR-23a. As shown in Figure 4A, the miR-23a inhibitor effectively restored the proliferative abilities of circXPO-1-silenced PC-3 and DU154 cells. On the other hand, miR-23a mimic dramatically abolished the promoting effects of circXPO-1 overexpression on pancreatic cancer cell proliferation (Figure 4B). Similar results were observed after performing cell migration and invasion assays (Figure 4C).




Figure 4 | circXPO-1 promoted cell proliferation, migration, and invasion of prostate cancer cells by sponging miR-23a in vitro. PC-3 or DU145 cells were transfected as indicated. CCK-8 assay (A, B) and trans-well assay (C) were carried out to examine cell proliferation, migration, and invasion. Data are expressed as the means ± SD. *P < 0.05; n = 3.



We also established a xenograft tumor model in nude mice to investigate the function of circXPO1 in vivo. circXPO1 silencing resulted in considerably smaller tumor mass and decreased Ki67 levels in tumor tissue compared with negative control, which was entirely reversed by cotransfection with miR-23a inhibitor (Figures 5A–D). Collectively, these results suggest that circXPO-1 promotes cell proliferation and tumor growth in prostate cancer by sponging miR-23a.




Figure 5 | circXPO-1 promoted prostate tumor growth by sponging miR-23a in vivo. Mice were subcutaneously inoculated with 1 × 107 PC-3 cells transfected with si-circXPO1, si-NC, si-NC + miR-23a inhibitor, or si-circXPO1 + miR-23a inhibitor into a single flank. (A) Images of the tumors. (B) The growth curve of the tumors. The tumor volume was calculated as (length × width2)/2. (C) Mice were euthanized 25 days after inoculation. The tumors were immediately collected and weighed. Data are expressed as the means ± SD. *P < 0.05, **P < 0.01, ***P < 0.001; n = 3. (D) The tumor tissue samples were subjected to Hematoxylin & eosin staining (upper panel) and immunohistochemical staining for Ki67 (lower panel).






Discussion

This study demonstrated that circXPO1 levels were significantly increased in human prostate cancer tissue and prostate cancer cell lines compared with those in corresponding controls. We further revealed that circXPO1 promotes prostate cancer progression by sponging miR-23a. To the best of our knowledge, this is the first study that reported on the expression, function, and mechanism of circXPO1 in prostate cancer.

At present, serum prostate-specific antigen (PSA) remains the standard biomarker for the diagnosis and treatment of prostate cancer (17). However, due to the poor specificity of PSA test, it often leads to overdiagnosis and overtreatment. There is still no consensus on whether this screening test can significantly reduce the mortality of prostate cancer (18). In addition, the pathogenesis and molecular mechanisms of invasion and metastasis of prostate cancer are still unclear (19, 20). It is important to identify genetic drivers of prostate cancer so that new biomarkers can be developed to stratify the risk and aggressiveness of prostate cancer during screening. CircRNAs, which are widely expressed in mammalian cells, are resistant to RNase R degradation. Due to their unique loop structure, they are more stable biomarkers than lineal RNAs (11, 21). In the present study, the qRT-PCR analysis showed that circXPO1 was upregulated in human prostate cancer tissue and prostate cancer cell lines, thus suggesting that circXPO1 may serve as a biomarker for prostate cancer. The increased expression of circXPO1 in prostate cancer tissue and cell lines suggests that circXPO1 might promote prostate cancer progression. As expected, our data showed that overexpression of circXPO1 promotes cell proliferation, colony formation, and invasion, whereas knockdown of circXPO1 suppressed the malignant behavior of prostate cancer cells. In the prostate cancer xenograft mouse model, circXPO1 silencing resulted in considerably smaller tumor mass and decreased Ki67 levels in tumor tissue compared with the negative control. These results suggest that circXPO1 is a potential therapeutic target for prostate cancer treatment.

Considering the well-established interaction between circRNAs and microRNAs, we further identified potential microRNA targets of circXPO1 to investigate the mechanisms underlying its role in prostate cancer. Bioinformatics analysis demonstrated that circXPO1 harbored a miR-23a binding site. Dual-luciferase reporter assay, RNA FISH, and RNA pull-down assay further confirmed that circXPO1 physically targets miR-23a in prostate cancer cells. These findings suggest that circXPO1 and miR-23a might exhibit opposite expression patterns in prostate cancer tissue and exert opposite roles in prostate cancer progression. Indeed, Cai et al. found that miR-23a levels are decreased in prostate cancer cell lines and tumor tissue. They also found that low miR-23a levels are associated with poor prognoses of patients with prostate cancer and that MiR-23a inhibits prostate cancer cell migration and invasion both in vitro and in vivo (22). Similarly, Aghaee-Bakhtiari et al. have shown that miR-23a is significantly downregulated in prostate cancer cell lines and tissue samples (23). These findings suggest that miR-23a acts as a tumor suppressor in prostate cancer and that circXPO1 facilitates the progression of prostate cancer by competing and sponging miR-23a, which is consistent with our results.

As a robust regulator of gene expression, miR-23a targets a broad range of mRNAs in cancer cells by binding to the 3′-untranslated region (UTR), which in turn suppresses gene expression. For instance, miR-23a promotes colorectal cancer progression by targeting PDK4 (24). MiR-23a facilitates breast cancer metastasis by targeting CDH1 (25). MiR-23a acts as an oncogene in pancreatic carcinoma by targeting FOXP2 (26) and promotes tumor progression by targeting SETD2 in various carcinoma (27). In prostate cancer, miR-23a can target the APK and JAK/STAT pathways, the PAK6-LIMK1 pathway, and mitochondrial glutaminase (22, 23, 28). This study did not investigate the downstream target genes of the circXPO1/miR-23a axis, which will be addressed in future studies.

In conclusion, our study identified circXPO1 as a novel tumor promoter in prostate cancer. CircXPO1 facilitates prostate cancer progression by sponging miR-23a, thus serving as a potential therapeutic target for prostate cancer treatment.
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Background

Bladder cancer (BC) is a molecular heterogeneous malignant tumor; the treatment strategies for advanced-stage patients were limited. Therefore, it is vital for improving the clinical outcome of BC patients to identify key biomarkers affecting prognosis. Ferroptosis is a newly discovered programmed cell death and plays a crucial role in the occurrence and progression of tumors. Ferroptosis-related genes (FRGs) can be promising candidate biomarkers in BC. The objective of our study was to construct a prognostic model to improve the prognosis prediction of BC.



Methods

The mRNA expression profiles and corresponding clinical data of bladder urothelial carcinoma (BLCA) patients were downloaded from The Cancer Genome Atlas (TCGA) and Gene Expression Omnibus (GEO) databases. FRGs were identified by downloading data from FerrDb. Differential analysis was performed to identify differentially expressed genes (DEGs) related to ferroptosis. Univariate and multivariate Cox regression analyses were conducted to establish a prognostic model in the TCGA cohort. BLCA patients from the GEO cohort were used for validation. Gene ontology (GO), Kyoto Encyclopedia of Genes and Genomes (KEGG), and single-sample gene set enrichment analysis (ssGSEA) were used to explore underlying mechanisms.



Results

Nine genes (ALB, BID, FADS2, FANCD2, IFNG, MIOX, PLIN4, SCD, and SLC2A3) were identified to construct a prognostic model. Patients were classified into high-risk and low-risk groups according to the signature-based risk score. Receiver operating characteristic (ROC) and Kaplan–Meier (K–M) survival analysis confirmed the superior predictive performance of the novel survival model based on the nine-FRG signature. Multivariate Cox regression analyses showed that risk score was an independent risk factor associated with overall survival (OS). GO and KEGG enrichment analysis indicated that apart from ferroptosis-related pathways, immune-related pathways were significantly enriched. ssGSEA analysis indicated that the immune status was different between the two risk groups.



Conclusion

The results of our study indicated that a novel prognostic model based on the nine-FRG signature can be used for prognostic prediction in BC patients. FRGs are potential prognostic biomarkers and therapeutic targets.
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Introduction

Bladder cancer is one of the leading causes of cancer-related death worldwide. As the second most frequent genitourinary malignancy, BC is the 10th most common cancer globally according to global cancer data, with 573,278 new cases diagnosed and 212,526 deaths in 2020 according to Globocan prediction (1). The incidence and mortality of BC have been continuing to increase. Urothelial carcinoma is the most common histologic type, accounting for approximately 90% of primary BC (2). Among the newly diagnosed BC, non-muscular invasive bladder cancer (NMIBC) accounts for approximately 70% and transurethral resection of bladder tumor (TURBT) is the main treatment (3, 4). About 63.24% and 11.76% of the NMIBC patients after TURBT have tumor recurrence and progression (5). Likewise, nearly 50% of muscular invasive bladder cancer (MIBC) patients undergoing radical cystectomy still have local recurrence or distant metastasis, with a 5-year survival rate of only 66% (6). Furthermore, for 30 years, clinicians were stuck with the same, limited range of therapeutics to offer patients with BC, and 5-year survival rates were flat (7). Onset of BC is a complex process, which a multi-factor, multi-step, and multi-gene participation in (8). Therefore, a better understanding of the molecular characterization involved in tumorigenesis and the identification of novel prognostic biomarkers are essential for improving the clinical outcome of patients. The complex etiologic factors, along with the high-level heterogeneity of BC (9), make the prognosis significantly different and prognostic prediction challenging. This calls for the development of novel prognostic models.

Ferroptosis is a newly discovered iron-dependent form of regulated cell death (RCD) that is driven by the lethal accumulation of lipid peroxidation (10, 11). In 2012, it was firstly described that ferroptosis differs from apoptosis, necrosis, and autophagy in terms of morphology, biochemistry, and genetics. Ferroptosis is characterized by the rupture and blistering of cell membranes, mitochondrial shrinkage, increased membrane density, decreased or disappearance of mitochondrial ridges, rupture of outer mitochondrial membranes, and normal-sized nuclei without condensed chromatin (10). Studies have demonstrated strong association of ferroptosis with mammalian neurodegenerative diseases, cancer, and stroke (12). Since the first demonstration in 2012, ferroptosis has received widespread attention as a potential therapeutic pathway for cancer treatment. In recent years, the induction of ferroptosis has emerged as a promising therapeutic alternative to trigger cancer cell death, especially for malignancies that are resistant to traditional treatments (13, 14). Various studies have determined the key role of ferroptosis in killing tumor cells and inhibiting tumor growth (15, 16). A large number of studies demonstrated the potential clinical value of utilizing these deregulated proteins as prognostic biomarkers of malignancy (17–19). Some previous studies have also confirmed the important significance of ferroptosis for the treatment of bladder cancer (20, 21), However, whether these ferroptosis-related genes (FRGs) are correlated with BC patient prognosis remains unclear.

The objective of this study was to determine the prognostic value of FRGs in BC. mRNA expression profiles and corresponding clinical data of bladder urothelial carcinoma (BLCA) were extracted from the public databases. Ferroptosis-related differentially expressed genes (DEGs) closely associated with the prognosis were identified to construct predictive models for the prognosis of BLCA in the TCGA cohort. Then, we validated it in the GEO cohort. Besides this, functional enrichment analysis was performed to explore the underlying mechanisms.



Materials And Methods


Data Acquisition TCGA Cohort and GEO Cohort

All datasets used in this study were available to the public. Therefore, ethical approval for this study was not required. This study followed the policies and guidelines for data access and publication specified by the TCGA and GEO databases. Data cutoff was January 20, 2020.

Patients who met the following selection criteria were included: (a) histologically diagnosed with transitional cell carcinoma; (b) available gene expression data; and (c) available survival information. Patients with no complete clinical information were excluded. The RNA sequencing (RNA-seq) dataset and corresponding clinical information of 430 BCLA patients were downloaded from GDC (https://cancergenome.nih.gov/) as training cohort. The gene expression profile was standardized using the variance stabilizing transformation method provided by the “DEseq2” R package. Gene expression annotation information was obtained from the Ensembl website (https://asia.ensembl.org/index.html/). Similarly, the other RNA sequencing (RNA-seq) dataset and corresponding clinical information of 165 BCLA patients were downloaded from the Gene Expression Omnibus database portal website (https://www.ncbi.nlm.nih.gov/geo/) as a validation cohort. Internal standardization was performed via the “limma” package. Gene sequencing data annotation was performed with the R package “illuminaHumanv2 GPL6102 platform” from Bioconductor. Then, difference analysis was performed via the “Deseq2” R package.



FRGs and Immune-Related Data

The list of FRGs was download from the FerrDb web portal (http://www.zhounan.org/ferrdb), which contains six datasets. A total of 259 FRGs were identified with the following criteria: driver, suppressor, and marker of ferroptosis. We provided the list in Supplementary Table S1. The immune-related data were obtained from the ImmPort web portal (https://immport.org/shared/home).



Establishment and Validation of a Prognostic Model of FRGs Signature

DEGs related to ferroptosis in tumor tissues and adjacent normal tissues in the TCGA cohort were selected using the “Deseq2” R package, with an absolute log2-fold change (FC) ≥ 1 and an adjusted p-value < 0.05. The Venn diagram and heatmap were drawn using the Venn diagrams analysis online website (http://bioinformatics.psb.ugent.be/webtools/Venn/) and the “heatmap” R package. An interaction network for the candidate prognostic DEGs was generated by the online STRING database (version 3.7.1). Plots in the present study were drawn by ggplot2.

FRGs associated with overall survival (OS) were identified with univariate Cox regression analysis. P values were adjusted by Benjamini and Hochberg (BH) method. Multivariate Cox regression model analysis was performed to identify covariates with independent prognostic values for patient survival. Based on a multivariate Cox regression for these genes, a prognostic gene signature using ferroptosis-related DEGs was established.

To reflect the comprehensive effects of the ferroptosis, a risk score of each patient was calculated according to the normalized expression level of each gene and its corresponding regression coefficients. The formula was established as follows: risk score = ∑ (Coefi * Expi). The optimal cutoff values for gene expression were determined using the “surv-cutpoint” function of the “Surviminer” package in R. Patients in TCGA training and GEO validation cohorts were divided into high-risk and low-risk groups based on the median risk score as the cutoff value. Kaplan–Meier survival analysis and log-rank test were used to compare difference in the OS between the stratified groups. Then, receiver operating characteristic (ROC) curve analysis and the area under the ROC curve (AUC) was applied to test the predictive power of the prognostic risk score model. The difference in gene expression between tumor tissues and normal tissues and its correlation with prognosis was further validated by the GEPIA online database (http://gepia.cancer-pku.cn/).



Construction and Evaluation of a Predictive Nomogram

During the quantification of the risk on individuals in a clinical setting with the integration of multiple risk factors, the nomogram was an excellent tool in the assessment. The independent predictive factors identified by multivariate Cox regression were integrated to construct a predictive nomogram and corresponding calibration curves using the “rms” R package. The closer the calibration curve is to the 45° line, which represents the best prediction, the better is the prognostic prediction performance of the nomogram.



Function Enrichment Analysis

We applied the “limma” R package to analyze the correlations of DEGs between the high-risk and low-risk groups in TCGA and GEO cohorts, respectively. Gene ontology (GO) and Kyoto Encyclopedia of Genes and Genomes (KEGG) enrichment analysis for DEGs were conducted using the “clusterProfiler” package in R. For differential infiltrating score analysis between the high- and low-risk groups, infiltrating scores of 16 immune cells and 13 immune-related pathways were calculated by single-sample gene set enrichment analysis (ssGSEA) using the “gsva” package in R. The genes related to immune cell infiltration are provided in Supplementary Table S2.



Statistical Analysis

Statistical analyses were carried out with the R software (Version 3.5.3). The Student’s t-test was used to compare the gene expression between tumor tissues and adjacent normal tissues. Patients in TCGA training and GEO validation cohorts were divided into high-risk and low-risk groups based on the median risk score. Chi-square test was adopted to compare differences in age, gender, T stage, N (lymph node metastasis) status, M (tumor metastasis) status, diagnosis subtype, and histologic grade between the high- and low-risk groups. Mann–Whitney test with p-values adjusted by the BH method was used to compare the ssGSEA scores of immune cells or pathways between the high- and low-risk groups. Kaplan–Meier survival analysis and log-rank test were used to compare difference in the OS between the stratified groups. Univariate and multivariate Cox regression analyses were used to determine independent prognostic factors. p < 0.05 was considered statistically significant.




Results

To systematically describe our study, the flow chart of the study is shown in Figure 1. From the TCGA RNA-seq dataset, we obtained expression data of 430 BLCA patients from the TCGA cohort and 165 patients from GEO (GSE13507). A total of 372 BLCA patients with complete clinical information were finally enrolled in the TCGA cohort. Baseline demographic and clinical characteristics of the included patents are shown in Table 1.




Figure 1 | Flow chart of our study.




Table 1 | Clinical characteristics of BLCA patients in the TCGA cohort and GEO GSE13507.




Identification of Prognostic DEGs Related to FRGs of BLCA in the TCGA Cohort

The RNA expression data of 411 BLCA tumor samples and 19 adjacent normal samples were obtained from TCGA. Differential expression analysis was conducted with the DEseq2 package. A total of 4610 DEGs were screened out and a total of 67 FRGs (25.9%) were differentially expressed between tumor tissues and adjacent normal tissues (Figures 2A, B). Twelve candidate FRGs associated with OS were identified with univariate Cox regression analysis (Figures 2C, D). The protein–protein interaction network provided interactive information among these DEGs (Figure 2E). BID, FADS2, and SCD were identified as hub genes with “igraph” R package. The correlation network of these genes is presented in Figure 2F.




Figure 2 | Identification of prognostic DEGs related to FRGs in the TCGA cohort. (A) The 67 overlapping genes were shown in the volcano map. Forty genes were upregulated and 27 genes were downregulated in tumor tissues. (B) Venn diagram to identify DEGs related to FRGs. (C) Univariate Cox proportional regression analysis showed that the 12 genes were significantly associated with OS. (D) A heatmap showing the expressions of the 12 prognostic genes in the tumors and normal tissues. (E) PPI network provided interactive information among the candidate prognostic genes. (F) The correlation network of candidate genes. Different colors represented the correlation coefficients.





Establishment of a Prognostic Model of FRGs in TCGA Cohort

The expression profiles of the 12 candidate genes mentioned above were incorporated into a prognostic model using multivariate Cox regression analysis. A nine-gene signature, namely, ALB, BID, FADS2, FANCD2, IFNG, MIOX, PLIN4, SCD, and SLC2A3, was constructed (Figure 3A). Patients in the TCGA training cohort were classified as high risk (n = 186) or low risk (n = 186) based on the median cutoff value of risk score (Figure 3B). The risk score was calculated as follows: risk score= (−0.065* expression level of ALB) + (−0.165* expression level of BID) + (0.0898* expression level of FADS2) + (−0.3198* expression level of FANCD2) + (−0.14* expression level of IFNG) + (−0.085* expression level of MIOX) + (−0.087* expression level of PLIN4) + (0.1324* expression level of SCD) + (0.17* expression level of SLC2A3). The heatmap result showed high-risk group patients with higher expression levels of FADS2, SCD, and SLC2A3 (Figure 3C). Patients in the high-risk group had a shorter survival time than those in the low-risk group (Figure 3D). Likewise, Kaplan–Meier survival curves show that OS of high-risk patients was significantly worse than OS of low-risk patients (Figure 3E). The predictive performance of the prognostic risk score model was evaluated by time-dependent ROC curves and the area under the curve (AUC). As shown in Figure 3F, the AUC reached 0.694 at 1 year, 0.723 at 3 years, and 0.757 at 5 years, suggesting a favorable predictive value of the risk score model in short- and long-term follow-up.




Figure 3 | Establishment of a prognostic model of FRGs in the TCGA cohort. (A) A nine-gene signature was generated by Multivariate Cox regression analysis. (B) Distribution of signature-based risk scores. (C) The differences in the expression of the prognostic signature in different risk groups. (D) Survival status of high-risk and low-risk patients. (E) Kaplan–Meier curves indicated that the OS in the high-risk group was markedly poorer than that in the low-risk group (p < 0.0001). (F) Time-dependent ROC curve analysis for measuring the prognostic performance of the signature-based risk score on OS.





Validation of the Prognostic Model based on Nine-FRG Signature in the GEO Cohort

The reliability of the model constructed from the TCGA cohort was validated in the GEO cohort. A total of 165 patients from the GEO cohort were divided into high-risk (n = 83) and low-risk (n = 82) groups by the median value calculated using the same risk formula and cutoff point obtained from the TCGA cohort (Figure 4B). The results are consistent with results obtained from the TCGA cohort. Patients in the high-risk group had a shorter survival time than those in the low-risk group (Figure 4A). Likewise, Kaplan–Meier survival curves show that OS of high-risk patients was significantly worse than OS of low-risk patients (Figure 4D). ROC curves also suggest a good predictive value of the risk score model (Figure 4E).




Figure 4 | Validation of the nine-FRG signature in the GEO cohort. (A) Survival status of high-risk and low-risk patients. (B) Distribution of risk scores. (C) The differences in the expression of the prognostic signature in different risk groups. (D) Kaplan–Meier curves for OS. (E) Time-dependent ROC curve analysis.





Prognostic Analysis of the BLCA Patients Based on the Expression of the Nine-FRG Signature

To further determine the accuracy of the prognostic model of FRGs, the Gene Expression Profiling Interactive Analysis (GEPIA) database was used to analyze the OS of BLCA patients based on the expression of FRGs. Cutoff for high value and low value is set to 50%. p < 0.05 was considered statistically significant. In the signature genes, four genes, namely, FADS2, SCD, IFNG, and PLIN4, were significantly correlated with the OS of BLCA (Figures 5C, E, G, H). FADS2 and SCD were unfavorable factors for OS of BLCA patients, whereas IFNG and PLIN4 were favorable factors for OS of BLCA patients. This was consistent with results of multivariate Cox regression.




Figure 5 | Prognostic analysis of the BLCA patients based on the expression of FRGs. (A–I) Box plots show the differences in the expression of nine different ferroptosis-related genes in the tumor and normal tissues from the GEPIA dataset. (a–i) The overall survival of BLCA patients based on the expression of the nine FRGs is shown.





Independent Prognostic Analysis of the Prognostic Model

Univariate and multivariate Cox regression analyses were conducted to evaluate whether the signature-based risk score was an independent predictor of OS (Figure 6). Hazard ratios (HRs) and 95% confidence intervals (CIs) for each variable were calculated. p < 0.05 was considered statistically significant. In both TCGA and GEO data, results show that the risk scores were independent prognostic predictors for OS in the univariate and multivariate Cox regression analyses.




Figure 6 | Univariate and multivariate Cox regression analyses. Results showing the signature-based risk score was an independent predictor of OS. (A) The univariate Cox regression analysis in the TCGA cohort. (B) The multivariate Cox regression analysis in the TCGA cohort. (C) The univariate Cox regression analysis in the GEO cohort. (D) The multivariate Cox regression analysis in the GEO cohort.





Construction and Validation of the Nomogram in the TCGA Cohort

Nomogram was generated based on several independent predictive factors to predict the probability of 1-year, 2-year, and 3-year OS rates with the TCGA Training dataset. Different factors were scored based on the proportion of contribution to survival risk as shown in Figure 7A. The calibration curve for the 1-year, 3-year, and 5-year OS probability results showed that the predicted survival rate is closely related to the actual survival rate (Figure 7B). These results indicated that the signature of the nine FRGs was a reliable prognostic indicator in BLCA patients.




Figure 7 | Construction and validation of the nomogram in the TCGA cohort. (A) The nomogram for predicting the OS of patients with BLCA at 1, 2, and 3 years in the TCGA dataset. (B) Calibration curves of the nomogram for OS prediction at 1, 3, and 5 years in the TCGA dataset.





GO and KEGG Enrichment Analysis of the TCGA Cohort

To investigate the potential biological characteristics of the DEGs in high-risk and low-risk patients in the TGCA cohort, GO enrichment and KEGG pathway analyses were performed using the ClusterProfile R package. GO analysis indicated that DEGs were obviously enriched in some ferroptosis-related, immune-related biological processes and molecular functions (adjusted p < 0.05; Figures 8A, C). KEGG functional enrichment analysis suggested that DEGs were mostly enriched in the ferroptosis-related pathway, immune-related pathways, and bladder cancer (Figures 8B, D).




Figure 8 | Gene Ontology (GO) and Kyoto Encyclopedia of Genes and Genomes (KEGG) enrichment analysis in TCGA and GEO cohorts. (A) GO enrichment analysis in the TCGA cohort. (B) KEGG enrichment analysis in the TCGA cohort. (C) GO enrichment analysis in the GEO cohort. (D) KEGG enrichment analysis in the GEO cohort.



To further explore the relationship between the risk score and immune status, we quantified the infiltrating scores of immune-cell and immunity-related pathways with ssGSEA. The correlations between ssGSEA scores and different risk groups showed that the scores of aDCs, mast cells, NK cells, APC co-inhibition, cytolytic activity, MHC class I, and type I IFN response were significantly different between the low-risk and high-risk groups in the TCGA cohort (Figures 9A, B). Interestingly, the scores of aDCs, DCs, macrophages, Tfh, Tfh1 cells, TIL, Treg, APC co-stimulation, CCR, checkpoint, cytolytic activity, inflammation promoting, MHC class I, parainflammation, T-cell co-inhibition, and T-cell co-stimulation were significantly different between the low-risk and high-risk groups in GEO cohorts (Figures 9C, D). Moreover, although the expression of immune checkpoint molecules including programmed cell death protein 1 (PD1), PD1 ligand 1 (PDL1), and cytotoxic T lymphocyte antigen 4 (CTLA4) was no statistical difference in TCGA cohort (Figure 10A), it significantly higher in the high-risk group in GEO cohort (Figure 10B).




Figure 9 | The single-sample gene set enrichment analysis (ssGSEA) scores between the high-risk and low-risk group in TCGA and GEO cohorts. (A) Box plots showing the scores of 16 immune cells in different groups in the TCGA cohort. (B) Box plots showing the scores of 13 immune-related functions in different groups in the TCGA cohort. (C) Box plots showing the scores of 16 immune cells in different groups in the GEO cohort. (D) Box plots showing the scores of 13 immune-related functions in different groups in the GEO cohort. Adjusted p-values are shown as follows: *p < 0.05; **p < 0.01; ***p < 0.001.






Figure 10 | The expression of immune checkpoint molecules including PD1, PDL1, and CTLA4 between the high-risk and the low-risk group in TCGA and GEO cohorts. (A) Box plots show the differences in the expression of PD1, PDL1, and CTLA4 between the high-risk and low-risk group in the TCGA cohort. (B) Box plots show the differences in the expression of PD1, PDL1, and CTLA4 between the high-risk and the low-risk group in the GEO cohort.






Discussion

Bladder cancer is a molecular heterogeneous malignant tumor; the treatment strategies for advanced-stage patients are limited. The molecular characteristics are closely related to prognosis of bladder cancer. Therefore, it is vital for improving the clinical outcome of BC patients to identify key biomarkers and targets affecting prognosis. The development of high-throughput array technology provides an opportunity to explore novel genes involved in the occurrence and development of BC. Increasing evidence has shown that ferroptosis plays a crucial role in tumorigenesis and cancer therapeutics (22). In this study, the differential expression of FRGs between BLCA tumor tissues and adjacent normal tissues were systematically investigated. FRGs associated with the prognosis of BLCA were determined by Cox proportional hazards regression analysis. Results significantly indicated the feasibility of building a prognostic model with these FRGs.

A novel prognostic model integrating nine ferroptosis-related DEGs was, for the first time, constructed and externally validated. These genes that make up the prognostic model were ALB, BID, FADS2, FANCD2, IFNG, MIOX, PLIN4, SCD, and SLC2A3. It was reported that ALB (albumin) may act synergistically with transferrin to limit iron supply, which may lead to the promotion of ferroptosis (23). The expression level of ALB was upregulated in BLCA tumor tissue compared with normal tissues (Figure 5A). The OS of the high-expression group was better than that of the low-expression group, which was consistent with the expression in the different risk groups based on the prognostic signature (Figure 3C). Ferroptosis is defined as an oxidative and iron-dependent pathway of regulated cell death, which is different from caspase-dependent apoptosis. Mitochondrial transactivation of BID links ferroptosis to mitochondrial damage as the last execution step of oxidative cell death (24). Overexpression of BID may promote the suppression of ferroptosis, indicating a worse prognosis (Figure 5B). FADS2 is abnormally expressed in many malignant tumors, and its expression is significantly correlated with tumor proliferation, cell migration invasion, and ferroptosis (25). Activation of FADS2 involved in the Warburg effect inhibits ferroptosis (26). Upregulation of FADS2 was associated with poor prognosis in BLCA (Figure 5C). SCD, like FADS2, was involved in Warburg effect (26). A study (27) confirmed that SCD was an enzyme that catalyzes the rate-limiting step in monounsaturated fatty acid synthesis in ovarian cancer cells; inhibition of SCD1 could induce both ferroptosis and apoptosis. SCD was highly expressed in ovarian cancer tissue. The expression levels of SCD in BLCA was also high (Figure 5H). FANCD2, a protein that mediates DNA repair, suppresses ferroptosis by transcription and transcription-independent mechanisms (28). FANCD2 is closely correlated to tumorigenesis and progression (29). A study indicated that FANCD2 expression correlated with the activation of apoptotic, cell cycle, and EMT pathways in clear cell renal cell carcinoma (30). The high expression level of FANCD2 was related to better prognosis in BLCA (Figure 4C, 5D), which suggests that the role of FANCD2 in BLCA may be consistent with other studies. IFNG (interferon gamma, INFγ)released from CD8+ T cells downregulates the expression of SLC3A2 and SLC7A11, two subunits of the glutamate-cystine antiporter system xc-, inhibits the uptake of cystine by tumor cells, and consequently promotes tumor cell lipid peroxidation and ferroptosis (31). Expression of IFNG was negatively associated, in BCLA patients, with patient outcome (Figure 5E). Overexpression of myo-inositol oxygenase (MIOX) exacerbates cellular redox injury in cisplatin-induced acute kidney injury (AKI) by accelerating ferroptosis (32). It is reasonable to assume that MIOX may play an anti-cancer role by promoting ferroptosis in BLCA. This could explain why MIOX is highly expressed in the low-risk group (Figure 3C). PLIN4 (Perilipins4) is one of the families of lipid droplet-associated proteins that participate in lipid metabolism regulation. It can be used as diagnostic markers of liposarcoma and to differentiate liposarcoma subtypes (33). Compared with the corresponding normal tissues, the expression of PLIN4 in BLCA tumor tissues was downregulated (Figure 5G), and higher expression of PLIN4 was associated with better prognosis (Figure 5G). PLIN4 could also be used as prognostic markers. Upregulation of the SLC2A gene that encodes the glucose transporter (GLUT) protein is associated with poor prognosis in many cancers. It was observed that upregulation of the SLC2A3 genes is associated with decreased OS and DFS in colorectal cancer patients (34). Likewise, we found that SLC2A3 expression was high in the high-risk group (Figure 4C). The nine FRGs were either positively or negatively correlated with ferroptosis. They were differentially expressed in different risk groups, which was consistent with their gene functions in cancers. However, not all nine genes had expression levels consistent with their functions in BLCA (Figure 5). Therefore, the specific role of these genes in BLCA has to be further investigated.

We further demonstrated that the risk score of the nine-gene signature was an independent prognostic indicator of OS for patients with BLCA. The high-risk group was found to have a significantly higher percentage of BLCA patients with worse clinicopathological features, such as an advanced T stage, lymph node metastasis, and histologic grade (Table 2). In addition, micropapillary carcinoma of the bladder (MPBC) is a variant type of infiltrating urothelial carcinoma, which portends a poor biological behavior in terms of disease stage at first diagnosis and clinical outcome (35). We tried to assess the risk of MPBC patients by our risk score, but unfortunately, the correlation between risk score and diagnosis subtype was not statistically significant. Thereafter, an individualized prognostic prediction model was constructed with nomograms, where the risks of individuals in the clinical context were quantified by integrating multiple risk factors including risk score. Calibration curves suggested high consistency between the actual and predicted OS rates. According to the aforementioned results, it was suggestive that the prognostic risk score model based on the nine-gene signature was a powerful prognostic indicator in BLCA patients.


Table 2 | Baseline characteristics of the patients in different risk groups in the TCGA cohort and the GEO cohort.



To determine the role of ferroptosis-related classical signaling pathways in different risk groups, GO and KEGG enrichment analysis of DEGs in the high-risk and low-risk groups. Expectedly, the results indicated that DEGs were significantly enriched in biological oxidation, fatty acid metabolism, and iron metabolism (Figure 5C). These biological processes are all critical for the execution of ferroptosis (13, 17). Interestingly, many immunity-related functions and pathways were significantly enriched, such as chemokine receptor binding, humoral immune response, IL-17 signaling pathway, protein interaction with cytokine–cytokine receptor, and toil-like receptor signaling pathway (Figures 8C, D). ssGSEA revealed that the infiltrating scores of immune-cell and immunity-related pathways were significantly different in different risk groups. At present, many researchers have proven that ferroptosis is related to immunity. We found that NK cells, CD8+ T cells, and MHC class I molecules were significantly higher in the low-risk group (Figures 9A, B). A study indicated that ferritin heavy chain in tumor cells may modulate the expression of MHC class I molecules and influence NK cells (36). MHC class I molecules enable CD8+ T cells to recognize and kill tumor cells (37). CD8+ T cells release interferon (IFN)γ, and (IFN)γ can regulate the lipid peroxidation and ferroptosis pathways in tumors (31). In addition, studies have demonstrated that increased tumor-associated macrophages (38, 39) or Treg cells (39, 40) are related to poor prognosis in HCC patients due to their role in immune invasion. The fractions of macrophages and Treg cells were higher in high-risk group BLCA patients in the GEO cohort (Figure 9C), which were consistent with the abovementioned research results.

In recent years, immune checkpoint inhibitor treatment has become a new and promising therapy for BC. The recent IMvigor010 study (41) was designed to evaluate the role of a checkpoint inhibitor in muscle-invasive urothelial carcinoma (MIUC). Although the trial did not meet its primary endpoint of improved disease-free survival (DFS) in the atezolizumab group over observation because of higher frequencies of adverse events, we also could find that adjuvant checkpoint inhibitor therapy may have some advantages in muscle-invasive urothelial carcinoma. The stirring CheckMate274 study presented by Dean Bajorin at the 2021 ASCO Genitourinary Cancers Symposium indicated that the adjuvant nivolumab, a PD-1 immune checkpoint inhibitor, significantly improved DFS in patients with high-risk MIUC after radical surgery, especially in PD-L1≥1% patients. There was significant difference in checkpoint between the high-risk and low-risk patients in our study (Figure 9D). The expression of immune checkpoint molecules including PD1, PDL1, and CTLA4 was significantly higher in the high-risk group in GEO cohorts (Figure 10B). This indicates that patients in the high-risk group may benefit more from immune checkpoint inhibitor therapy than patients in the low-risk group and provides new insight for BC immunotherapy. Considered together, these findings suggest that poor prognosis of patients with high risk might be correlated with immunosuppression, and ferroptosis could play a role in the immunotherapy of BC.

Despite the confirmation of our prognostic model in various datasets, this study was limited because it was a retrospective study. A further well-designed prospective study is necessary to validate the clinical value of the developed model. Besides, it was inevitable that by merely considering a single hallmark to build a prognostic model, many prominent prognostic genes in BC might have been excluded.

In conclusion, a novel prognostic model based on the nine-FRG signature in BLCA was the first established and validated. The prognostic models exhibited superior predictive performance and could independently predict the prognosis of BC patients. Understanding the roles of the signature and the relationship between ferroptosis and tumor immunity can provide insights into prognostic and therapeutic implications for BC patients.
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Purpose

The aim of this study is to investigate the prognostic role of programmed death ligand-1 (PD-L1) on tumor-infiltrating immune cells (TIICs) in patients after radical cystectomy (RC) for bladder cancer (BCa).



Materials and Methods

We retrospectively reviewed 92 “high-risk” (≥pT3a and/or pN+) patients who underwent RC for BCa, without adjuvant chemotherapy (AC), between April 2014 and December 2019. PD-L1 on TIICs was measured only using the VENTANA (SP-142) immunohistochemistry assay. Patients were categorized into three groups based to the percentage of the tumor area covered by PD-L1 on TIICs: IC0 (<1%), IC1 (≥1% and <5%), and IC2/3 (≥5%). Positive PD-L1 was defined as IC2/3 (≥5%). Kaplan–Meier survival analysis was used to illustrate recurrence-free survival (RFS), and Cox proportional hazard models were used to identify predictive factors of tumor recurrence.



Results

Within the cohort, the proportions of PD-L1 IC0, IC1, and IC2/3 were 21.7%, 23.9%, and 54.4%, respectively. At follow-up (mean 31.3 months), tumor recurrence was identified in 49 patients (53.3%). Using multivariable analysis, tumor stage (pT4; P=0.005), positive lymph nodes (P=0.021), and positive PD-L1 on TIICs (P=0.010) were independent predictors of tumor recurrence. The 2- and 3-year RFS rates were 67.7% and 64.2% in negative PD-L1 on TIICs, while 27.8% and 22.3% in positive PD-L1 on TIICs, respectively.



Conclusions

Positive PD-L1 on TIICs was significantly associated with poorer RFS in “high-risk” patients after RC without AC. Our results support the use of adjuvant immunotherapy in “high-risk” patients with positive PD-L1 on TIICs after RC.





Keywords: high-risk, programmed death ligand-1, radical cystectomy, recurrence, tumor-infiltrating immune cell



Introduction

Currently, the guidelines of European Association of Urology (EAU) on muscle-invasive bladder cancer (MIBC) recommend cisplatin-based combination adjuvant chemotherapy (AC) after radical cystectomy (RC) in high-risk patients (≥pT3a and/or pN+) if they did not receive neoadjuvant chemotherapy (NAC) (1). However, approximately half of patients with advanced bladder cancer (BCa) are not cisplatin-eligible because of comorbidities such as creatinine clearance < 60 mL/min, Eastern Cooperative Oncology Group (ECOG) performance status ≥ 2, New York Heart Association (NYHA) class 3 heart failure, and grade ≥ 2 neuropathy (2–4). In addition, about a third of patients only experience adverse events related to AC without treatment benefits (5). For this reason, a novel strategy using immune checkpoint inhibitors is emerging as a promising therapeutic approach because of their relatively lower toxicities compared to chemotherapy (6, 7).

To date, because of its relatively high tumor mutational burden, BCa is regarded as an immunogenic tumor (8, 9). Blocking of programmed death-1 (PD-1)/programmed death ligand-1 (PD-L1) interaction has revealed positive results in BCa by restoring T cell-mediated immune responses (10, 11). As a result, three phase III trials are ongoing to identify the efficacy of atezolizumab (IMvigor010 or NCT0245033) (12), nivolumab (CheckMate274 or NCT02632409) (13) and pembrolizumab (AMBASSADOR or NCT03244384) (14) in the adjuvant setting following RC. However, there are few studies on predictive biomarkers that can be used to choose patients suitable for adjuvant immunotherapy.

Therefore, in this study, we examined PD-L1 on tumor-infiltrating immune cells (TIICs) in RC specimens to investigate the prognostic role of PD-L1 on TIICs as a predictive biomarker by analyzing the correlation with tumor recurrence in “high-risk” patients after RC.



Materials and Methods


Patients’ Selection

This study was approved by the Institutional Review Board of Ewha Womans University Mokdong Hospital (IRB No. 2019-02-004) and performed in accordance with the Declaration of Helsinki. Informed consent of patients was waived owing to the study design, but all patient data complied with relevant privacy regulations and data protection

We retrospectively examined a prospectively collected database of 560 patients who underwent RC for BCa between April 2014 and December 2019 by a single urologic surgeon. From the cohort, we excluded patients who were diagnosed with pT0-2N0 BCa following RC (n = 173) and who received NAC and/or radiation therapy or intravesical Bacillus Calmette- Guérin (BCG) instillation (n = 65). In addition, patients who had variant histology (n = 11) and those who received AC after RC (n = 219) were also excluded. Finally, 92 “high-risk” (≥pT3a and/or pN+) patients after RC without AC were selected for this study (Figure 1). All patients were preoperatively staged as cM0.




Figure 1 | Flow chart of patient selection. BCa, bladder cancer; BCG, Bacillus Calmette- Guérin; AC, adjuvant chemotherapy; NAC, neoadjuvant chemotherapy.





Data Collection

Clinical and pathological characteristics of patients, including age at surgery, sex, pathologic T and N category, presence of carcinoma in situ (CIS), lymphovascular invasion (LVI), number of resected lymph nodes (LNs), status of surgical margin, and type of urinary diversion were identified from medical records.

Tumor recurrence was defined as local recurrence at the surgical bed or regional LNs, and/or distant metastasis. Recurrence-free survival (RFS) was calculated from the date of RC to the date of the first stated recurrence or the last follow-up date on which the patient was without tumor recurrence.



Histologic Assessment

All RCs were conducted as open techniques and, in general, included removal of the prostate and seminal vesicle in men and removal of the ovaries and uterus in women. All patients received standard bilateral pelvic lymphadenectomy (15).

RC specimens were processed in formalin-fixed, paraffin-embedded sections. All specimens were reviewed by a pathologist specialized in genitourinary cancer. Pathologic staging and tumor grading were categorized according to the 2010 TNM classification of the American Joint Committee on Cancer (AJCC) and the 2004 World Health Organization (WHO)/International Society of Urologic Pathology consensus classification.



Immunohistochemistry (IHC) Assay

PD-L1 on TIICs was measured using the VENTANA PD-L1 (SP142) rabbit monoclonal primary antibody (Ventana Medical Systems, Tucson, USA) with a fully automated IHC assay on the BenchMark ULTRA (Ventana Medical Systems, Tucson, USA) staining platform according to manufacturer protocols. The assay was optimized for the detection of PD-L1 in urothelial carcinoma, for which TIICs are predictive. The VENTANA PD-L1 (SP142) stain highlights a heterogeneous population of immune cells including lymphocytes, macrophages, dendritic cells, and granulocytes. In our study, most immune cells are blood-origin lymphocytes, and some granulocytes have been identified.

Briefly, formalin-fixed, paraffin-embedded tissue sections were cut in widths of 1.5 μm. After deparaffinization, antigen retrieval was performed using cell conditioning reagent 1 (Ventana Medical Systems, Tucson, USA). After primary antibody incubation at 37°C for 32 minutes, the Ultra View DAB Detection Kit (Ventana Medical Systems, Tucson, USA) was used for visualization. The slides were washed in distilled water, counterstained with hematoxylin (12 minutes) and bluing reagent (4 minutes), dehydrated in a descending order of alcohols, cleared in xylene, and coverslipped with Tissue-Tek mounting medium (Sakura Finetek Japan, Tokyo, Japan).



Quantification of PD-L1 Expression in TIIC

The evaluating pathologist was blinded to the clinicopathological and recurrence data of the patients. Patients were divided into three groups according to the percentage (%) of the tumor area covered by PD-L1 on TIICs: IC0 (<1%), IC1 (≥1% and <5%), and IC2/3 (≥5%). In addition, using a 5% cutoff value, PD-L1 was dichotomized as negative (<5%) or positive (≥5%) for statistical analysis. Representative images of PD-L1 on TIICs are depicted in Figure 2.




Figure 2 | Representative images of PD-L1 on TIICs using the VENTANA (SP-142) immunohistochemistry assay in “high-risk” patients with bladder cancer. (A) IC0 (< 1% of tumor area covered by PD-L1 on TIICs), (B) IC1 (≥ 1% and <5% of tumor area covered by PD-L1 on TIICs), (C, D) IC2/3 (≥ 5% of tumor area covered by PD-L1 on TIICs). All images are ×200 magnification (scale bar 100 μm). PD-L1, programmed death-ligand 1; TIIC, tumor-infiltrating immune cell.





Follow-Up Protocol

Each patient was followed up according to recommendations and institutional protocols. Following RC patients were generally scheduled at one month postoperatively, then every three months for the first two years, every six months for the next three years, and annually thereafter. During the follow-up period, a physical examination with laboratory tests, urine analysis with cytology, chest x-ray, and computed tomography (CT) or magnetic resonance imaging (MRI) of the chest, abdomen, and pelvis were performed at every visit to identify tumor recurrence. Bone scintigraphy was performed when clinically indicated.



Statistical Analysis

Descriptive statistics were obtained for demographic variables. Continuous variables are presented as median (range) or mean (standard deviation, SD), and categorical variables are expressed as absolute values (percentages). An independent t-test was used to compare quantitative variables, and Pearson’s chi-square test, Fisher’s exact test, or linear-by-linear association were used to compare categorical clinicopathologic characteristics. Kaplan–Meier survival analysis was used to illustrate RFS, and differences were assessed using the log-rank test. Multivariable Cox proportional hazard models were used to identify predictive factors associated with tumor recurrence. All statistical analyses were performed using IBM SPSS Statistics for Windows, version 23.0 (IBM Corp. Armonk, NY, USA). Two-tailed P-values < 0.05 were considered statistically significant.




Results


Patient Characteristics

The baseline clinicopathological characteristics of the 92 “high-risk” patients who underwent RC for BCa without AC are outlined in Table 1. Within the cohort, the median (range) age at RC was 72.0 (61.0 - 82.0) years, and the male to female ratio was 4.4:1. Pathological tumor category T3 was identified in 72 patients (78.3%) at the time of RC. The median (range) resected number of LNs was 24.5 (8.0 - 42.0), and LN involvement was demonstrated in 44 patients (47.8%). The proportions of PD-L1 IC0, IC1, and IC2/3 on TIICs was 21.7%, 23.9%, and 54.4%, respectively. When patients were divided according to tumor recurrence (Yes vs. No), pathologic T and N categories and PD-L1 on TIICs were significantly different (all P < 0.05). However, there were no significant differences in age at surgery, sex, concomitant CIS, LVI, number of resected LNs, surgical margin status, and type of urinary diversion between the two groups.


Table 1 | Clinicopathologic characteristics of 92 “high-risk” patients following radical cystectomy without adjuvant chemotherapy.





Association of Clinic-Pathological Characteristics With PD-L1 Expression

The associations between clinicopathological characteristics and PD-L1 on TIICs are presented in Table 2. In patients with positive LNs the proportions of PD-L1 IC0, IC1, and IC2/3 on TIICs was 15.9%, 13.6%, and 70.5%, respectively, and the rates were significantly different from those in patients with negative LNs (P = 0.011). However, there was no association between PD-L1 on TIICs and any remaining clinicopathological characteristics, including age, sex, tumor stage, concomitant CIS, LVI, surgical margin status, and type of urinary diversion.


Table 2 | Association of programmed death-ligand 1 expression and clinicopathologic characteristics.





Association of PD-L1 Expression With RFS

At mean (SD) follow-up of 31.3 (12.5) months, tumor recurrence was identified in 49 patients (53.3%). The overall RFS rates estimated using the Kaplan–Meier method was presented in Figure 3. The 2- and 3-year overall RFS rates were 46.1% and 42.0%, respectively. However, when stratified according to PD-L1 on TIICs, RFS was significantly shorter in patients with IC2/3 than in patients with IC0 (P = 0.005) and those with IC1 (P = 0.022) (Figure 4A). Furthermore, when PD-L1 on TIICs was dichotomized using a 5% cutoff value, PD-L1 on TIICs significantly affected RFS (P = 0.001; Figure 4B) and using a 1% cutoff value, a significantly shorter RFS was also found in patients with positive PD-L1 on TIICs (P = 0.024). The 2- and 3-year RFS rates were 67.7% and 64.2% in negative PD-L1 on TIICs. However, the 2- and 3-year RFS rates were 27.8% and 22.3% in positive PD-L1 on TIICs, respectively.




Figure 3 | Kaplan–Meier survival curve for overall RFS. The 2- and 3-year overall RFS rates were 46.1% and 42.0%, respectively. RFS, recurrence-free survival.






Figure 4 | Kaplan–Meier survival curves for RFS according to (A) PD-L1 expression score, and (B) PD-L1 positivity on TIICs. (A) RFS was significantly shorter in patients with IC2/3 than in patients with IC0 (P = 0.005) and those with IC1 (P = 0.022). The 2- and 3-year RFS rates were 70.7% and 70.7% in patients with PD-L1 IC0, 64.6% and 57.4% in patients with PD-L1 IC1, and 27.8% and 22.3% in patients with IC2/3, respectively. (B) RFS was significantly shorter in patients with PD-L1 positive than in patients with PD-L1 negative (P = 0.001). The 2- and 3-year RFS rates were 67.7% and 64.2% in patients with PD-L1 negative. However, the 2- and 3-year RFS rates were 27.8% and 22.3% in patients with PD-L1 positive, respectively. PD-L1, programmed death-ligand 1; RFS, recurrence-free survival; TIIC, tumor-infiltrating immune cell.



The results of the Cox proportional hazard regression analysis of prognostic factors of tumor recurrence after RC without AC are summarized in Table 3. Multivariable Cox regression analyses showed that tumor category pT4 (hazard ratio [HR] = 2.23; 95% confidence interval [CI]: 1.278–2.3.896; P = 0.005), positive LNs (HR = 1.79; 95% CI: 1.083–3.232; P = 0.021), and positive PD-L1 on TIICs (HR = 2.03; 95% CI: 1.186–3.461; P = 0.010) were significantly associated with an increased risk of tumor recurrence.


Table 3 | Cox proportional hazard regression analyses to predict tumor recurrence following radical cystectomy without adjuvant chemotherapy.






Discussion

In our study of 92 “high-risk” (≥pT3a and/or pN+) patients after RC without AC, tumor recurrence was confirmed in 49 patients (53.3%). When patients were stratified based on pathologic parameters, the RFS rate was significantly correlated with pathologic T and N categories and PD-L1 on TIICs. Positive PD-L1 on TIICs was closely associated with shorter RFS in patients with BCa after RC without AC. These results may help to establish treatment strategies for “high-risk” patients and advocate the use of adjuvant immunotherapy for “high-risk” patients with positive PD-L1 on TIICs. To the best of our knowledge, this is the largest study to evaluate the prognostic role of PD-L1 on TIICs in “high-risk” patients.

To date, the prognostic role of PD-L1 as a biomarker in BCa has been examined but showed inconsistent results owing to the use of different PD-L1 antibodies, location of PD-L1 measurement, and heterogeneous cutoff values to define positive PD-L1 expression (16–22). Therefore, to decrease the effect of heterogeneity between PD-L1 IHC assays, we only examined PD-L1 on TIICs that used the VENTANA assay with the SP 142 antibody. This assay was chosen because, in the past, atezolizumab was only reimbursed by the government for second-line treatment of metastatic BCa based on the result of VENTANA test. Furthermore, PD-L1 on TIICs was examined only in RC specimens derived from patients who had not received intravesical therapy and perioperative chemo-radiation therapy, which could have affected the outcomes (23, 24). In addition, we defined positive PD-L1 on TIICs based on a cutoff of 5%. As a result, positive PD-L1 on TIICs was detected in 54.4% (50/92) of patients.

In a study by Pichler et al. (16), 83 “high-risk” patients (≥pT3a and/or pN+ disease) who underwent RC without AC were included. In this study, positive PD-L1 on TIICs (defined as ≥1%) was identified in 61.4% (51/83) of patients, and the median RFS was significantly shorter in patients with positive PD-L1 on TIICs than in those with negative PD-L1 on TIICs (P = 0.015). They hypothesized that “high-risk” patients with positive PD-L1 on TIICs might be candidates for adjuvant immunotherapy following RC. In our study, 92 “high-risk” patients using the same inclusion criteria were analyzed and found that, using a 5% cutoff, PD-L1 on TIICs significantly affected RFS (P = 0.001). Furthermore, when a 1% PD-L1 cutoff was applied, a significantly shorter RFS was also found in patients with positive PD-L1 on TIICs (P = 0.024). Collectively, these results support the need for adjuvant immunotherapy following RC in “high-risk” patients with positive PD-L1 on TIICs.

In addition, we previously reported the prognostic role of PD-L1 on TIICs in patients treated with cisplatin-based AC following RC for patients with MIBC (25). In that study, 219 “high-risk” patients were included, and positive PD-L1 on TIICs (defined as ≥5%) was identified in 59.4% (130/219) of patients. We found that RFS was significantly poorer in patients with positive PD-L1 on TIICs than in those with negative PD-L1 on TIICs (P = 0.003). Taken together, these results indicate that positive PD-L1 on TIICs may be used as a prognostic biomarker in “high-risk” patients following RC irrespective of AC for selection of adjuvant immunotherapy.

Therefore, phase III trials to identify the efficacy of adjuvant immunotherapy following RC are ongoing. In a phase III IMvigor010 trial, there was no significant difference in disease-free survival (DFS) between atezolizumab and observation in high-risk patients following RC (19.4 months vs. 16.6 months, HR = 0.89; P = 0.2446) (12). However, in a phase III CheckMate-274 trial, nivolumab was identified as the first immune therapy to be used in the adjuvant setting that provided a clinically meaningful improvement in DFS in high-risk patients following RC both in the entire cohort (HR = 0.70; P <0.001) and in patients with PD-L1 ≥1% (HR = 0.53; P <0.001) (13). We are awaiting the results of a phase III AMBASSADOR trial (adjuvant pembrolizumab vs. observation) (14), and these trials will hopefully provide guidance for further treatment strategies.

For further application of the novel biomarker in future research, it is important to integrate with other available clinical predictors. The Vesical Imaging-Reporting and Data System (VI-RADS) using multiparametric MRI has been demonstrated to effectively differentiate among non-muscle invasive bladder cancer (NMIBC), MIBC and extravesical BCa (≥pT3) preoperatively (26–29). In addition, the VI-RADS scoring system might stratify patients according to earlier prediction of tumor response to treatment (30). Furthermore, biomarkers from blood samples such as circulating tumor cells (CTCs), surviving expressing CTCs and absolute basophil count are available for risk stratification in patients with NMIBC to predict recurrence and progression (31–34). Liquid biopsy biomarkers in urine and systemic combined inflammatory score also have the potential for diagnosis, prognosis and monitoring of oncologic outcome after treatment (35, 36). Collectively, integration with these potential biomarkers offers a more comprehensive decision-making tool for individualized treatment and an opportunity for future research.

Despite its potential clinical implications, this study is not devoid of several limitations that should be considered when interpreting the results. First, the retrospective study design performed at a single institution may have introduced inherent selection bias. Nonetheless, this study analyzed a prospectively accrued database and reflected real-world clinical experience. Second, to avoid the heterogeneity of IHC diagnostic assays, we only used the VENTANA assay with the SP 142 antibody to examine PD-L1 on TIICs. However, as PD-L1 staining has not been standardized, discrepancies due to different staining platforms, antibody clones, and scoring algorithms should be considered in the interpretation. Finally, due to a relatively short follow-up period, the correlation between PD-L1 on TIICs and cancer-specific survival or overall survival was not evaluated. Therefore, confirmation via a large, prospective validation study is required to corroborate the findings reported here.

In conclusion, in “high-risk” patients with BCa, PD-L1 is widely expressed on TIICs. Positive PD-L1 on TIICs was significantly associated with LN positivity and poorer RFS following RC without AC. Our results support the need for adjuvant immunotherapy in “high-risk” patients with positive PD-L1 on TIICs. Further prospective studies are needed to clarify the role of PD-L1 on TIICs as a biomarker in “high-risk” patients with BCa.
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Background

Bladder cancer is the 10th most common cancer and most common urothelial malignancy worldwide. Prognostic biomarkers for bladder cancer patients are required for individualized treatment. Monocarboxylate transporter 4 (MCT4), encoded by SLC16A3 gene, is a potential biomarker for bladder cancer because of its crucial role in the lactate efflux in the aerobic glycolysis process. We aimed to study the association between MCT4 expression and the overall survival (OS) of bladder cancer patients.



Methods

The published single-cell RNA sequencing data of 49,869 bladder cancer cells and 15,827 normal bladder mucosa cells and The Cancer Genome Atlas (TCGA) bladder cancer cohort data were used to explore the mRNA expression of SLC16A3 in bladder cancer. Eighty-nine consecutive bladder cancer patients who had undergone radical cystectomy were enrolled as a validation cohort. The expression of MCT4 proteins in bladder cancer specimens was detected using immunohistochemistry staining. The Kaplan–Meier survival analysis and Cox regression were performed to analyze the association between MCT4 protein expression and OS in bladder cancer patients.



Results

SLC16A3 mRNA was upregulated in bladder cancer cells. The upregulated genes in SLC16A3-positive epithelial cells were enriched in the glycolysis process pathway and monocarboxylic acid metabolic process pathway. Patients with high SLC16A3 mRNA expression showed significantly poor OS (p = 0.016). High MCT4 protein expression was also found to be an independent predictor for poor OS in bladder cancer patients (HR: 2.462; 95% CI: 1.202~5.042, p = 0.014). A nomogram was built based on the results of the multivariate Cox analysis.



Conclusion

Bladder cancer with high SLC16A3 mRNA expression has a poor OS. High MCT4 protein expression is an independent prognostic factor for bladder cancer patients who had undergone radical cystectomy.





Keywords: bladder cancer, monocarboxylate transporter 4, solute carrier family 16 member 3, single-cell RNA sequencing, immunohistochemistry



Introduction

Bladder cancer is the 10th most common cancer and most common urothelial malignancy worldwide, with approximately 573,000 new cases and 213,000 deaths per year (1). Radical cystectomy is the first-line treatment for resectable muscle invasive bladder cancer (MIBC) and is also used as radical treatment for high-risk non-MIBC (NMIBC) (2). However, 26.9%–37.5% of patients who had undergone radical cystectomy showed tumor recurrence or metastasis after surgery (3–5). Prognostic biomarkers for bladder cancer patients are needed for more individualized surveillance and intervention after surgery.

In contrast to normal cells, which rely on oxidative phosphorylation to generate the energy needed for cellular processes, cancer cells rely on glycolysis for the energy needed for survival and proliferation (6). This phenomenon is termed aerobic glycolysis or the Warburg effect, which is common among human malignancies (6, 7). Aerobic glycolysis could help tumor cells generate ATPs quickly and acquire substrates for anabolism, which is critical for tumor cell proliferation (8). Additionally, the lactate generated from aerobic glycolysis can be transported into the tumor microenvironment by membrane monocarboxylate transporters, which can re-program the infiltrated immune cells and attenuate their anti-tumor immune response (9). The intensity of tumor aerobic glycolysis may be closely related to a high malignant potential and poor survival (10).

Monocarboxylate transporter 4 (MCT4) is a member of solute carrier family 16 encoded by SLC16A3 gene (11). It is widely expressed, particularly in tissues that rely on glycolysis for energy metabolism, such as tumor cells, immune cells, and astrocytes (12). In tumor cells, the efflux of lactate mediated by MCT4 is essential to maintain cytoplasmic pH (12, 13). The expression of MCT4 is correlated with the clinical outcome of several urologic cancers. Choi et al. (14) found that elevated MCT4 expression is associated with the incidence of castration-resistant prostate cancer and an earlier time to relapse. Fisel et al. (15) reported that the MCT4 mRNA is upregulated in renal cancer and that high MCT4 protein expression is correlated with poor overall survival (OS) in renal cancer. Previous studies have also shown that high MCT4 mRNA expression is associated with poor OS in bladder cancer patients (16). The expression of MCT4 protein was detected in several bladder cancer cell lines, and selective inhibition of MCT4 inhibited the viability of bladder cancer cells and reduced the tumor diameter of an orthotopic xenograft bladder cancer model (16). These studies highlighted the potential of MCT4 as a potential biomarker for bladder cancer.

In the present study, we first evaluated the expression of SLC16A3 mRNA in published single-cell RNA sequencing data of bladder cancer. Furthermore, the influence of SLC16A3 mRNA and MCT4 protein expression on the OS of bladder cancer patients was explored using the clinical data and MCT4 expression data of bladder cancer patients in our affiliations and The Cancer Genome Atlas (TCGA) database.



Materials and Methods


Acquisition of Publicly Available RNA Sequencing Data

The single-cell RNA sequencing data of eight bladder cancer samples and three normal bladder mucosa (NBM) samples were downloaded from the ENA database (https://www.ebi.ac.uk/ena/, accession ID: PRJNA662018) and Gene Expression Omnibus (https://www.ncbi.nlm.nih.gov/geo/, accession ID: GSE145140) (17, 18). The transcriptome data and survival data of 402 urothelial bladder cancer patients were obtained from TCGA database (https://tcga-data.nci.nih.gov/tcga/).



Clustering and Cell-Type Annotation

Raw sequencing data were mapped to the human genome, and data cleaning and integration were performed using the Seurat package (19–21). Clustering analysis was performed using the “FindClusters” function of the Seurat package. Clusters were annotated to known cell types according to canonical cell-type-specific markers (22).



Differential Analysis of Single-Cell Sequencing Data

The proportion of each epithelial cell cluster in all cells was calculated using the “prop.table” function of R software. The statistical significance of alterations in epithelial cell proportions was analyzed using one-way ANOVA and displayed with a histogram. The differential expression of SLC16A3 between epithelial cells of NMIBC and MIBC, as well as in NBM epithelial cells, was displayed using violin plots and t-SNE plots. The differentially expressed genes (DEGs) between SLC16A3-positive epithelial cells and SLC16A3-negative epithelial cells were screened using the “FindMarkers” function of the Seurat package with the default parameters. The DEGs were then submitted to Metascape software (https://metascape.org) for further Gene Ontology (GO) enrichment analyses.



Patients and Samples of the Validation Cohort

From October 2010 to March 2015, 89 consecutive bladder cancer patients who had undergone radical cystectomy at Peking Union Medical College Hospital or Qingdao University Affiliated Hospital were enrolled. Formalin-fixed paraffin-embedded tumor samples were retrieved for further immunohistochemistry (IHC) analyses.

The inclusion criteria were as follows: 1) patients with urothelial cell carcinomas identified by pathologic examination and 2) patients who had undergone radical cystectomy for MIBC or high-risk NMIBC.

The exclusion criteria were as follows: 1) patients with other histological types of bladder tumors, such as squamous cell carcinoma or adenocarcinoma; 2) patients with insufficient tumor tissues for IHC analysis; and 3) patients with a history of cancers from other organs or systems.

Formalin-fixed paraffin-embedded tumor samples were retrieved for MCT4 IHC staining. The MCT4 expression of samples was scored according to the intensity of staining and ratio of positive cells (Supplementary Method).



Statistical Analysis

Categorical variables were described with numbers and percentages in all cohorts. Continuous variables fitting a normal distribution were described with the mean ± standard deviation (SD). The association of MCT4 expression with categorical variables was assessed using chi-squared tests. Differences in continuous variables between two groups were analyzed using Student’s t-test. The statistical significance of alterations in epithelial cell proportions was analyzed using one-way ANOVA. The Kaplan–Meier (KM) method and log-rank test were used to analyze the influence of MCT4 expression on OS. Univariate Cox regression model was used to estimate the prognostic significance of each clinical characteristic and MCT4 expression. Variables that showed p < 0.1 in the univariate analysis were included in the multivariate Cox regression analysis. Variables that showed p < 0.05 in the multivariate analysis were independent prognostic factors for survival. The “nomogramEx” package of R software was used to draw a nomogram based on the results of the multivariate Cox regression. All p-values were two-sided, and statistical significance was defined as a p < 0.05. Unless otherwise noted, statistical analyses were performed using SPSS software (version 24.0).




Results


Clustering and Annotation of Single-Cell RNA Sequencing Data

After preprocessing, 65,723 filtered cells were used for bioinformatics analysis, including 49,869 bladder cancer cells and 15,827 cells from the NBM (Figure 1A). Clustering analysis identified 22 cell clusters (Figure 1B), all of which were annotated according to the canonical cell-type markers (Figure 1C). Nine classical cell types were identified, including epithelial cells, endothelial cells, T cells, regulatory T cells (Tregs), fibroblasts, plasma cells, macrophages, granulocytes, and B cells (Figure 1D). Five cell clusters, including clusters 0, 1, 3, 4, and 16, were recognized as epithelial cells by high expression of epithelial cell adhesion molecule (EPCAM). Endothelial cells were marked by FLT1 expression. T cells were labeled according to their expression of CD3D. Tregs were identified by high CD3D and FOXP3 expression. Fibroblasts were labeled by ACTA2 expression. B cells and plasma cells were identified by CD38 and CD79A expression. Granulocytes were identified by GATA2, and macrophages were marked by CD68 expression (Figure 1C).




Figure 1 | Identification of bladder cancer cells in single-cell sequencing data. (A) T-SNE plot of the integrated bladder cancer single-cell data. Each point represents a cell. Points were colored according to the pathological tissue type. (B) T-SNE plot of the cell clusters identified by the clustering algorithm. Points were colored according to the cluster identity. (C) Violin plot of the expression of classical markers of each cell type. (D) T-SNE plot of the annotated cell clusters. Each point represents a cell. Points were colored according to the cell type.





Alteration of Epithelial Cells Between Bladder Cancer and the Normal Bladder Mucosa

The percentages of epithelial cells in the NBM, NMIBC, and MIBC were 7.87%, 13.53%, and 73.20%, respectively. Clusters 0, 1, and 3 were significantly increased in MIBC, compared with those in the NMIBC and the NBM (Figure 2A). No statistically significant difference was found between the proportions of epithelial cell clusters of the NBM and NMIBC (Figure 2A).




Figure 2 | Alteration of PFKFB3 in bladder cancer cells. (A) Histogram of the percentage of epithelial cell adhesion molecule (EPCAM)-positive epithelial cell clusters in non-muscle invasive bladder cancer (NMIBC), MIBC, and the normal bladder mucosa. NS, not significant; *p < 0.05 **p < 0.01; ****p < 0.0001. (B) Violin plot of the expression of SLC16A3 mRNA in epithelial cell clusters of NMIBC, MIBC, and the normal bladder mucosa. NS, not significant; **p < 0.01; ****p < 0.0001. (C) T-SNE plot of the expression of SLC16A3 in epithelial cells in NMIBC, MIBC, and normal bladder mucosa. Red points represent cells with positive PFKFB3 expression, and gray points represent cells with no PFKFB3 expression. (D) Gene set enrichment analysis of the upregulated differentially expressed genes (DEGs) in SLC16A3-positive epithelial cells. The y-axis shows significantly enriched Gene Ontology (GO) terms, and the x-axis shows the number of DEGs enriched in a GO term. (E) Gene set enrichment analysis of the downregulated DEGs in SLC16A3-positive epithelial cells.



Furthermore, compared with the NMIBC and the NBM, MIBC showed significantly elevated SLC16A3 mRNA in all epithelial cell clusters. Compared with the NBM, the NMIBC showed significantly elevated SLC16A3 mRNA in epithelial cell clusters 0, 1, and 3 (Figure 2B). Overall, a gradual increase could be found in the SLC16A3 mRNA expression of all epithelial cells in the NBM, NMIBC, and MIBC (Figure 2C).

Additionally, we screened DEGs between the SLC16A3-positive and SLC16A3-negative epithelial cells and found that 102 genes were upregulated and 66 genes were downregulated in SLC16A3-positive epithelial cells. The upregulated DEGs were mainly enriched in the glycolysis process pathway, response to hypoxia pathway, monocarboxylic acid metabolic process pathway, and epithelial cell differentiation pathway (Figure 2D). The downregulated DEGs were mainly enriched in regulation of humoral immune response pathway and MAPK cascade pathway (Figure 2E).



Prognostic Significance of SLC16A3 mRNA Expression in Bladder Cancer

To explore the influence of SLC16A3 mRNA expression on the survival of bladder cancer patients, we downloaded the survival and transcriptome sequencing data of 402 patients in TCGA database, and the KM survival analysis showed that the patients with high SLC16A3 mRNA expression showed a significantly poorer OS than those with low SLC16A3 mRNA expression (p = 0.012; Figure 3A). Furthermore, subgroup analysis of 234 primary MIBC patients showed that primary MIBC with high SLC16A3 mRNA expression revealed a significantly worse OS (p < 0.001; Figure 3B). Subgroup analysis of 168 subsequent MIBC with an NMIBC history showed that tumors with different SLC16A3 mRNA expression levels did not show a significant difference (p = 0.204, Figure 3C).




Figure 3 | Influence of SLC16A3 expression on the survival of bladder cancer patients. (A) Bladder cancer patients with high SLC16A3 mRNA expression had worse overall survival rates than those with low SLC16A3 mRNA expression (p = 0.016). (B) Primary muscle invasive bladder cancer (MIBC) patients with high SLC16A3 mRNA expression showed worse overall survival rates than those with low SLC16A3 mRNA expression (p < 0.001). (C) Subsequent MIBC patients with high SLC16A3 mRNA expression showed no significant difference from patients with low SLC16A3 mRNA expression (p = 0.204).





Clinical Characteristics and MCT4 Expression of the Validation Cohort

We further enrolled a validation cohort including 89 consecutive bladder cancer patients. The average age of these patients was 69.1 years, and 50 of them had a smoking history. Seventy-two of them had MIBC, and the remaining 17 patients had high-risk NMIBC. Ten patients had previously received intravesical pirarubicin or Bacillus Calmette–Guérin vaccine therapy. Fifty-nine of them had one tumor focus. The other 30 patients had multiple tumors. The average number of tumors was 1.9, and the average maximum tumor diameter was 4.3 cm. Seventy-six tumors showed low pathological differentiation, while 13 tumors showed high differentiation. Pathological vessel or nerve invasion was found in tumors from 11 and eight patients, respectively. The median follow-up time was 33.2 months (Table 1). No patient died from preexisting chronic disorders during the follow-up.


Table 1 | Baseline information.



IHC staining was used to examine the expression of MCT4 protein in bladder cancer samples. Positive staining was mainly found in the membrane of the cancer cells, while the nuclei were not stained (Figures 4A–D). Fifty tumor tissues showed high MCT4 expression, and the remaining 39 tumors showed low MCT4 expression. Patients with different gender, pathological characteristics, smoking history, intravesical therapy, tumor diameter, or tumor numbers showed no significant difference in MCT4 expression (Table 2).




Figure 4 | Expression of MCT4 protein in bladder cancer. Low MCT4 (A) and high MCT4 (B) expression in non-muscle invasive bladder cancer (NMIBC). Low MCT4 (C) and high MCT4 (D) expression in MIBC. Magnification: ×400. Scale bar: 10 μm. (E) High MCT4 protein expressions were associated with poor overall survival (OS) in all bladder cancer patients who received radical cystectomy (log-rank test, p = 0.040). (F) No significant difference was found between the OS of NMIBC patients with high MCT4 protein expression and NMIBC patients with low MCT4 expression (log-rank test, p = 0.078). (G) MIBC patients with high MCT4 protein expressions have worse OS rates than those with low MCT4 expression (log-rank test, p = 0.035). (H) Nomogram to predict the postcystectomy survival of bladder cancer patients. Patients were scored according to age (0–100 scores), existence of MIBC (48 for MIBC and 0 for NMIBC), and MCT4 expression (0 for low MCT4 expression and 42 for high MCT4 expression). The scores were then summed to obtain the total points; and the number in the last line, which is vertically beneath the accumulated total points, is the predicted 3-year survival for this patient.




Table 2 | MCT4 expressions and clinical characteristics.





Prognostic Significance of MCT4 Expression

The KM analysis showed that high MCT4 protein expression was associated with poor OS after cystectomy in bladder cancer patients (p = 0.04; Figure 4E). In the subgroup analysis of NMIBC patients, no significant difference was found in OS between tumors with high and low MCT4 expression (p = 0.078; Figure 4F), while in the MIBC patients, tumors with high MCT4 expression showed significantly worse OS than those with low MCT4 expression (p = 0.035; Figure 4G).

Furthermore, in the univariate Cox regression analysis, high MCT4 expression (HR: 2.024; 95% CI: 1.004–4.082; p = 0.049) and nerve infiltration (HR: 2.801; 95% CI: 1.153–6.804; p = 0.023) showed a significant influence on the OS of bladder cancer patients (Table 3). Characteristics with p-values <0.1, including age, MCT4 expression, nerve invasion, and muscle infiltration, were further analyzed in the multivariate Cox regression model. High MCT4 expression (HR: 2.462; 95% CI: 1.202–5.042; p = 0.014) and age (HR: 1.037; 95% CI: 1.002–1.073; p = 0.037) were independent predictors for the postcystectomy OS of bladder cancer patients (Table 3). To facilitate the use of this model, we built a nomogram for postcystectomy survival prediction using the results of Cox regression analysis (Figure 4H).


Table 3 | Univariate and multivariate Cox regression.






Discussion

Bladder cancer is the 10th most common cancer and most common urothelial malignancy worldwide, with approximately 573,000 new cases and 213,000 deaths per year (1). However, 26.9%–37.5% of patients who receive radical treatment show tumor recurrence or metastasis (3–5). Recent advances in prognostic biomarkers provided new methods for more individualized surveillance and treatment of bladder cancer (23, 24). Comprehensive use of cystoscopy, liquid biopsy, and pathology examination could profoundly facilitate the diagnosis and surveillance of bladder cancer and could improve the survival of bladder cancer patients (23, 25).

Despite substantial advances in the field of biomarker detection, new cost-effective markers are still needed to improve diagnostic accuracy and reduce further testing (25). The reprogramming of energy metabolism is a canonical hallmark of cancer cells. Cancer cells rely on glycolysis to generate ATPs even in the presence of oxygen. This phenomenon is termed aerobic glycolysis or the Warburg effect (26). In tumor cells, aerobic glycolysis can rapidly generate ATP and lactate. The lactate produced by aerobic glycolysis plays an important role in the immune evasion and tumor angiogenesis (9, 27). Enhanced lactate shuttling between the cytoplasm and microenvironment is needed to induce immune evasion and tumor angiogenesis and to maintain the stable intracellular pH of tumor cells (28). MCT4 is the major type of transmembrane lactate transporter because of its high preference for lactate. MCT4 inhibition results in intracellular accumulation of lactate, reduction in cell growth and tumor angiogenesis, and induction of reactive oxygen species generation and apoptosis (9, 16). High MCT4 expression is also a signal for poor response to platinum-based chemotherapy (29, 30). In this study, we evaluated the possible use of MCT4 as a potential prognostic biomarker for bladder cancer patients.

The bladder cancer microenvironment is rich in various mesenchymal cells (31). The complex microenvironment is an obstacle for the study of glycolytic tumor biomarkers. In polymerase chain reaction (PCR), bulk RNA sequencing, and Western blotting assays, the upregulation of MCT4 in cancer cells may be covered by other cells with high MCT4 expression, such as immune cells and vascular endothelial cells. Single-cell sequencing is an emerging technique in cancer research that allows examination of the alteration of cancer cells alone. In this study, using single-cell RNA sequencing data, we identified five clusters of epithelial cells, three of which were enriched in MIBCs. Although the proportions of these five clusters were similar between the NMIBC and the NBM, SLC16A3 mRNA was upregulated in three clusters of epithelial cells in the NMIBC compared with the NBM. Additionally, the expression of SLC16A3 was markedly upregulated in all five epithelial cell clusters in MIBC compared with both the NMIBC and the NBM. These results suggest that the upregulation of MCT4 may occur earlier than the massive proliferation of malignant epithelial cells in the development of bladder cancer. More importantly, DEG screening and GO enrichment analysis showed that glycolytic processes and monocarboxylic acid metabolic processes were upregulated in SLC16A3-positive cells, which proves that the expression of SLC16A3 mRNA is closely related to aerobic glycolysis pathways. Therefore, SLC16A3 expression could well reflect the activation status of tumor aerobic glycolysis.

In this study, survival analysis of the transcriptome and the clinical data of bladder cancer patients in TCGA database showed that high SLC16A3 mRNA expression was associated with poor OS in patients with primary MIBC. SLC16A3 mRNA expression showed only a statistically insignificant trend of different OS in subsequent MIBC with NMIBC history. The time needed to progress to MIBC from the NMIBC is highly variable because of the heterogeneity in NMIBC malignancy, likely a reason for this insignificant result.

Furthermore, the KM analysis of the clinical and IHC data of the validation cohort showed that high MCT4 protein expression was significantly associated with poor OS in bladder cancer patients. Subgroup analysis showed that MIBC patients with high MCT4 expression had significantly worse OS than those with low MCT4 expression. In the NMIBC patients, the KM analysis showed insignificant results (p = 0.072), which may be caused by the small NMIBC patient number. However, a trend of poor OS in patients with high MCT4 expression was still found in the KM plot. Choi et al. (32) also reported that MCT4 protein expression negatively correlates with recurrence-free survival in bladder cancer patients in a cohort including all stages of bladder cancer. However, in their study, the therapy for bladder cancer was not specified. Since treatment and tumor malignancy potential can vary considerably based on the TNM stage of bladder cancer, the lack of treatment information may lead to intervention-derived bias of the results. Compared with the cohort reported by Choi et al., we enrolled only patients who had undergone radical cystectomy. Our cohort is more homogeneous in clinical treatment; thus, our results can better support using MCT4 as a prognostic biomarker in MIBC.

Finally, the multivariate Cox regression revealed that high MCT4 expression and age are independent prognostic factors for poor OS in bladder cancer patients undergoing cystectomy. Overall, we found that MCT4 IHC staining can help identify bladder cancer patients with high postcystectomy mortality. We built a nomogram according to the results of Cox analysis. Each patient was scored according to age, the existence of MIBC, and the MCT4 expression status. The scores were then summed to obtain the total points, which were used to predict the 3-year OS for each patient (Figure 4H). Based on the nomogram, the influence of MCT4 expression on the survival of bladder cancer patients can be considered along with other regular prognostic factors, such as age and the depth of invasion. Patients with a poor OS prediction should receive more frequent surveillance after cystectomy, and adjuvant chemotherapy and radiotherapy could be considered based on the prediction of the nomogram and clinical status of the bladder cancer patients. Additionally, targeting MCT4 inhibits the viability of bladder cancer cells and reduces the tumor diameter in a xenograft bladder cancer tumor model (9, 16). Thus, bladder cancer patients with high MCT4 expression may also benefit from MCT4-targeted therapy. Additionally, the use of MCT4 targeted therapy may be combined with functional MRI or PET-CT imaging to screen in vivo drug dynamics (33–37). Furthermore, the combination of MCT4 IHC and previously identified noninvasive peripheral blood biomarkers, such as survivin, circulating tumor cells, and systemic combining inflammatory score, may also help to further improve the clinical management of bladder cancer (38–41). However, further preclinical and clinical studies are needed to further validate the effect of MCT4-targeted therapy in bladder cancer.

Our studies have some limitations. First, all samples were collected during radical cystectomy; thus, we lacked data on MCT4 protein expression in early-stage bladder cancer and metastatic bladder cancer, which are not eligible for radical cystectomy. This finding may limit the use of nomograms in the NMIBC and metastatic bladder cancer patients. Second, chronic disorders such as diabetes mellitus and obesity may also significantly influence the survival of bladder cancer patients (42–44). In this study, the influence of preexisting chronic disorders on the survival of bladder cancer patients could not be ruled out. Further studies with more detailed background information and larger sample sizes are needed to better use MCT4 in the prognosis of bladder cancer.

In conclusion, our study revealed that SLC16A3 mRNA is upregulated in bladder cancer cells. Bladder cancer with high SLC16A3 mRNA expression has a poor OS. High MCT4 protein expression is an independent prognostic factor for bladder cancer patients who had undergone radical cystectomy, and a nomogram based on the Cox regression analysis of our data was built to facilitate the use of MCT4 expression in the prognosis of bladder cancer.
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Clear cell renal cell carcinoma (ccRCC) is the most common subtype of renal cell carcinoma (RCC). The genomic landscape in Chinese ccRCC needs to be elucidated. Herein, we investigated the molecular features of Chinese ccRCC patients. Genomic profiling of DNA was performed through next-generation sequencing (NGS) in Chinese patients with ccRCC between January 2017 and March 2020. Clinical information including age, gender, and tumor histology was collected. Immunohistochemistry (IHC) staining for PD-L1 expression was performed using PD-L1 IHC 22C3 pharmDx assay or Ventana PD-L1 SP263 assay. Data analyses were performed using R 3.6.1. A total of 880 Chinese ccRCC patients who have undergone NGS were included in this study. The most common somatic alterations were detected in VHL (59.7%), PBRM1 (18.0%), SETD2 (12.2%), BAP1 (10.2%), and TP53 (9.4%). Compared with The Cancer Genome Atlas (TCGA) database, a higher mutation frequency of VHL (59.7% vs. 50.0%, p < 0.001) and TP53 (9.4% vs. 3.5%, p < 0.001) and a lower mutation frequency of PBRM1 (18.0% vs. 31.0%, p < 0.001) were found in the Chinese cohort. Of the 460 patients who were evaluated for PD-L1 expression, 139 (30.2%) had positive PD-L1 expression. The median tumor mutational burden (TMB) value was 4.5 muts/Mb (range, 0–46.0). Five (0.7%) patients were identified as microsatellite instability-high (MSI-H). Furthermore, 52 (5.9%) patients were identified to carry pathogenic or likely pathogenic germline mutations in 22 cancer predisposition genes. This is the first large-scale comprehensive genomic analysis for Chinese ccRCC patients, and these results might provide a better understanding of molecular features in Chinese ccRCC patients, which can lead to an improvement in the personalized treatment for these patients.
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Introduction

Clear cell renal cell carcinoma (ccRCC) is the most common subtype of renal cell carcinoma (RCC), accounting for 70%–85% of individuals (1–3). Such cancer subtype is almost uniformly lethal and represents critical distinction. In view of its lack of sensitivity to radiation and chemotherapy, many efforts have been made to explore biomarker–biomarker-oriented therapy (4). Some targeted therapeutic agents targeting vascular endothelial growth factor (VEGF) signaling, such as sunitinib and pazopanib, have greatly improved the prognosis of ccRCC patients. Additionally, immune checkpoint inhibitor alone or combined strategies were also identified as a promising therapeutic target for those patients (5, 6). Revealing comprehensive genomic features is of great importance for understanding ccRCC and developing new therapeutic lines for patients with ccRCC (7).

Some previous studies have reported the genomic landscape of ccRCC (8). For example, The Cancer Genome Atlas (TCGA) has conducted comprehensive molecular characterizations in ccRCC, including alterations in genes controlling cellular oxygen sensing (for example, VHL) and the maintenance of chromatin states (for example, PBRM1) (9). However, most of the researches were conducted on patients from Western countries or focused on the prognostic value of gene alteration (10, 11). The genomic landscape in Chinese ccRCC still needs to be elucidated. Recently, one study explored the somatic mutations in 26 Chinese patients with primary RCC by whole exome sequencing and only included 15 ccRCC patients (12). It is necessary to systematically study the gene alteration, as well as their relationship with immune-related biomarkers in a large Chinese patient.

Recently, next-generation sequencing (NGS) had be applied in clinical practice and in changing the clinical management of ccRCC. In the present study, we investigated the molecular features of Chinese ccRCC patients by NGS. This study aimed to systematically study the genomic landscape in Chinese ccRCC, which will plays an increasingly important role in precision medicine of ccRCC.



Methods


Clinical Specimens

We retrospectively analyzed genomic profiling of DNA performed through NGS in Chinese patients with ccRCC between January 2017 and March 2020. The NGS testing of tumor DNA in formalin-fixed paraffin-embedded (FFPE) samples was performed by customized NGS panel targeting 381 or 733 cancer-related genes in a Clinical Laboratory Improvement Amendments-certified and College of American Pathologists-accredited laboratory (3DMedcines, Inc., China). Notably, all the genes in a 381-gene panel were included in a 733-gene panel. The clinicopathologic characteristics including age and sex were collected. All participated patients provided written consent, and the study was approved by the ethics committee of Renji Hospital.



DNA Sequencing

FFPE tissue sections were evaluated for tumor cell content using hematoxylin and eosin (H&E) staining. Only samples with a tumor content of ≥20% were eligible for subsequent analyses. DNA extracts (30–200 ng) were sheared to 250-bp fragments using an S220 focused ultrasonicator (Covaris). Libraries were prepared using the KAPA Hyper Prep Kit (KAPA Biosystems) following the manufacturer’s protocol. For targeted capture, indexed libraries were subjected to probe-based hybridization with a customized NGS panel by following manufacturer’s instruction. The concentration and fragment size distribution of the final library were determined using a Qubit 3.0 fluorometer (Thermo Fisher Scientific) and a LabChip GX Touch HT Analyzer (PerkinElmer), respectively. The captured libraries were loaded onto a NovaSeq 6000 platform (Illumina) for 100-bp paired-end sequencing with a mean sequencing depth of 1,500.

As described previously (13), raw data of tissue samples were mapped to the reference human genome hg19 using the Burrows–Wheeler Aligner (v0.7.12). Somatic single-nucleotide variants (SNVs) were detected using MuTect (v1.1.7) (https://github.com/broadinstitute/mutect); and somatic insertions and deletions (indels) were detected using Pindel (v0.2.5a8) (http://gmt.genome.wustl.edu/packages/pindel) with default parameters. Single-nucleotide polymorphisms (SNPs) and indels were annotated by ANNOVAR against the following databases: dbSNP (v138), 1000 Genomes, and ESP6500 (population frequency > 0.015). Only missense, stopgain, frameshift, and non-frameshift indel mutations were retained. Tumor mutational burden (TMB) was defined as somatic mutation counts in coding regions per megabase of genome examined. SNVs included both synonymous and non-synonymous mutations, as well as stopgain, stoploss, and splicing variants.



PD-L1 Staining

Immunohistochemistry (IHC) staining for PD-L1 expression was performed using PD-L1 IHC 22C3 pharmDx assay or Ventana PD-L1 SP263 assay. PD-L1 positive was defined as tumor proportion score (TPS) ≥1% (Supplementary Figure 1).



Statistical Analysis

The demographic characteristics of patients were compared via the chi-square (χ2) test or t-test. All p-values presented were two-sided, and associations were considered significant if the p-value was less than 0.05. Statistical analyses were performed using R version 3.6.1 (R Foundation for Statistical Computing) and GraphPad Prism v6 (GraphPad, La Jolla, CA, USA).




Results

A total of 880 Chinese ccRCC patients who have undergone NGS with a 381-gene panel (n = 744) or a 733-gene panel (n = 136) were included in this study, including 620 (70.5%) male and 260 (29.5%) female patients (Table 1). The median age was 55 (range, 14–87). Importantly, PD-L1 is associated with improved overall response rates (ORRs) and prolonged progression-free survival (PFS) in metastatic RCC (mRCC) patients receiving immunotherapy (14). Thus, IHC staining for PD-L1 expression was performed in 460 patients, using PD-L1 IHC 22C3 pharmDx assay or Ventana PD-L1 SP263 assay.


Table 1 | Clinicopathologic features.



In Chinese ccRCC patients, 95.8% harbored at least one pathogenic mutation. The most common somatic alterations were detected in VHL (59.7%), PBRM1 (18.0%), SETD2 (12.2%), BAP1 (10.2%), and TP53 (9.4%) (Figure 1A). The gene mutational landscape of Chinese ccRCC patients was similar with that of TCGA database; however, a higher mutation frequency of VHL (59.7% vs. 50.0%, p < 0.001) and TP53 (9.4% vs. 3.5%, p < 0.001) and a lower mutation frequency of PBRM1 (18.0% vs. 31.0%, p < 0.001) were found in the Chinese cohort (Figure 1B).




Figure 1 | Molecular features of Chinese clear cell renal carcinoma. (A) The somatic mutation landscape in Chinese clear cell renal carcinoma patients. (B) Discrepancies of mutation frequency between Chinese cohort and TCGA dataset. **p < 0.01, ***p < 0.001. TCGA, The Cancer Genome Atlas.



Of the 460 patients who were evaluated for PD-L1 expression, 139 (30.2%) had positive PD-L1 expression (TPS ≥1%). In addition, a significantly lower mutation frequency of VHL and a higher mutation frequency of PBRM1 were observed among patients with PD-L1-positive tumors, compared with those with PD-L1-negative tumors (VHL: 38.8% vs. 69.8%, p < 0.001; PBRM1: 25.9% vs. 12.9%, p = 0.002) (Figure 2). We also evaluated the TMB in Chinese ccRCC patients. The median TMB value was 4.5 muts/Mb (range, 0–46.0). Previous studies indicated that DNA damage repair (DDR) gene mutations were associated with TMB. We also found somatic mutations in several DDR genes, including ATM (1.5%), MLH1 (1.0%), and BRCA2 (0.9%). The patients with DDR mutations presented higher TMB (median TMB = 6.5 vs. 4.3 muts/Mb, p < 0.001) (Figure 3). Five (0.7%) patients were identified as microsatellite instability-high (MSI-H).




Figure 2 | Discrepancies of mutation frequency between PD-L1-positive and PD-L1-negative patients. *p < 0.05, **p < 0.01, ***p < 0.001.






Figure 3 | Somatic DDR alterations and TMB. (A) Distribution of DDR gene mutations. (B) Discrepancies of TMB between DDR-mutant and DDR-wild type group. DDR, DNA damage repair; TMB, tumor mutational burden. ***p < 0.001.



Furthermore, 52 (5.9%) patients were identified to carry pathogenic or likely pathogenic germline mutations in 22 cancer predisposition genes. The frequent germline mutant genes in Chinese ccRCC patients included FH (1.0%), ATM (0.57%), RAD50 (0.57%), CHEK2 (0.45%), FLCN (0.45%), and VHL (0.45%) (Figure 4).




Figure 4 | Pathogenic germline variants in Chinese clear cell renal carcinoma. (A) Distribution of pathogenic germline mutations. (B) Locations of pathogenic germline mutations in the top three frequent germline mutant genes.





Discussion

To the best of our knowledge, this is the first large-scale comprehensive genomic analysis of Chinese ccRCC patients. We revealed the molecular features of Chinese ccRCC patients; and we found mutation frequencies of some key driver genes, such as VHL and PBRM1, in ccRCC, which was different from those of the TCGA dataset. In addition, our results also showed the relationship between PD-L1 expression and VHL or PBRM1, and the association between DDR gene mutations and TMB.

In both TCGA dataset and our cohort, VHL and PBRM1 were the most commonly altered genes. Compared with TCGA database, a higher mutation frequency of VHL (59.7% vs. 50.0%, p < 0.001) and TP53 (9.4% vs. 3.5%, p < 0.001) and a lower mutation frequency of PBRM1 (18.0% vs. 31.0%, p < 0.001) were found in the Chinese cohort. Such difference might result from different ethnicity (15, 16). In a previous study (12), Wang et al. reported that the mutation frequency of VHL was 67% in ccRCC, which is slightly higher than that of our cohort (59.7%). And the mutation frequency of PBRM1 was only 7% in that study (12), lower than our data (18.0%). Such difference may be due to the small sample sizes in Wang’s study.

VHL is a tumor suppressor gene and plays a key role in cellular oxygen sensing and the tumorigenesis of ccRCC. Previous studies demonstrated that inactivation of VHL was not significantly associated with anti-VEGF receptor (anti-VEGFR) inhibitors (17, 18); however, it might predict the efficacy of HIF-2 inhibitors (19). In our study, PD-L1-positive expression was associated with a lower VHL mutation frequency, which indicates that most VHL-mutated ccRCC patients might not receive benefit from anti-PD-1/L1 inhibitors combined with anti-VEGFR inhibitors. PBRM1 encodes a subunit of SWI/SNF chromatin-remodeling complexes; and truncating mutations in PBRM1 was demonstrated to be associated with clinical benefit from anti-PD-1/L1 inhibitors (20). Furthermore, we showed the distribution of PD-L1 expression and TMB in Chinese ccRCC, and PD-L1 expression and TMB could predict the efficacy of anti-PD-1/L1 inhibitors across multi-type tumors (21). Several studies indicated that DDR alterations were associated with high TMB, also predicting the clinical activity of anti-PD-1/L1 inhibitors (22, 23). For the first time, we reported the relationship between DDR mutations and TMB in ccRCC, which may provide more predictive biomarkers for anti-PD-1/L1 inhibitors in ccRCC.

There are several limitations to this study. First, this present work was a retrospective research with 880 cases that could not avoid selection bias. Second, except for age and sex, clinicohistological characteristics such as cancer subtype, treatment history, and survival outcomes of these cases are missed. Thus, the effect of the biomarkers on treatment decisions and its correlation with survival outcomes need to be further confirmed in further studies. With development of the liquid biopsy technique, some hematochemical biomarkers, such as circulating tumor cells and circulating tumor DNA (ctDNA), have been applied widely in various urinary tumor management (24–28). CtDNA status and cfDNA fragment size are clinically used as biomarkers for prognosis and disease monitoring in RCC (29, 30). While studies of ctDNA in RCC are still in their infancy, larger-scale prospective studies with complete clinical information should be carried out to further validate such findings.

In conclusion, we first reported the large-scale comprehensive genomic features of Chinese ccRCC patients, as well as the relationship between immunotherapy biomarkers and gene alteration. These results might provide a better understanding of molecular features in Chinese ccRCC patients, which might promote an improvement in the personalized treatment for these patients.



Data Availability Statement

The datasets presented in this article are not readily available because making data publicly available would compromise patient confidentiality, and sequencing data contain sequencing algorithm and other core trade information of 3D Medicines Inc. Requests to access the datasets should be directed to the corresponding author YH.



Ethics Statement

The studies involving human participants were reviewed and approved by the Ethics Committee of Renji Hospital. Written informed consent to participate in this study was provided by the participants’ legal guardian/next of kin.



Author Contributions

WX, YH, and JH contributed to the conception and design of the study. JH, WC, BC, WK, WZ, JZ, YC, SC, and YB organized the database. SC and YB performed the statistical analysis. JH, WC, and BC wrote the first draft of the manuscript. WK, WZ, JZ, YC, and SC wrote sections of the manuscript. All authors contributed to the article and approved the submitted version.



Funding

This research was supported by Shanghai Science and Technology Commission Research Project (18ZR1423200), the Incubating Program for Clinical Research and Innovation of Renji Hospital (PYXJS16-008, PYIII20-07), Shanghai Natural Science fund of Shanghai (21ZR1438900), and Basic Oncology Research Program from Bethune Charitable Foundation (BCF-NH-ZL-20201119-024).



Supplementary Material

The Supplementary Material for this article can be found online at: https://www.frontiersin.org/articles/10.3389/fonc.2021.697219/full#supplementary-material



References

1. Jonasch, E, Walker, CL, and Rathmell, WK. Clear Cell Renal Cell Carcinoma Ontogeny and Mechanisms of Lethality. Nat Rev Nephrol (2021) 17(4):245–61. doi: 10.1038/s41581-020-00359-2

2. Wolf, MM, Kimryn Rathmell, W, and Beckermann, KE. Modeling Clear Cell Renal Cell Carcinoma and Therapeutic Implications. Oncogene (2020) 39(17):3413–26. doi: 10.1038/s41388-020-1234-3

3. Makhov, P, Joshi, S, Ghatalia, P, Kutikov, A, Uzzo, RG, and Kolenko, VM. Resistance to Systemic Therapies in Clear Cell Renal Cell Carcinoma: Mechanisms and Management Strategies. Mol Cancer Ther (2018) 17(7):1355–64. doi: 10.1158/1535-7163.MCT-17-1299

4. Scholtes, MP, Alberts, AR, Ifle, IG, Verhagen, P, van der Veldt, AAM, and Zuiverloon, TCM. Biomarker-Oriented Therapy in Bladder and Renal Cancer. Int J Mol Sci (2021) 22(6):2832. doi: 10.3390/ijms22062832

5. Banchereau, R, Leng, N, Zill, O, Sokol, E, Liu, G, Pavlick, D, et al. Molecular Determinants of Response to PD-L1 Blockade Across Tumor Types. Nat Commun (2021) 12(1):3969. doi: 10.1038/s41467-021-24112-w

6. Roberto, M, Botticelli, A, Panebianco, M, Aschelter, AM, Gelibter, A, Ciccarese, C, et al. Metastatic Renal Cell Carcinoma Management: From Molecular Mechanism to Clinical Practice. Front Oncol (2021) 11:657639. doi: 10.3389/fonc.2021.657639

7. Sun, G, Zhang, X, Liang, J, Pan, X, Zhu, S, Liu, Z, et al. Integrated Molecular Characterization of Fumarate Hydratase-Deficient Renal Cell Carcinoma. Clin Cancer Res (2021) 27(6):1734–43. doi: 10.1158/1078-0432.CCR-20-3788

8. Dizman, N, Philip, EJ, and Pal, SK. Genomic Profiling in Renal Cell Carcinoma. Nat Rev Nephrol (2020) 16(8):435–51. doi: 10.1038/s41581-020-0301-x

9. Cancer Genome Atlas Research Network. Comprehensive Molecular Characterization of Clear Cell Renal Cell Carcinoma. Nature (2013) 499(7456):43–9. doi: 10.1038/nature12222

10. Carril-Ajuria, L, Santos, M, Roldan-Romero, JM, Rodriguez-Antona, C, and de Velasco, G. Prognostic and Predictive Value of PBRM1 in Clear Cell Renal Cell Carcinoma. Cancers (Basel) (2019) 12(1):16. doi: 10.3390/cancers12010016

11. Bi, H, Yin, J, Zhou, L, Wu, Y, Ge, L, Lu, M, et al. Clinicopathological and Prognostic Impact of Somatic Mutations in Chinese Patients With Clear Cell Renal Cell Carcinoma. Transl Androl Urol (2020) 9(6):2751–63. doi: 10.21037/tau-20-1410

12. Wang, J, Xi, Z, Xi, J, Zhang, H, Li, J, Xia, Y, et al. Somatic Mutations in Renal Cell Carcinomas From Chinese Patients Revealed by Whole Exome Sequencing. Cancer Cell Int (2018) 18:159. doi: 10.1186/s12935-018-0661-5

13. Su, D, Zhang, D, Chen, K, Lu, J, Wu, J, Cao, X, et al. High Performance of Targeted Next Generation Sequencing on Variance Detection in Clinical Tumor Specimens in Comparison With Current Conventional Methods. J Exp Clin Cancer Res (2017) 36(1):121. doi: 10.1186/s13046-017-0591-4

14. Mori, K, Abufaraj, M, Mostafaei, H, Quhal, F, Fajkovic, H, Remzi, M, et al. The Predictive Value of Programmed Death Ligand 1 in Patients With Metastatic Renal Cell Carcinoma Treated With Immune-Checkpoint Inhibitors: A Systematic Review and Meta-Analysis. Eur Urol (2021) 79(6):783–92. doi: 10.1016/j.eururo.2020.10.006

15. Wang, XM, Lu, Y, Song, YM, Dong, J, Li, RY, Wang, GL, et al. Integrative Genomic Study of Chinese Clear Cell Renal Cell Carcinoma Reveals Features Associated With Thrombus. Nat Commun (2020) 11(1):739. doi: 10.1038/s41467-020-14601-9

16. Chung, BI, Leow, JJ, Gelpi-Hammerschmidt, F, Wang, Y, Del Giudice, F, De, S, et al. Racial Disparities in Postoperative Complications After Radical Nephrectomy: A Population-Based Analysis. Urology (2015) 85(6):1411–6. doi: 10.1016/j.urology.2015.03.001

17. Choueiri, TK, Fay, AP, Gagnon, R, Lin, Y, Bahamon, B, Brown, V, et al. The Role of Aberrant VHL/HIF Pathway Elements in Predicting Clinical Outcome to Pazopanib Therapy in Patients With Metastatic Clear-Cell Renal Cell Carcinoma. Clin Cancer Res (2013) 19(18):5218–26. doi: 10.1158/1078-0432.CCR-13-0491

18. Kim, HS, Kim, JH, Jang, HJ, Han, B, and Zang, DY. Clinicopathologic Significance of VHL Gene Alteration in Clear-Cell Renal Cell Carcinoma: An Updated Meta-Analysis and Review. Int J Mol Sci (2018) 19(9):2529. doi: 10.3390/ijms19092529

19. Yu, Y, Yu, Q, and Zhang, X. Allosteric Inhibition of HIF-2alpha as a Novel Therapy for Clear Cell Renal Cell Carcinoma. Drug Discov Today (2019) 24(12):2332–40. doi: 10.1016/j.drudis.2019.09.008

20. Miao, D, Margolis, CA, Gao, W, Voss, MH, Li, W, Martini, DJ, et al. Genomic Correlates of Response to Immune Checkpoint Therapies in Clear Cell Renal Cell Carcinoma. Science (2018) 359(6377):801–6. doi: 10.1126/science.aan5951

21. Hegde, PS, and Chen, DS. Top 10 Challenges in Cancer Immunotherapy. Immunity (2020) 52(1):17–35. doi: 10.1016/j.immuni.2019.12.011

22. Labriola, MK, Zhu, J, Gupta, RT, McCall, S, Jackson, J, Kong, EF, et al. Characterization of Tumor Mutation Burden, PD-L1 and DNA Repair Genes to Assess Relationship to Immune Checkpoint Inhibitors Response in Metastatic Renal Cell Carcinoma. J Immunother Cancer (2020) 8(1):e000319. doi: 10.1136/jitc-2019-000319

23. Teo, MY, Seier, K, Ostrovnaya, I, Regazzi, AM, Kania, BE, Moran, MM, et al. Alterations in DNA Damage Response and Repair Genes as Potential Marker of Clinical Benefit From PD-1/PD-L1 Blockade in Advanced Urothelial Cancers. J Clin Oncol (2018) 36(17):1685–94. doi: 10.1200/JCO.2017.75.7740

24. Ferro, M, Di Mauro, M, Cimino, S, Morgia, G, Lucarelli, G, Abu Farhan, AR, et al. Systemic Combining Inflammatory Score (SCIS): A New Score for Prediction of Oncologic Outcomes in Patients With High-Risk Non-Muscle-Invasive Urothelial Bladder Cancer. Transl Androl Urol (2021) 10(2):626–35. doi: 10.21037/tau-20-1272

25. Ferro, M, La Civita, E, Liotti, A, Cennamo, M, Tortora, F, Buonerba, C, et al. Liquid Biopsy Biomarkers in Urine: A Route Towards Molecular Diagnosis and Personalized Medicine of Bladder Cancer. J Pers Med (2021) 11(3):237. doi: 10.3390/jpm11030237

26. Lalani, AA, Xie, W, Martini, DJ, Steinharter, JA, Norton, CK, Krajewski, KM, et al. Change in Neutrophil-To-Lymphocyte Ratio (NLR) in Response to Immune Checkpoint Blockade for Metastatic Renal Cell Carcinoma. J Immunother Cancer (2018) 6(1):5. doi: 10.1186/s40425-018-0315-0

27. Nicolazzo, C, Busetto, GM, Gradilone, A, Sperduti, I, Del Giudice, F, Loreni, F, et al. Circulating Tumor Cells Identify Patients With Super-High-Risk Non-Muscle-Invasive Bladder Cancer: Updated Outcome Analysis of a Prospective Single-Center Trial. Oncologist (2019) 24(5):612–6. doi: 10.1634/theoncologist.2018-0784

28. Salciccia, S, Capriotti, AL, Lagana, A, Fais, S, Logozzi, M, De Berardinis, E, et al. Biomarkers in Prostate Cancer Diagnosis: From Current Knowledge to the Role of Metabolomics and Exosomes. Int J Mol Sci (2021) 22(9):4367. doi: 10.3390/ijms22094367

29. Bergerot, PG, Hahn, AW, Bergerot, CD, Jones, J, and Pal, SK. The Role of Circulating Tumor DNA in Renal Cell Carcinoma. Curr Treat Options Oncol (2018) 19(2):10. doi: 10.1007/s11864-018-0530-4

30. Yamamoto, Y, Uemura, M, Fujita, M, Maejima, K, Koh, Y, Matsushita, M, et al. Clinical Significance of the Mutational Landscape and Fragmentation of Circulating Tumor DNA in Renal Cell Carcinoma. Cancer Sci (2019) 110(2):617–28. doi: 10.1111/cas.13906




Conflict of Interest: Authors SC and YB were employed by company 3D Medicines Inc.

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.


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

Copyright © 2021 Huang, Cai, Cai, Kong, Zhai, Zhang, Chen, Chen, Bai, Huang and Xue. 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: 09 September 2021

doi: 10.3389/fonc.2021.716854

[image: image2]


Comprehensive Analysis of the Immune Infiltrates of Pyroptosis in Kidney Renal Clear Cell Carcinoma


Zhuolun Sun 1, Changying Jing 2, Xudong Guo 3, Mingxiao Zhang 4, Feng Kong 3, Zhenqing Wang 4, Shaobo Jiang 3* and Hanbo Wang 3*


1 Department of Urology, Third Affiliated Hospital, Sun Yat-sen University, Guangzhou, China, 2 School of Medicine, Technical University of Munich, Munich, Germany, 3 Department of Urology, Shandong Provincial Hospital Affiliated to Shandong First Medical University, Jinan, China, 4 Department of Urology, The First Affiliated Hospital of Sun Yat-sen University, Guangzhou, China




Edited by: 

Matteo Ferro, European Institute of Oncology (IEO), Italy

Reviewed by: 

An Zhao, University of Chinese Academy of Sciences, China

Riccardo Tellini, Careggi University Hospital, Italy

Arturo Lo Giudice, Università degli Studi di Catania, Italy

*Correspondence: 

Shaobo Jiang
 jiangshaobo@sdu.edu.cn 

Hanbo Wang
 wanghanbo0709@163.com

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


Received: 29 May 2021

Accepted: 18 August 2021

Published: 09 September 2021

Citation:
Sun Z, Jing C, Guo X, Zhang M, Kong F, Wang Z, Jiang S and Wang H (2021) Comprehensive Analysis of the Immune Infiltrates of Pyroptosis in Kidney Renal Clear Cell Carcinoma. Front. Oncol. 11:716854. doi: 10.3389/fonc.2021.716854



Kidney renal clear cell carcinoma (KIRC) has long been identified as a highly immune-infiltrated tumor. However, the underlying role of pyroptosis in the tumor microenvironment (TME) of KIRC remains poorly described. Herein, we systematically analyzed the prognostic value, role in the TME, response to ICIs, and drug sensitivity of pyroptosis-related genes (PRGs) in KIRC patients based on The Cancer Genome Atlas (TCGA) database. Cluster 2, by consensus clustering for 24 PRGs, presented a poor prognosis, likely because malignancy-related hallmarks were remarkably enriched. Additionally, we constructed a prognostic prediction model that discriminated well between high- and low-risk patients and was further confirmed in external E-MTAB-1980 cohort and HSP cohort. By further analyzing the TME based on the risk model, higher immune cell infiltration and lower tumor purity were found in the high-risk group, which presented a poor prognosis. Patients with high risk scores also exhibited higher ICI expression, indicating that these patients may be more prone to profit from ICIs. The sensitivity to anticancer drugs that correlated with model-related genes was also identified. Collectively, the pyroptosis-related prognosis risk model may improve prognostic information and provide directions for current research investigations on immunotherapeutic strategies for KIRC patients.
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Introduction

Renal cell carcinoma (RCC) is one of the most prevalent urologic malignancies worldwide, with an estimated annual incidence of 14,000 cancer-related deaths in the United States (1). Approximately 30% of patients harbor distant metastases at the time of diagnosis (2). Patients with metastatic RCC (mRCC) present a poor prognosis and have a 10% 5-year survival rate, in contrast to that of non-RCC with an estimated rate of over 55% (3). Kidney renal clear cell carcinoma (KIRC) is the most frequent histological type and is responsible for approximately 70% of all cases of RCC in adults (4). Surgical resection remains the primary treatment modality in most patients with KIRC; however, 30%–40% of patients with localized disease develop metastatic recurrence during follow-up following surgical resection (2). The role of immune infiltrations in cancer development has become the focus of much research. Numerous studies have demonstrated that the different immune cell infiltrates present in the tumor are closely related to the clinical outcomes in some human malignancies (5). KIRC has long been identified and proven to be a highly infiltrated tumor in genomic studies and clinical settings (6). It has been estimated that up to 1% of spontaneous KIRC regression is accompanied by signs of immune mediation (7). Historically, KIRC is one of the first malignant tumors to respond to immunotherapy and remains one of the most sensitive (8). The recent development of cancer immunotherapies such as immune checkpoint inhibitors (ICIs) has revolutionized traditional cancer therapy because of its safety and efficacy (9). However, the response of KIRC to immunotherapy has been unsatisfactory, as expected, and effective disease control and therapeutic strategies are required for further improvements (10). The tumor microenvironment (TME) represents the primary site of continuous interaction between neoplastic and immune system cells, and its various components are associated with tumor progression and therapeutic outcomes (11, 12). Additionally, multiple cytokines and various immunosuppressive cells are involved in tumor immune escape in the KIRC microenvironment (13). Thus, understanding the regulatory mechanism of the TME is critical to identify efficient prognostic biomarkers and optimize individualized immunotherapy regimens against cancer.

The inflammasome is a large cytosolic multiprotein complex that forms a key component of the innate immune system (14). Pyroptosis, recognized as a highly specific inflammatory programmed cell death, is triggered by caspase-1 and -11 (also known as caspase-4 or -5 in humans) in the canonical and noncanonical pathways, respectively (15). Pyroptosis results in cell and organelle swelling, membrane lysis, DNA cleavage, and the release of intracellular proinflammatory contents such as interleukin-1β (IL-1β), which induces local or systemic inflammatory effects (16). Recently, pyroptosis was proven to be closely related to various human diseases, particularly malignant tumors. Pyroptosis plays a dual role during tumor progression (17). During pyroptosis, the various inflammatory mediators derived from the activation of signaling pathways affect tumorigenesis. For example, as an essential part of pyroptosis, NLRP1 mediates caspase-1-dependent secretion of IL-1β and IL-18 cytokines, which promote skin cancer (18). Miguchi et al. confirmed that TGFBR2 mutation upregulates the expression of GSDMC, facilitating colorectal tumor cell proliferation and tumorigenesis (19). Additionally, as a type of death, pyroptosis suppresses tumor development and progression. Wang et al. reported that the downregulation of GSDMD accelerated the S/G2 cell transition to accelerate gastric cancer cell proliferation by regulating cell cycle-related proteins (20).

Currently, most studies have focused primarily on the intrinsic oncogenic pathways of malignant tumors, and the function and underlying mechanism of pyroptosis in the TME remain unelucidated. Erkes et al. demonstrated that an intact immune system, particularly CD4+ and CD8+ T cells, is required for the efficacy of BRAF inhibitors and MEK inhibitors (BRAFi + MEKi) in melanoma (21). BRAFi + MEKi trigger the activation of caspase-3, causing the cleavage of GSDME, which is a hallmark of pyroptosis of tumor cells and is essential for T-cell activation and tumor regression. The secondary pyroptosis mediated by the caspase 3-dependent cleavage of GSDME could be an indispensable intermediary of immune-driven treatment responsiveness, revealing a potential therapeutic target in enhancing immunotherapy efficacy. Accordingly, pyroptosis-related genes (PRGs) involved in regulating the tumor immune response might be recognized as potential targets in potentiating the clinical activity of immunotherapies. Nevertheless, a complete understanding of pyroptosis in KIRC, including the interactions between pyroptosis and the TME, remains limited.

In the current work, the constructed clustering subtypes and pyroptosis-related risk model were essential for improving clinical risk stratification to make management decisions and predict prognosis for patients with KIRC. Additionally, we thoroughly analyzed the prognostic value, role in the TME, response to ICIs, and drug sensitivity of PRGs in KIRC patients based on the pyroptosis-related prognosis model to further study the effects of pyroptosis on the TME. We performed the present study to provide a novel perspective and a more detailed understanding of the immune infiltrates of pyroptosis and identify reliable prognostic predictors for KIRC patients.



Materials and Methods


Data Source

RNA sequencing transcriptome data harmonized to the fragments per kilobase million (FPKM) of 539 KIRC samples and 72 normal kidney tissues were downloaded from the TCGA database (https://tcga-data.nci.nih.gov/tcga/). The corresponding clinical characteristics, including age, gender, grade, AJCC stage, TNM stage, and survival status, were also extracted from TCGA. Patients with simultaneously available mRNA expression profiles and survival times (OS and DFS) > 0 days were enrolled in the study. In total, 525 patients were randomly split into a training cohort (60%; n = 317) and a testing cohort (40%; n = 208) via a 10‐fold cross‐validation method using the R package “caret”. The training cohort was used to construct the prognostic risk model, and the testing cohort and entire cohort were used to verify the predictive reliability and accuracy of the model. Additionally, the E-MTAB-1980 cohort downloaded from the ArrayExpress database (https://www.ebi.ac.uk/arrayexpress/) and Shandong Provincial Hospital (HSP) cohort were used as the external validation cohorts. The clinical characteristics of these patients are shown in Table 1.


TABLE 1 | Characteristics of all patients included in this study.




Next, 24 PRGs were retrieved from the previously published literature (22–24). The “limma” package was used to analyze differentially expressed PRGs between tumor tissues and adjacent normal pairs from TCGA.



Consensus Clustering Analysis of PRGs

To investigate the biological characteristics of PRGs in KIRC patients, we classified the patients into different subtypes using the “ConsensusClusterPlus” package with a resampling rate of 80% and 50 iterations. PCA was performed to detect differences in gene expression patterns in distinct KIRC subtypes. The differentially expressed genes in different subtypes were subjected to biological process term GO functional annotation. To illustrate the functions associated with different subtypes of KIRC, GSEA was performed using the Hallmark gene set “h.all.v7.2.symbols.gmt” from the MSigDB database (http://www.broadinstitute.org/gsea) as previously described (25). GSEA significance was determined as a false discovery rate (FDR) ≤ 0.25 and nominal p ≤ 0.05.



Construction and Evaluation of the Pyroptosis-Related Prognostic Risk Model

Univariate Cox proportional hazards regression analysis was used to assess the prognostic implication of every differentially expressed PRG, and then the features with a p value < 0.05 in the training cohort were defined as prognosis-related factors. Next, LASSO Cox regression analysis was performed to screen out the optimal gene combination to construct the risk model. The optimal values of the penalty parameter λ were finally determined by 10-fold cross-validation to construct an optimal LASSO regression model. The coefficient calculated by LASSO regression and gene expression level were applied to obtain the risk score formula as follows: Risk score = (exprgene1 × Coefgene1) + (exprgene2 × Coefgene2) + … + (exprgenen × Coefgenen). Every KIRC patient in the training and validation cohorts (including the testing cohort, entire cohort, E-MTAB-1980 cohort, and HSP cohort) received an individual risk score according to this equation. The subjects were subsequently assigned into high- and low-risk groups using the median cutoff risk score as a threshold. Subsequently, Kaplan-Meier curves and ROC curves were applied to assess the prognostic role of the model. To verify the clinical application value of the constructed model, we analyzed the association between the model-based risk score and clinicopathological features based on the TCGA database. Additionally, survival analysis was performed using different subgroups of patients.



Protein Network Construction

GeneMANIA (http://genemania.org/), a multifunctional and user-friendly web interface, was utilized for predicting interactions and functions of genes and gene sets (26). In this study, we used this web tool to develop a 6-PRG-involved network and to screen other potential binding partners in the regulatory network.



Evaluation of the Immune Status, Immune Cell Infiltration Fractions, and ICIs Between the Low- and High-Risk Groups

To investigate the immune status of the different groups, we first quantified the enrichment levels of the 29 immune markers in each sample by ssGSEA. The estimated score, stromal score, immune score, and corresponding tumor purity for each patient were subsequently calculated using the ESTIMATE algorithm (27). The expression of HLA-genes was also analyzed. Next, we estimated the relative abundance of LM22 for each contained sample based on gene expression data through CIBERSORT (6). Patients with a P value < 0.05 were included, and significance was assessed based on 1,000 permutations. The proportion of immune cells was depicted in the violin map to compare the distributions of LM22 between the subtypes grouped by clustering analysis. To understand the association between the model and tumor immune microenvironment, the expression levels of 17 ICIs were analyzed between the low- and high-risk groups (28).



Somatic Mutation Analysis

Somatic mutation information of KIRC was downloaded from the TCGA database. The data which included somatic variants were extract from Mutation Annotation Format (MAF) form, and then analyzed by using “maftools” package (29). The waterfall was used to present the mutation landscapes in patients with high- and low-risk groups in the KIRC patients. In this study, the TMB score of each sample was calculated as the number of mutations/length of exons (30Mb). All KIRC samples with somatic mutations were divided into the high- and the low-TMB groups according the median data. Kaplan-Meier analysis was performed to compare the survival difference between low- and high-TMB groups. Moreover, we further assessed the associations of TMB levels with risk score via Wilcoxon test.



TIMER Database and GDSC Database

TIMER (https://cistrome.shinyapps.io/timer/) is a reliable database to analyze the abundance of tumor-infiltrating immune cells (30). The “SCNA” module of the TIMER database was employed to explore the SCNA of risk model-related genes and effect on the infiltration levels of six immune cells.

GDSC (https://www.cancerrxgene.org/) is a public online database for information on drug sensitivity in cancer cells and molecular markers of drug response, providing a unique resource to facilitate the discovery of novel targets for cancer therapies (31). We used GDSC to explore the sensitivity to anticancer drugs associated with the selected risk signature genes.



Patients and Specimens

From January 2012 and May 2019, 186 KIRC tissue samples were collected from patients at SPH. No patients received chemotherapy or radiotherapy before surgery. The pathological diagnosis was confirmed by two independent pathologists after surgery. All patients were informed of the importance of follow-up and were regularly followed every three months after surgery. All samples were subjected to quantitative real-time polymerase chain reaction (qRT-PCR) analysis. The study was approved by the Ethics Committee of SPH, and all patients signed the informed consents for using their pathological tissues and related information.



RNA Extraction and qRT-PCR

Total RNA from 186 fresh-frozen KIRC tissue samples was extracted using the RNAiso plus kit (TAKARA) according to the manufacturer’s instructions, and the expression of the model-related genes was further examined by qRT-PCR. The complementary DNA (cDNA) was synthesized with PrimeScript RT Reagent kit (TAKARA) according to the manufacturer’s instructions. The qRT-PCR was performed on LightCycler 480 II System (Roche) using an SYBR Green Master Kit (Roche). Human β-actin was introduced as an internal reference gene to normalize mRNA levels. Expression levels of each mRNA were calculated using the −△Ct method. All trials were conducted in triplicate. The primers are presented in Supplementary Table 1.



Statistical Analysis

The Mann-Whitney U test was used to compare gene expression between tumor tissues and adjacent nontumorous tissues. The Wilcoxon test was used to compare two groups, and the Kruskal-Wallis test was used to compare more than two groups. Chi-squared tests were performed to compare the categorical variables. Qualitative variables were compared using Pearson’s test, where appropriate. Kaplan-Meier analysis was used to evaluate OS, and the log-rank test was used to compare the OS between groups. Univariate and multivariate Cox regression analyses were implemented to identify independent predictors of OS. All statistical analyses were conducted using R version 4.01 and SPSS 24.0 (IBM, NY, USA). If not specified above, P < 0.05 was considered statistically significant.




Results


The Expression Level of PRGs Is Upregulated in KIRC

To explore the biological functions of PRGs and their significance in KIRC, we initially measured the expression patterns of 24 PRGs in 72 pairs of KIRC samples and adjacent non‐tumor samples based on The Cancer Genome Atlas (TCGA) database. Differential analysis revealed that the expression levels of PRGs between KIRC and normal samples were distinct (Figures 1A, B). Twenty-one genes were identified as differentially expressed PRGs, including 20 downregulated genes (NLRP6, GSDMD, GSDMB, GSDMC, NLRP7, GSDMA, NLRP1, MEFV, NLRP12, NLRP3, NLRC4, NAIP, CASP5, AIM2, CASP8, IFI16, CASP1, CASP4, CASP3, and PYCARD) and 1 downregulated gene (NLRP2) in KIRC compared with normal adjacent tissues (P < 0.001). Additionally, no significant difference was found in the expression of NEK7, GSDME, and ELANE between KIRC and normal tissues (P > 0.05). Collectively, these findings suggest that pyroptosis plays an important biological role during tumorigenesis and disease progression.




Figure 1 | Expression of PRGs in KIRC tissues compared with normal kidney tissues and their interactions. (A) Heatmap of the expression of the 24 PRGs in the tumors and normal tissues of the TCGA dataset. (B) The expression of PRGs was significantly increased in 72 KIRC compared with that in normal kidney pairs. (C) Interaction analysis among the 24 PRGs. *P < 0.05, **P < 0.01, ***P < 0.001. ns, no significance.



To further explore the nature of the interactions among PRGs, we examined the correlation among 24 PRGs. Most of the interactions exhibited a significantly positive correlation between two quantities (Figure 1C). Additionally, NLRP7 was most correlated with NLRP12 among all the interactions of 24 PRGs.



Two Subgroups Are Different in Clinicopathological Features and Survival in KIRC by Consensus Clustering of PRGs

We found that the K-means clustering algorithm with 2 clusters achieved the clearest population clusters and was considered the optimal value. According to the expression levels of the PRGs from the TCGA database, the KIRC samples were clustered into 2 subtypes (cluster 1, n = 383 and cluster 2, n = 142) (Figures 2A–C). We then employed principal component analysis (PCA) to study the gene expression pattern between the two subtypes and observed that the distribution pattern of gene expression profiles within the two groups differed (Figure 2D). Next, the relationships between the clustering and clinicopathological features were evaluated (Figure 2E). Cluster 2 was preferentially associated with a higher M stage (P < 0.01), T stage (P < 0.01), AJCC stage (P < 0.001), and grade (P < 0.001), while no significant difference was observed for other parameters, such as age and gender. Additionally, we noticed that cluster 2 showed a shorter overall survival (OS; P = 7.979e-10) and disease-free survival (DFS; P = 2.29e-07) than cluster 1 (Figures 2F, G).




Figure 2 | Diverse clinical characteristics and survival of KIRC between cluster 1 and cluster 2 subtypes in the TCGA cohort. (A) The TCGA KIRC cohort was divided into two distinct clusters when k = 2. (B) Consensus clustering cumulative distribution function (CDF) for k = 2 to 9. (C) Relative change in the area under the CDF curve for k = 2 to 9. (D) PCA of the TCGA dataset based on the expression profiles of the 24 PRGs. (E) Heatmap and distribution of clinicopathological variables between the two clusters. (F, G) Kaplan-Meier curves of OS (F) and DFS (G) for patients with KIRC between the two clusters. (H) Biological processes of the genes with different expression between the two clusters. (I) GSEA showed that the inflammatory response, IL6-JAK-STAT3 signaling, and PI3K-AKT-mTOR signaling were significantly enriched in cluster 2. ***P < 0.001.



The genes that were significantly altered between the two groups were subjected to gene ontology (GO) analysis. The results were closely related to immune-related biological processes, including leukocyte migration, neutrophil activation, and neutrophil-mediated immunity (Figure 2H). Subsequently, gene set enrichment analysis (GSEA) was conducted, indicating that immune- and cancer-related hallmarks, including the inflammatory response, IL6-JAK-STAT3 signaling, and epithelial-mesenchymal transitions signaling, had significant correlations with cluster 2 (Figure 2I). The above results demonstrated that the two subgroups determined based on the expression of the PRGs were strongly linked to the malignancy of KIRC.



Construction of the Prognostic Risk Model Based on the TCGA Training Cohort

Because we identified distinct expression patterns in KIRC patients, we next considered that constructing a pyroptosis-related risk signature might be useful for predicting prognosis. We first conducted a univariate Cox regression analysis and identified 8 PRGs (CASP4, CASP5, NLRP1, NLRP6, AIM2, IFI16, PYCARD, GSDMB) that were correlated with OS in the training cohort (P < 0.05) (Figure 3A). All eight PRGs, except NLRP6, were considered risk genes with HRs > 1. Based on the above results, to further clarify the prognostic potential, we subsequently conducted LASSO analysis on the expression values of 8 prognostic PRGs (Figures 3B, C). Ultimately, 6 genes, CASP4, NLRP6, AIM2, IFI16, PYCARD, and GSDMB, were identified to construct the prediction model. The prognostic risk model was established based on the following formula: risk score = (0.0137 × expression value of CASP4) – (0.0624 × expression value of NLRP6) + (0.0227 × expression value of AIM2) + (0.0149 × expression value of IFI16) + (0.0059 × expression value of PYCARD) + (0.2049 × expression value of GSDMB). The risk score for each patient in the TCGA training cohort was calculated, and the patients were stratified into a high-risk group and a low-risk group according to the median risk score. Kaplan-Meier analysis showed that the prognosis of the KIRC patients in the high-risk group was poorer than that in the low-risk group (P < 0.0001; Figure 3D). The prognostic model showed a satisfactory prediction efficiency, with an area under the ROC curve (AUC) value of 0.728 (Figure 3E). Additionally, the risk score distributions and patient survival status are shown in Figure 3F.




Figure 3 | Construction of the prognostic risk model based on the TCGA training cohort. (A) Forest map of 8 PRGs significantly correlated with OS and identified by Cox univariate analysis. (B) Screening of optimal parameters (lambda) in the LASSO regression model based on the TCGA training cohort. (C) LASSO coefficient profiles of the 8 PRGs determined by the optimal lambda. (D) Kaplan-Meier curve for the OS of KIRC patients in the high- and low-risk groups in the TCGA training cohort. (E) ROC analysis of the prognostic model regarding the OS and survival status in the TCGA training cohort. (F) Scatterplots in the top and bottom panels illustrate the distribution of the risk score and survival status in the TCGA training patients, respectively. (G, H) Univariate (G) and multivariate (H) Cox regression analyses of the risk score and clinicopathological parameters in the TCGA training cohort.



Univariable and multivariable Cox regression analyses were utilized to identify whether the model-based risk score could be an independent predictor of OS. The results showed that age, grade, AJCC stage, T stage, M stage, and risk score were closely related to OS (P < 0.001) in univariate analysis (Figure 3G). Likewise, age (P < 0.001), grade (P = 0.003), AJCC stage (P = 0.018), and risk score (P = 0.002) maintained their prognostic values in multivariate Cox analysis (Figure 3H). Therefore, these data demonstrated that the risk score was an independent prognostic indicator for patients with KIRC.



Internal and External Validation of the Prognostic Risk Model in KIRC Patients

To explore whether the prognostic model was generalizable and harbored similar prognostic value in different populations, we applied it to the internal (TCGA testing and entire) and independent external (E-MTAB-1980 and HSP) validation cohorts. Regarding the predictions in the TCGA testing cohort, Kaplan-Meier analysis showed that patients with high risk scores had worse OS (P < 0.001) (Figure 4A). The AUC value for predicting OS in the TCGA testing cohort was 0.717 (Figure 4E). For the TCGA entire cohort, the model could still separate analytic samples into various subgroups of clinical importance. The Kaplan-Meier survival curve indicated that patients in the high-risk group exhibited a significantly lower OS than those in the low-risk group (P < 0.001) (Figure 4B). The AUC value of the entire TCGA cohort was 0.772, which was comparable to the model results described above (Figure 4F). Next, External validation using the E-MTAB-1980 and HSP cohorts was performed to validate the robustness and validity of the constructed model. Consistent with TCGA analysis, Kaplan-Meier analysis suggested that the patients in the high-risk group had a significantly shorter OS within both the E-MTAB-1980 cohort and HSP cohort (Figures 4C, D). The AUC values of the E-MTAB-1980 cohort and HSP cohort were found to be 0.711 and 0.705, respectively (Figures 4G, H). The risk score distributions and patient survival status in four cohorts were shown in Supplementary Figure 1. Overall, the risk score showed favorable discrimination ability in all four cohorts.




Figure 4 | Internal and external validation of the prognostic risk model in KIRC patients. (A–D) Kaplan–Meier survival analysis of OS between patients with low-risk scores and high-risk scores in the TCGA testing cohort (A), TCGA entire cohort (B), E-MTAB-1980 cohort (C), and HSP cohort (D). (E–H) ROC analysis of the prognostic model in the TCGA testing cohort (E), TCGA entire cohort (F), E-MTAB-1980 cohort (G), and HSP cohort (H).





Clinical Evaluation of the Prognostic Risk Model Based on the TCGA Entire Cohort

To validate the clinical value of the prognostic model, we evaluated the relationship between the risk score and clinical features. A heatmap was used to visualize differences in the expression levels of the six genes between the low- and high-risk groups. The analysis demonstrated that risk genes (CASP4, AIM2, IFI16, PYCARD, GSDMB) were upregulated in the high-risk group, while the expression of protective genes (NLRP6) was downregulated (Figure 5A). Additionally, a significant difference was found among the diverse groups in terms of the M stage (P < 0.001), T stage (P < 0.001), AJCC stage (P < 0.001), and grade (P < 0.001). We also noticed that the risk score increased with the progression or severity of the tumor (Figure 5B).




Figure 5 | Clinical evaluation of the prognosis risk model based on the TCGA entire cohort. (A) Heatmap of the expression of 6 PRGs and distribution of clinical features between the low- and high-risk groups. (B, C) Expression of the model-based risk score (B) and Kaplan-Meier survival analysis (C) in KIRC patients stratified by different clinicopathological characteristics (grade, AJCC stage, T stage, and M stage). *P < 0.05, **P < 0.01, ***P < 0.001, ****P < 0.0001. ns, no significance.



Subsequently, stratified survival analyses were performed to examine the good applicability of our prognostic model. As expected, the patients with Grade 1 disease showed the best prognosis, followed by those with Grade 2, Grade 3, and Grade 4 disease. Furthermore, similar trends were presented in the AJCC stage, T stage, and M stage (Figure 5C). We next conducted stratified survival analyses according to the different clinical features. Excitingly, we observed that the patients with high-risk scores were associated with a shorter OS across all the subgroups (Supplementary Figure 2). Thus, the dysregulation of pyroptosis is critically involved in the development and progression of KIRC.



Analysis of Network and Gene Set Enrichment Analysis (GSEA)

A gene interaction network was visualized using GeneMANIA to gain further insight into the possible relationships between the six PFRs and their potential binding partners. The regulatory network carried twenty-six genes, including six target PFRs and additional twenty genes that were recognized automatically through GeneMANIA (Figure 6A). We then analyzed the correlation of the six genes in KIRC and found that the interaction between CASP4 and IFI16 (r = 0.61) was most significant and displayed a positive correlation (Figure 6B).




Figure 6 | Analysis of the regulatory network and gene sets associated with high-risk groups. (A) The regulatory network involving six model-related genes and twenty potential binding proteins was constructed through GeneMANIA. (B) Correlation analysis of the six genes. (C–G) GSEA showed the significantly enriched Hallmark (C), KEGG (D), Reactome (E), BioCarta (F), and PID (G) gene sets in high-risk score based on the TCGA database.



GSEA was performed to investigate the relevant biological processes and signaling pathways using the pyroptosis model based risk score for classification. The results suggested that cancer- and immune-related ‘Hallmark’ gene sets, such as epithelial-mesenchymal transition, inflammatory response, PI3K/AKT/mTOR signaling pathway, and Wnt/β-catenin signaling pathway that were highly enriched in the high−risk phenotype (Figure 6C). Moreover, several classical pathways from KEGG, Reactome, BioCarta, PID gene sets, including the cell cycle, caspase pathway, Myc pathway were also related to the high−risk group (Figures 6D–G).



Prognostic Risk Scores Related to Different Immune Statuses, Immune Cell Infiltration and ICIs

According to the results shown above, to further assess the relationship between immune status between the groups, the relative quantities of 29 immune markers were systematically evaluated using single-sample GSEA (ssGSEA). A heatmap was constructed to depict a more comprehensive immune infiltration landscape for the TCGA KIRC cohort (Figure 7A). We used the ESTIMATE algorithm to successfully generate the tumor purity score, estimate score, immune score, and stromal score. Notably, patients with a low-risk score presented a higher level of tumor purity (P < 0.001) and a lower estimate score (p < 0.001), immune score (P < 0.001), and stromal score (P < 0.001) than those with a high-risk score (P < 0.001) (Figures 7B–E), consistent with previous study findings that a lower estimate score represents higher tumor purity. Considering that human leukocyte antigen (HLA)-related genes play an essential role in regulating the immune response, we then compared the expression of HLA-related genes between different groups and found that most of the HLA-related genes were upregulated in the high-risk group (Figure 7F).




Figure 7 | The low‐ and high‐risk groups display different immune statuses. (A) Heatmap of the distribution of 29 immune-related genes between the low‐and high‐risk groups using ssGSEA. (B–F) Expression level of the tumor purity (B), ESTIMATE score (C), immune score (D), stromal score (E), and HLA-related genes between the low‐ and high‐risk groups. *P < 0.05, **P < 0.01, ***P < 0.001. ns, no significance.



Additionally, we analyzed the relationship between the risk score and infiltration levels of six immune cell types (B cells, CD4+ T cells, CD8+ T cells, neutrophils, macrophages, and dendrites). Interestingly, a significantly positive correlation was found between the risk score and content of the six immune cell types (Figure 8). The pyroptosis-related risk model effectively reflected the status of the immune microenvironment for KIRC patients.




Figure 8 | Associations between the risk score and infiltration levels of six immune cell types. (A) B cells, (B) CD4+ T cells, (C) CD8+ T cells, (D) neutrophils, (E) macrophages, and (F) dendritic cells.



Subsequently, we estimated the fraction of 22 tumor-infiltrating immune cells (LM22) in the low- and high-risk groups using CIBERSORT. The bar plot illustrates the specific fractions of LM22 in each KIRC sample (Supplementary Figure 3A). Additionally, we depicted the distributions of LM22 between the two groups in the heatmap (Supplementary Figure 3B). We observed a dependency among the various immunocyte subpopulation fractions (Supplementary Figure 3C). Finally, we compared the differential infiltration of 22 immune cells between the groups. The low-risk group had higher infiltration levels of resting CD4 memory T cells, gamma delta T cells, monocytes, M2 macrophages, resting dendritic cells, activated dendritic cells, resting mast cells, and eosinophils, whereas infiltration was more correlated with plasma cells, CD8 T cells, activated CD4 memory T cells, follicular helper T cells, and regulatory T cells (Tregs) (Supplementary Figure 3D).

Recent breakthroughs in tumor immunology have generated substantial interest in the potential of ICIs to treat other solid tumors. To further understand the relationship between the model and ICIs, 17 ICIs (B7-H3, B7-H4, CTLA4, CD27, ICOS, TIGIT, PD-1, LAG3, CD58, CD86, PD-L1, PD-L2, TIM-3, CD270, CD70, CD40, and IDO1) were analyzed as reported previously. We discovered that high risk scores were positively correlated with high expression of ICIs, in addition to B7-H4, PD-L1, and CD40 (Supplementary Figure 4).



Tumor Somatic Mutational Landscape and Effect of Genetic Mutants of Model-Related PRGs on Immune Cell Infiltration

Giving that gene mutations are an important cause of tumorigenesis, we explored the differences in the distribution of somatic mutations between high- and low-risk groups. The top 30 most frequently mutated genes of these two groups were displayed in Figures 9A, B, respectively. The Kaplan-Meier curves for OS indicated that the patients with high-TMB group had significantly worse OS than those with low-TMB group (Figure 9C). In addition, the high-risk group presented more extensive TMB than the low-risk group (Figure 9D). Interestingly, however, there was no statistical difference in the expression level of risk score between the low- and high-TMB groups (Figure 9E).




Figure 9 | Tumor somatic mutational analyses between high- and low-risk scores. (A, B) Waterfall plot shows the mutation distribution of the top 30 most frequently mutated genes in the high-risk group (A) and low-risk group (B). (C) Survival analysis of OS in KIRC patients between high- and low-TMB groups. (D) Difference in TMB between the high- and low-risk groups. (E) Difference in risk scores between the high- and low- TMB groups. ns, no significance.



We further investigated the underlying relationships between the somatic cell copy number alternations (CNAs) of these model-related genes and different immune cell infiltrations using the Tumor Immune Estimation Resource (TIMER) database. The mutants of these six genes were strongly associated with the immune infiltration microenvironment in KIRC. Compared with the immune infiltration levels in samples with wild-type genes, diverse forms of mutations carried by these six genes displayed lower levels of immune infiltrates. Among the CNAs of the six identified model-related genes, arm-level deletion and arm-level gain exhibited a statistically significant effect on the immune cell infiltration levels in KIRC (Figure 10). In addition, to further understand the relationship between six model-related genes and immune infiltration in KIRC microenvironment, we explored the correlation ship in TIMER. The results illuminated that the expression of these genes were positively correlated with the infiltrating levels of immune cells (Figure 11).




Figure 10 | Relationship between the mutants of six model-related PRGs and immune cell infiltration. (A) CASP4, (B) NLRP6, (C) AIM2, (D) IFI16, (E) PYCARD, and (F) GSDMB. *P < 0.05, **P < 0.01, ***P < 0.001.






Figure 11 | Correlation of six model-related PRGs expressions with immune infiltration levels in KIRC. (A) CASP4, (B) NLRP6, (C) AIM2, (D) IFI16, (E) PYCARD, and (F) GSDMB.





Drug Sensitivity Analysis of Model-Related PRGs

We next used the Genomics of Drugs Sensitivity in Cancer (GDSC) database to identify an association between sensitivity to anticancer drugs and the expression levels of the six genes. The results indicated that the six genes were frequently associated with the resistance or sensitivity of kidney cancer cells to multiple targeted drugs (Figure 12). Among these six genes, NLRP6, IFI16, and GSDM8 were relatively important because their expression levels were closely associated with sunitinib. Moreover, the expression of NLRP6 and GSDM8 was negatively correlated with sunitinib resistance. However, the expression of IFI16 was positively correlated with sunitinib resistance.




Figure 12 | Correlation between the expression status of 6 six model-related PRGs and drug sensitivity of KIRC cell lines. (A) CASP4, (B) NLRP6, (C) AIM2, (D) IFI16, (E) PYCARD, and (F) GSDMB.






Discussion

Pyroptosis is a highly inflammatory form of programmed cell death that is characterized by inflammasome activation and the secretion of IL-1β and IL-18 (32, 33). Dysregulation of pyroptosis may cause dysfunction in the stimulation of adaptive immune defenses and contribute to the initiation and progression of multiple tumors (17, 34). However, controversies exist concerning the role of PRGs as tumor suppressors or tumor promoters. For example, Wang et al. (20) reported that GSDMD was downregulated in gastric cancer and exerted a tumor suppressor role by inhibiting the PI3K/AKT signaling pathway. Conversely, Gao et al. (35) found that GSDMD protein was significantly upregulated and promoted cell proliferation and a poor prognosis by potentiating the EGFR/AKT signaling pathway in lung cancer. The distinct effect of PRGs in different tumor cells reflects the overwhelmingly complex molecular regulation mechanism of pyroptosis. Because most of the studies primarily concentrated on the intrinsic oncogenic pathways of malignant tumors, it is indispensable to elucidate the potential regulatory mechanisms of pyroptosis that may significantly affect the characteristics of the cancer treatment response, particularly precision immunotherapy. Furthermore, the detailed effects of pyroptosis on the TME of KIRC remain to be fully investigated.

In this study, we sought to explore the expression patterns of pyroptosis in KIRC and its prognostic value and effect on the TME. The expression of NLRP2 was significantly decreased in KIRC tissues compared with that in normal tissues, whereas NEK7, GSDME, and ELANE were not significantly different. The expression levels of other PRGs were higher in KIRC tissues than in noncancerous tissues. Next, we then determined two subtypes of KIRC—namely, cluster 1 and cluster 2—by consensus clustering based on the expression profiles of PRGs from the TCGA database. The diverse subtypes affected the prognosis and showed significant differences in clinicopathological features and tumor immune infiltrations. The patients in cluster 2 were found to be closely related to a more advanced tumor stage and grade. As predicted, cluster 1 presented better OS and DFS than cluster 2. GO enrichment analysis and GSEA were conducted to further explore the functions associated with different subgroups. Several biological processes correlated with immunity were identified, including leukocyte migration, neutrophil activation, and neutrophil-mediated immunity. A previous study suggested that leukocyte migration might contribute to the pathogenesis of many human diseases, including tumors (36). Additionally, increasing evidence has revealed that the immune system is involved in carcinogenesis and tumor progression by promoting cancer cell proliferation, migration, immune escape and chemotherapy resistance (37). GSEA revealed that the characteristic features of malignant tumors, including IL6-JAK-STAT3 signaling and PI3K/AKT/mTOR signaling, were obviously related to cluster 2. Wang et al. found that the downregulation of GSDMD markedly promoted the proliferation of gastric cancer through inactivating the STAT3 and PI3K/AKT pathways (20). Similarly, Chen et al. found that downregulated AIM2 expression may be involved in the PI3K/AKT signaling pathway in colorectal cancer (38). Here, we suggest that pyroptosis is related to many biological processes and signaling pathways, revealing their significant roles in the initiation and development of KIRC.

We then constructed a prognostic prediction model in the training cohort. The risk scoring system based on six genes predicted the prognosis of KIRC patients, and the patients were effectively stratified into high- and low-risk groups. Patients in the high-risk group had a significantly shorter OS than those in the low-risk group. The performance of the prognostic pyroptosis-relevant model was confirmed in two internal cohorts. The independent external E-MTAB-1980 and HSP cohorts also yielded consistent results. Additionally, the risk score increased with the progression or severity of the tumor. Univariate and multivariate Cox analyses indicated that the six-gene prognosis model is an independent factor. Among these six model-related PRGs, the expression of NLRP6 was significantly decreased in high-risk KIRC patients. Surprisingly, NLRP6 was upregulated in normal tissue samples compared with that in KIRC tissue, likely because of the different effects of NLRP6 at different stages in KIRC tumorigenesis and development. Chen et al. suggested that NLRP6 plays a fundamental role in maintaining intestinal homeostasis, thus preventing intestinal tissue from aberrant inflammation and tumors (39). AIM2 has been identified as a tumor-suppressive gene in human colorectal cancer (38), but Zhang et al. (40) showed that AIM2 promotes non-small cell lung cancer progression through an inflammasome-dependent pathway. One previous study found that caspase-4 is highly expressed in the lamina propria of colorectal cancer compared with that in normal tissues, indicating that caspase-4 may represent a biomarker of colon carcinoma (41). IFI16 and PYCAED serve as oncogenes in cervical cancer and gastric cancer, respectively (42, 43). Accumulated evidence indicates that GSDMB is overexpressed in several cancer types and may be involved in cancer progression and metastasis (44). These studies revealed that the dysregulation of pyroptosis might play divergent roles in different types of cancer.

The tumor microenvironment plays a critical regulatory role in carcinogenesis and tumor progression (45). According to our scoring system, the difference in the TME between the low-risk and high-risk groups was notable. The immune score and expression levels of HLA-related genes in the high-risk group were significantly higher than those in the low-risk group, while the tumor purity exhibited the opposite trend, likely explaining why the low-risk group patients had a higher survival. Our observation agreed with that reported by Zeng et al. (46), suggesting that the OS of patients with low immune scores is better than that of patients with high immune scores. By contrast, low tumor purity was responsible for glioma’s aggressive phenotype and poor prognosis (47). KIRC is considered an immunogenic tumor; however, to a large extent, it mediates immune dysfunction by inducing immunosuppressive cells to infiltrate the tumor microenvironment (48). Currently, the investigation of PRGs in the TME in KIRC is insufficient. In the present study, the model-based risk score was positively associated with the infiltration of six immune cell types. This finding is consistent with a previous study finding that high-risk glioma patients with higher immune cell infiltration levels show a poorer prognosis (49). These findings indicated that pyroptosis was, in part, involved in the regulation of the TME. Additionally, our research suggested that the CNAs of PRGs might affect the immune cell infiltration levels in KIRC, providing new insights for future TME studies. Taken together, the results show that the prognostic model may serve as an indicator for outcome and immune cell infiltration, holding promising prospects in modern clinical practice.

Presently, numerous clinical trials are underway that evaluate the effect of ICIs in KIRC patients. By exploring the correlation between the risk score and expression of critical ICIs, we further noticed that most ICIs (14/17) presented higher expression in the high-risk group. Based on these observations, we strongly suggest the critical role of the immunosuppressive microenvironment in these patients with a poor prognosis. Hence, patients with high risk scores might benefit most from ICIs compared with patients with low risk scores. We also found that these six model-related genes were associated with targeted therapies. NLRP6, IFI16, and GSDMB were associated with sensitivity to sunitinib. Moreover, some were associated with other targeted therapies, thereby determining a superior agent or treatment strategy for individual patients and expanding insights into future therapeutics for treating KIRC.

Our research had limitations. First, the prospective, larger multicenter trials are required to provide high-level evidence for clinical application. Moreover, the underlying mechanisms of the selected genes in our model should be explored to better study the molecular mechanisms involved in tumorigenesis and the development of KIRC.

In summary, we systematically analyzed the prognostic value, roles in the TME, response to ICIs, and drug sensitivity of PGRs in KIRC. Two KIRC subtypes (clusters 1/2) with diverse outcomes were identified by consensus clustering based on the expression profile of PRGs. The pyroptosis-related prognostic risk model developed from six PRGs can stratify KIRC patients into low- and high-risk subgroups with diverse prognoses and immune cell infiltration. The signature also suggests that the patients with high-risk scores might benefit most from ICIs. Pyroptosis may be involved in targeted therapies for patients with KIRC. Our findings may provide new insight into the role of pyroptosis in the TME in KIRC patients. In conclusion, our prognostic model showed potential clinical usefulness that may improve survival and even develop new therapeutic strategies for KIRC patients.
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Purpose

Exosomes could be released directly into the urine by the urological tumoral cells, so testing urinary exosomes has great potential for non-invasive diagnosis and monitor of urological tumors. The objective of this study is to systematically review and meta-analysis of urinary exosome for urological tumors diagnosis.



Materials and Methods

A systematic review of the recent English-language literature was conducted according to the PRISMA statement recommendations (CRD42021250613) using PubMed, Embase, Cochrane Library, Web of Science, and Scopus databases up to April 30, 2021. Risk-of-bias assessment was performed according to the QUADAS 2 tool. The true diagnostic value of urinary exosomes by calculating the number of true positive, false positive, true negative, and false negative, diagnoses by extracting specificity and sensitivity data from the selected literature.



Results

Sixteen eligible studies enrolling 3224 patients were identified. The pooled sensitivity and specificity of urinary exosomes as a diagnostic tool in urological tumors were 83% and 88%, respectively. The area under the summary receiver operating characteristic curve was 0.92 (95% CI: 0.89–0.94). Further subgroup analyses showed that our results were stable irrespective of the urinary exosome content type and tumor type.



Conclusion

Urinary exosomes may serve as novel non-invasive biomarkers for urological cancer detection. Future clinical trial designs must validate and explore their utility in treatment decision-making.



Systematic Review Registration

[
https://www.crd.york.ac.uk/prospero/], identifier [CRD42021250613].





Keywords: urological tumor, exosomes, urine, diagnosis, liquid biopsy



Introduction

Tissue biopsy is the current standard method for pathological diagnosis of urological cancer. However, based on one single needle biopsy is limited in reflecting the complete genomic landscape of cancer accurately and is inappropriate for early tumor screening (1). To detect cell-free biomarkers (such as circulating nucleic acids, circulating tumor cells and circulating exosomes) in the body fluid, also called “Liquid biopsy”, has recently show its value in clinical application (2). Collecting the circulating tumor related gene has the potential to provide molecular characterization of primary or metastatic tumor, and these cell-free biomarkers may be used to manage the post-treatment process of tumor (3).

One of the main types of liquid biopsies, circulating exosome, is extracellular vesicles enclosed by a lipid bilayer membrane range from 40 to 150 nm. Exosomes contain a complex cargo of contents derived from the original cell, including nucleic acids, lipids, and proteins (4). The exosome released by tumor cells has been shown to play an important role in microenvironment, immune regulation, and other malignant processes (5). Compared with other tumors, urological tumors can direct release exosomes into the urine, so urinary exosomes may be more sensitive and specific to reflect the status of urological tumors (6). Since then, several studies assessing the diagnostic value of urinary exosome in urological tumor have been published (5, 7). But the diagnostic performance of this novel biomarker has not been evaluated systematically. Therefore, the purpose of this study was to assess the diagnostic performance of urinary exosome for the detection of urological cancer including renal cancer (RCa), bladder cancer (BCa), and prostate cancer (PCa).



Materials and Methods

The protocol has been registered in the International Prospective Register of Systematic Reviews database (registration number: CRD42021250613).


Search Strategy

This systematic review and meta-analysis were performed according to the Preferred Reporting Items for Systematic Reviews and Meta-analyses (PRISMA) statement (8). A comprehensive literature search was followed the PRISMA 2009 checklist, and the PubMed, Embase, Cochrane Library, Web of Science, and Scopus databases were searched systematically in April 30, 2021.

The search strategy included the following terms: (“exosomes” or “extracellular vesicle”) AND “urine” AND (“diagnosis” OR “biomarker”) AND (“urological cancer” OR “urologic neoplasms” OR “urogenital neoplasms”) AND (“kidney neoplasms” OR “kidney cancer” OR “renal cancer”) AND (“prostate neoplasms” OR “prostate cancer”) AND (“bladder cancer” OR “bladder neoplasms”). Two researchers (Yipeng Xu and Jianmin Lou) independently assessed the eligibility of each potentially relevant study by screening the titles and abstracts. Disagreements between the two researchers were resolved by discussion with two additional researchers (An Zhao and Zongping Wang). Other publications were identified by searching the list of references of the selected papers.



Inclusion and Exclusion Criteria

Inclusion criteria for primary studies were as follows: (1) The research article was a diagnostic study using urinary exosomes; (2) Subjects included cancer patients and healthy controls; (3) The data was sufficient to generate a two-by-two table consisting of true negative (TN), and false negative (FN), true positive (TP), and false positive (FP).

The exclusion criteria were as follows: (1) repeated or overlapped publications which included the same study population and genes; (2) experiments based exclusively on cell lines or tumor tissue rather than clinical samples; and (3) studies with a poor sample size (≤10).



Data Extraction and Quality Assessment

We extracted the following data from the selected studies: the first author’s last name, year of publication, country of study, cancer type, sample sizes, exosome extraction method, type of exosome content/detection method, target molecular detection, diagnostic results (numbers of FP, FN, TP, and TN), and diagnostic performance (sensitivity and specificity).

Deek’s funnel plot and Quality Assessment of Diagnostic Accuracy Studies (QUADAS) 2 tool were adopted to analyze qualitative publication bias, and a P-value of <0.05 was considered statistically significant. Risk-of-bias assessment was performed independently by two authors (YJ, YX) according to the QUADAS 2 tool. Disagreement was solved by a third party (AZ). This tool provides a measure of the risk of bias and applicability over four domains (index test, reference standard, flow, and timing) of interest (9).



Data Synthesis and Analysis

All statistical analyses were performed using STATA software (version 12.0, STATA Corp, MIDAS module). Quality assessment was managed with Review Manager 5.3 (Cochrane Collaboration, Copenhagen, Denmark). The number of diagnoses (TP, TN, FP, and FN) from each study was extracted to calculate diagnostic sensitivity, specificity, positive likelihood ratio (PLR), negative likelihood ratio (NLR), and diagnostic odds ratio (DOR) with 95% confidence interval (CIs). PLR is calculated as sensitivity/(1-specifcity), and NLR is calculated as (1-sensitivity)/specificity. The DOR value is used as a measure of the effectiveness of a diagnostic test and is calculated as PLR/NLR. Summary ROC curves (SROC) and AUCs of the SROC were measured. All P values were two sided, and a P value < 0.05 was considered as statistically significant.




Results


Literature Search

Four hundred and thirty studies were confirmed through systematic search and manual review for initial screening, and 354 studies were remained after duplicates removed. After titles and abstracts were checked, 104 articles of the non-duplicate records were subjected to further full-text review, of which 88 were excluded according to the exclusion criteria. Finally, 22 studies from 16 articles were included in the present meta-analysis (10–25). No additional studies were identified via screening the bibliographies of these 16 articles. The process of literature inclusion and selection is presented in Figure 1.




Figure 1 | PRISMA flow diagram showing study selection process for meta-analysis.





Characteristics of Included Studies

Among them, 5 eligible studies featured a total of 408 patients with bladder cancer, 9 eligible studies featured a total of 1277 patients with prostate cancer, and 2 eligible studies featured a total of 179 patients with renal cell carcinoma. The main extraction methods of urinary exosome are ultracentrifugation or commercial exosome extraction kit. The technique for molecular examination depends on the type of exosome contents, nucleic acid exosome cargo was detected using methods such as qRT-PCR or sequencing, and non-nucleic acid exosomal cargo (proteins or lipids) was detected using methods such as enzyme-linked immunosorbent assay (ELISA) or mass spectrometry (MS). In total, all main characteristics of the eligible studies were summarized (Table 1).


Table 1 | Characteristics of studies evaluating the urinary exosomes of patients with urological tumor.





Risk of Bias Within Studies

The quality of the selected studies was evaluated in accordance with the QUADAS-2 criteria; the results of these evaluations are shown in Figure 2. Five studies were considered to be low-risk with regards to bias and applicability, and the other 11 studies were estimated as suboptimal for unclear risk in several areas, including patient selection, reference standards, and index testing. Deek’s funnel plot was also used to evaluate the publication bias of included studied, and no publication bias was found (P = 0.81) (Supplementary Figure 1).




Figure 2 | Grouped bar charts show risk of bias and concerns for applicability of 22 included studies using QUADAS-2. QUADAS-2, Quality Assessment of Diagnostic Accuracy Studies-2.



In addition, meta-regression analyses were performed to analyze the heterogeneity with the potential variables, and the type of exosome content (nucleic acid/non-nucleic acid), the type of urological cancer (BCa/PCa/RCa), and proportion of patients with urological cancer (>50%/≤50%) were not significant factors affecting the heterogeneity (P > 0.05, Supplementary Table 1).



Meta Analysis of Diagnostic Value

All 22 eligible studies were used to evaluate the diagnostic accuracy between urinary exosome expression and urological tumors. As shown in Figure 3, the overall diagnostic sensitivity and specificity were 0.83 (95% CI, 0.78–0.88) and 0.88 (95% CI, 0.81–0.92), respectively. Urinary exosome was significantly correlated with sensitivity (P < 0.01, I2 = 87.89%) and specificity (P < 0.01, I2 = 92.10%) (Figure 3). The area under the SROC curve was 0.92 (95% CI: 0.89–0.94) (Figure 4). The pooled PLR was 6.94 (95% CI: 4.29–11.22), and the pooled NLR was 0.19 (95% CI: 0.14–0.26) through random effect model (Supplementary Figure 2).




Figure 3 | Coupled forest plots of pooled sensitivity and specificity. Numbers are pooled estimates with 95% CI in parentheses. Corresponding heterogeneity statistics are provided at bottom right corners. Horizontal lines indicate 95% CIs. CI, confidence intervals.






Figure 4 | Hierarchical summary receiver operating characteristic curve of the diagnostic performance of urinary exosomes for detecting urological tumor.





Subgroup Analysis

When the studies were separately assessed according to the type of exosome content, nucleic acid analysis group of 12 studies yielded pooled sensitivity of 0.84 (95% CI 0.78–0.89) with specificity of 0.89 (95% CI 0.82–0.93), whereas non-nucleic acid analysis group of four studies yielded pooled sensitivity of 0.83 (95% CI 0.71–0.91) with specificity of 0.85 (95% CI 0.63–0.95) (Figure 5A).




Figure 5 | Coupled forest plots of pooled sensitivity and specificity in the subgroup. Numbers are pooled estimates with 95% CI in parentheses. Corresponding heterogeneity statistics are provided at bottom right corners. Horizontal lines indicate 95% CIs. CI, confidence intervals.



Regarding the type of urological tumor, the pooled sensitivity of 0.82 (95% CI 0.71–0.90) with specificity of 0.86 (95% CI 0.80–0.90) in five studies of BCa, the pooled sensitivity of 0.86 (95% CI 0.79–0.91) with specificity of 0.88 (95% CI 0.78–0.94) in nine studies of PCa yielded (Figure 5B). The pooled sensitivity and specificity of RCa were unable to analyze with only two studies.




Discussion

RCa, BCa, and PCa are the main types of urological tumors; their morbidity and mortality rates have continued to rise in recent years (26). Although prostate-specific antigen (PSA) testing has been used as biomarker in prostate cancer diagnosis, prostate biopsies are still essential to make a definite diagnosis since PSA level is low, and it also leads to overdiagnosis and overtreatment (27, 28). Most RCas are still found during other abdominal tests (29). Although the targeted therapy and immunotherapy have become the main treatment for advanced RCa, the complete responses is still low, and the biomarker-based strategies are still missing (30). Urological tumors still lack the key targeted markers such as epidermal growth factor receptor (EGFR) for lung cancer and human epidermal growth factor receptor 2 (HER2) for breast cancer.

Urinary cytology was one kind of the main non-invasive diagnostic methods for urothelial cancers (including bladder cancer, renal pelvis cancer, ureteral cancer, and urethral cancer), but its sensitivity was proved deficient (7–17%), and its diagnostic accuracy for low-grade urothelial cancer was relatively low (31). Compared to shedded tumor cells which are harder to capture in urine, exosomes are continually released into the urine from tumor cells. Exosomes can carry antigens from tumor-derived cells, so tumor-related exosomes can be purified by tumor antigen-bound magnetic beads to improve diagnostic specificity. Moreover, the nucleic acid cargo in exosomes may directly reflect the molecular characteristics of urological tumors. In addition, the concentration of exosome-related proteins in the first-morning urination and the second-morning urination were quite similar, and the exosomes remain intact during long-term storage or at -80°C (32), suggesting that urinary exosomes were stable enough to be examined their nucleic acid or non-nucleic acid cargo.

Urine is easy to obtain and has the advantages of convenience, non-invasive, and repeatability. To systematically evaluate the potential of urinary exosomes as non-invasive markers for urological tumors, we established a meta-analysis including 22 studies from 16 articles with 3224 patients and 1360 healthy controls; the results showed an advanced diagnostic accuracy of urinary exosomes with an AUC of 0.92, a sensitivity of 83%, and a specificity of 88%. The overall PLR value of urological exosome was 6.94, suggesting that the probability of having tumor in a people with a positive test was approximately 7-fold higher than negative controls. Several laboratories including ours have reported some over-expressed proteins in tumor tissues, which are valuable in predicting the prognosis of the urological cancer (33–35). Whether these biomarkers can be detected in urinary exosomes and the use of urinary exosomes for monitoring tumor recurrence are worthy of further investigation.

This meta-analysis study suggests the urinary exosomes may serve as non-invasive biomarkers for urological cancer diagnosis. Several limitations of this study need to be discussed. We also reviewed the study of urinary exosomes in other urological tumors (such as ureteral cancer, renal pelvis cancer, epididymal tumor, and testis pellet cancer), but no relevant results were found. Thus, there is still a lack of relevant studies for some urological tumors with low incidences. Because of the large number of included studies reporting positive results, it is impossible to rule out the possibility of selection bias. The potential variables, including the type of exosome content, the type of urological cancer, and proportion of patients with urological cancer were not significant factors affecting the heterogeneity, but whether other factors (such as primers, kits, and quantitative methods) can contribute to bias remains to be evaluated with the enough data.



Conclusion

Urinary exosomes has great application potential in the noninvasive diagnosis and monitoring of urological tumors. Future evolutions will be necessary to validate whether urinary exosomes may serve as a potential non-invasive marker for early diagnosis and treatment response.
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Background

The pretreatment prognostic nutritional index (PNI) is correlated with poor prognosis in several malignancies. However, the prognostic role of PNI in patients with renal cell carcinoma (RCC) remains unclear. Therefore, we performed a meta-analysis to investigate the prognostic significance of PNI in patients with RCC.



Methods

We searched the PubMed, Web of Science, Embase, Scopus, and Cochrane Library databases up to February 2021. Pooled hazard ratios (HRs) and 95% confidence intervals (CIs) were used to estimate correlation between PNI and survival endpoints in RCC.



Results

Ten studies with 4,908 patients were included in the meta-analysis. The pooled results indicated that a low PNI associated with poor overall survival (HR = 2.10, 95% CI = 1.67–2.64, p<0.001), shorter progression-free survival, disease-free survival, recurrence-free survival (HR = 1.99, 95% CI = 1.67–2.36, p<0.001), and poor cancer-specific survival (HR = 2.95, 95% CI = 1.61–5.39, p<0.001). Additionally, the prognostic ability of PNI was not affected by subgroup analysis factors.



Conclusion

The meta-analysis indicated that low PNI associated with shorter survival outcomes in patients with RCC. Therefore, PNI could be used as an effective prognostic indicator in RCC.





Keywords: PNI, renal cell carcinoma, meta-analysis, prognosis, immune responses



Introduction

Renal cell carcinoma (RCC) is the most prevalent form of kidney tumor, accounting for 85% of cases (1). RCC is the most lethal urological malignancy and is responsible for approximately 2%–3% of all adult malignancies (2). Surgical resection, including partial and radical nephrectomy, is a treatment with curative intent in patients with localized RCC (3). A majority of the patients with RCC are diagnosed at the localized stage, but 1/3 patients present with locally advanced or metastatic status (4). Moreover, >25% of patients with localized disease show metastatic progression after the initial treatment. Furthermore, the prognosis of patients with advanced disease is dismal, with a 5-year survival rate of 11% (5). Thus, prognostic scores and parameters would be helpful in determining the survival of patients with RCC (6).

Patients with cancer usually experience malnutrition and changes in immune responses during disease development (7). The prognostic nutritional index (PNI) is evaluated according to serum albumin levels and lymphocyte count in the peripheral blood (8). PNI reflects the nutritional and immunologic status of patients with cancer and is a prognostic factor in several solid tumors (9). Low PNI is associated with poor prognosis in some cancers, such as pancreatic (10), lung (11), esophageal cancer (EC) (12), and ovarian (13) cancers, and nasopharyngeal carcinoma (14). Many studies have also explored the prognostic significance of PNI in patients with RCC; however, the results have been inconsistent (15–24). For example, some studies identified low PNI as a significant prognostic factor for RCC (20, 22), whereas others failed to detect the prognostic role of PNI in RCC (17). Therefore, in this study, we performed a meta-analysis to quantitatively evaluate association between PNI and prognosis in patients with RCC.



Materials and Methods


Literature Retrieval

The meta-analysis was performed under the guidance of the Preferred Reporting Items for Systematic Reviews and Meta-Analyses (PRISMA) statement (25). We searched PubMed, Web of Science, Embase, Scopus, and Cochrane Library databases up to February 2021. The search was performed using following terms: “prognostic nutritional index,” “PNI,” “kidney cancer,” “renal cell carcinoma,” “renal tumor,” and “renal neoplasms.” Only studies published in English were considered. Additionally, literature references were manually screened to identify potentially relevant studies. No ethical approval or informed consent was required as all data were based on previously published articles.



Selection Criteria

Studies fulfilling following features were eligible for the meta-analysis: 1) studies using pathological methods to confirm RCC; 2) studies reporting hazard ratios (HRs) and corresponding 95% confidence intervals (CIs) for estimating associations between PNI and survival outcomes or had sufficient data to calculate these statistics; 3) identified a cutoff value to stratify low and high PNI; and 4) were full-text articles. The exclusion criteria were as follows: 1) reviews, case reports, meeting abstracts, letters, and comments; 2) studies with no data of interest for this meta-analysis; 3) animal studies; and 4) non-English studies.



Data Extraction

The data were extracted by two independent investigators (C.M. and W.X.), and all disagreements were resolved by discussion with a third researcher (J.Y.). The following information was extracted: name of the first author, country of origin, ethnicity, sample size, age, study duration, metastatic status of disease, Fuhrman grade, histological type, treatment methods, cutoff value of PNI, cutoff value determination methods, survival endpoints, survival analysis types, and HRs with 95% CIs. The primary study outcome was overall survival (OS), and secondary study outcomes were progression-free survival (PFS), disease-free survival (DFS), recurrence-free survival (RFS), and cancer-specific survival (CSS). PFS/DFS/RFS were combined because survival was calculated based on the duration of event-free survival. Moreover, this combination of PFS/DFS/RFS was based on previous studies on PNI (26, 27).



Quality Assessment

Two researchers (W.M. and C.W.) independently evaluated the methodological quality of eligible studies according to the Newcastle-Ottawa Scale (NOS) (28). The NOS was used to assess the quality based on three aspects: selection of subjects (four stars), comparability of study groups (two stars), and outcome measurement (three stars). The NOS ranged from 0 to 9, and studies with NOS ≥6 were considered high-quality.



Statistical Analysis

Pooled HRs and 95% CIs were used to estimate correlations between PNI and survival endpoints. The heterogeneity among studies was evaluated using Cochran’s Q and I2 statistics. I2>50% and P for heterogeneity <0.10 indicated significant heterogeneity; and a random-effects model (REM) was applied. However, a fixed-effects model (FEM) was adopted otherwise. Subgroup analysis was performed to further investigate the prognostic role of PNI in various patient groups. Sensitivity analysis was performed to explore the impact of each study on the overall pooled results of the meta-analysis. Publication bias was estimated by visual inspection of the Begg’s funnel plot. All statistical analyses were performed using Stata software version 15.0 (STATA Corporation, College Station, TX, USA). A p < 0.05 was considered to be statistically significant.




Results


Search Results and Study Characteristics

The process of literature selection and screening is shown in Figure 1. The initial literature search identified 394 records. After removing 84 duplicate records, 310 articles were screened. After reviewing the titles, abstracts, and full texts, 10 studies (15–24) were included in the meta-analysis. The basic characteristics of the included studies are listed in Table 1. The studies were published between 2015 and 2020, and were conducted in five countries, including China (n = 4) (16, 17, 22, 24), Korea (n = 3) (18–20), the USA (n = 1) (15), Austria (n = 1) (21), and Turkey (n = 1) (23). The total sample size was 4,908, ranging from 125 to 1,360 and with a median value of 413. Five studies enrolled patients with non-metastatic disease (15, 18, 19, 21, 24), three studies recruited patients with metastatic disease (16, 20, 23), and two studies enrolled patients with mixed disease stages (17, 22). All studies had a retrospective study design. Nine studies recruited patients with clear cell renal cell carcinoma (ccRCC) and non-clear cell renal cell carcinoma (nccRCC) (15–20, 22–24), and one study included patients with ccRCC (21). Regarding treatment methods, six studies applied partial or radical nephrectomy (15, 17, 19, 21, 22, 24), three studies administered tyrosine kinase inhibitors (TKIs) (16, 20, 23), and one study applied radical nephrectomy (18). The cutoff values for PNI ranged from 38.5 to 51.62, with a median value of 46.31. The NOS of all studies was >6, indicating that all eligible studies were of high quality. The detailed items for the NOS scores are shown in Table 2.




Figure 1 | Flow chart of literature selection.




Table 1 | Main characteristics of eligible studies in the meta-analysis.




Table 2 | Quality assessment conducted according to the NOS for all included studies.





PNI and OS in RCC

Eight studies (15–18, 20, 22–24) with 4,019 patients investigated the association between low PNI and OS in patients with RCC. The heterogeneity was significant (I2 = 56.9%, P=0.023); therefore, REM was applied. The pooled results had HR = 2.10, 95% CI = 1.67–2.64, p<0.001 (Figure 2 and Table 3). Subgroup analyses were performed according to ethnicity, cutoff value, cutoff value determination method, treatment, and survival analysis type. The REM and FEM were selected according to the heterogeneity in each subgroup. As shown in Figure 2; Supplementary Figure 1 and Table 3, a low PNI was a significant prognostic factor in all subgroups (p<0.05). The results indicated that reduced PNI correlated with poor OS, and that the prognostic role was not influenced by subgroup factors.




Figure 2 | Forest plot examining the association between PNI and OS in patients with RCC. (A) overall patient population; (B) subgroup analysis by various ethnicities; (C) subgroup analysis by various cut-off values of PNI; (D) subgroup analysis by various cut-off value determination methods; (E) subgroup analysis by various treatment methods; (F) subgroup analysis by various survival analysis types.




Table 3 | Results of subgroup meta-analysis for overall survival.





PNI and PFS/DFS/RFS in RCC

For PFS/DFS/RFS, the data from seven studies with 3,553 patients were combined (15–17, 19–22). The combined data had HR = 1.99, 95% CI = 1.67–2.36, p<0.001; and an FEM was applied due to non-significant heterogeneity (I2 = 0, P=0.563) (Figure 3 and Table 4). Subgroup analyses were also performed, and the results indicated that low PNI associated with worse PFS/DFS/RFS irrespective of ethnicity, cutoff value, cutoff determination method, treatment, metastatic status, histology, and survival analysis (Figure 3; Supplementary Figure 2 and Table 4).




Figure 3 | Forest plot examining the association between PNI and PFS/DFS/RFS in patients with RCC. (A) overall patient population; (B) subgroup analysis by various ethnicities; (C) subgroup analysis by various cut-off values of PNI; (D) subgroup analysis by various cut-off value determination methods; (E) subgroup analysis by various treatment methods; (F) subgroup analysis by various survival analysis.




Table 4 | Results of subgroup meta-analysis for progression-free survival/disease-free survival/recurrence-free survival.





PNI and CSS in RCC

The association between PNI and CSS was analyzed based on data from four studies comprising 2,078 patients (17–19, 24). The overall results had HR = 2.95, 95% CI = 1.61–5.39, p<0.001 in REM (Figure 4 and Table 5). Subgroup analysis showed that low PNI was a significant prognostic factor for poor CSS when the cutoff value was ≥45, but the prognostic value was invalid with a cutoff value <45 (Figure 4 and Table 5).




Figure 4 | Forest plot examining the association between PNI and CSS in patients with RCC. (A) overall patient population; (B) subgroup analysis by various cut-off values of PNI; (C) subgroup analysis by various cut-off value determination methods; (D) subgroup analysis by various survival analysis types.




Table 5 | Results of subgroup meta-analysis for cancer-specific survival.





Sensitivity Analysis

We examined the stability and reliability of pooled HRs and 95% CIs for OS, PFS/DFS/RFS, and CSS based on sensitivity. As shown in Figure 5, the conclusions were reliable as the combined data remained substantially unchanged by the removal of any individual study.




Figure 5 | Sensitivity analysis for (A) OS, (B) PFS/DFS/RFS, and (C) CSS in this meta-analysis.





Publication Bias

Publication bias was tested using the Begg’s test and funnel plots. The Begg’s p values for OS, PFS/DFS/RFS, and CSS were p = 0.063, p = 0.327, and p = 0.734, respectively. Visual inspection of the funnel plots was symmetrical (Figure 6), suggesting that there was no significant publication bias in the meta-analysis.




Figure 6 | Publication bias test by Begg’s funnel plots for (A) OS, (B) PFS/DFS/RFS, and (C) CSS.






Discussion

The pooled analysis of survival data from 10 studies with 4,908 patients showed that reduced PNI associated with poor OS, PFS/DFS/RFS, and CSS in patients with RCC. The results in subgroups stratified by ethnicity, cutoff value, cutoff value determination method, treatment, and survival analysis type were consistent with the overall trend. Sensitivity analysis and publication bias tests confirmed the robustness of the results. Thus, the meta-analysis showed that a low PNI is a significant and reliable prognostic parameter in patients with RCC. PNI could be applied as a promising indicator for survival prediction in RCC.

The PNI is calculated as follows: serum albumin (g/L) + 0.005 × lymphocyte count (per mm3) (29). PNI is a parameter that combines the nutritional and inflammatory statuses of patients. The mechanisms of association between low PNI and poor survival outcomes can be explained as follows: First, a low serum albumin level reflects malnutrition in patients with cancer. Malnutrition accounts for 20% of all cancer-related deaths (30). The presence of cancer cachexia is frequently observed, and reduced albumin levels can directly reflect the severity of malnutrition (31). Low pretreatment serum albumin levels are correlated with inferior survival in patients with urothelial carcinoma (32). Moreover, lymphocyte counts reflect antitumor activity in the host. Lymphocytes play a critical role in T cell-related antitumor responses (33). Tumor-infiltrating lymphocytes (TILs) can induce cytotoxic cell death and suppress tumor cell proliferation and migration (34). Based on this evidence, patients with low PNI may suffer from a weakened antitumor response, and therefore, poor survival.

Several recent meta-analyses have also focused on the prognostic ability of PNI in patients with solid tumors (10, 11, 35). Liao et al. reported that lower PNI correlated with unfavorable prognostic factors and poor prognosis in patients with EC, based on a meta-analysis of 3,118 patients (35). Li et al. showed that a low PNI associated with shorter OS in patients with pancreatic cancer (10). Additionally, prognostic significance in their study was not affected by subgroup variables (10). Another meta-analysis demonstrated that a low PNI could predict short- and long-term survival outcomes in patients with nasopharyngeal carcinoma (36). A recent meta-analysis of nine studies indicated that a low PNI status closely correlated with decreased OS in patients with small cell lung cancer. The findings of the present meta-analysis are consistent with those of previous meta-analyses of PNI in other cancer types. As PNI is cost-effective and easily obtained from laboratory tests, PNI can be helpful for clinicians in the management of patients.

In recent years, several studies have found that lymphopenia is a prognostic factor for poor survival in patients with RCC (37, 38). A low PNI represents poor nutritional status and is associated with worse survival in patients with RCC (17, 19, 23, 24). Moreover, the studies included in the present meta-analysis (15–24) indicated inconsistent prognostic value of PNI in RCC, which led to heterogeneity between studies. There are several factors contributing to this. First, the cutoff values of PNI were not uniform in the studies, ranging from 38.5 to 51.62. Therefore, stratification of patients in the low/high PNI groups varied in the included studies. Second, patients received partial or radical nephrectomy and TKIs in different groups, which might have led to selection bias. Patients receiving nephrectomy usually have a good physical condition and non-metastatic disease. However, patients frequently receive TKIs as an adjuvant treatment and have metastatic disease. Malnutrition is less common in patients with non-metastatic RCC than in those with metastatic RCC. Selection bias may exist across studies. Third, all included studies were retrospective in nature. The inherent nature of retrospective studies may lead to heterogeneity, and therefore, the inconsistent results in the included studies. The subgroup analyses by cutoff values of PNI, treatment methods, and metastatic status confirmed the prognostic role of PNI in these subgroups; but the source of heterogeneity should also be acknowledged.

This meta-analysis had some limitations. First, a majority of the studies included were from Asia, lacking data from other regions. Therefore, the prognostic value of PNI in patients with RCC from non-Asian countries should be further confirmed. Second, the methods for determining cutoff and the cutoff values were not uniform in the included studies. Thus, a standard cutoff value for PNI is needed in the clinical settings. Third, the heterogeneity of OS analysis was significant, and selection bias might have been introduced; although sensitivity analysis and publication bias indicated reliability of the results.



Conclusions

In conclusion, this meta-analysis demonstrated that low PNI associates with shorter survival outcomes in patients with RCC. The prognostic role of PNI is consistent in various patient populations. Furthermore, large-scale studies with standard assessment methods should be conducted to confirm the study findings.
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Introduction

Bladder cancer (BC) is one of the most prevalent urinary cancers, and its management is still a problem causing recurrence and progression, elevating mortality.



Materials and Methods

We aimed at the nuclear mitochondria-related genes (MTRGs), collected from the MITOMAP: A Human Mitochondrial Genome Database. Meanwhile, the expression profiles and clinical information of BC were downloaded from the Cancer Genome Atlas (TCGA) as a training group. The univariate, multivariate, and the least absolute shrinkage and selection operator (LASSO) Cox regression analyses were used to construct a nuclear mitochondrial-related multi-genes signature and the prognostic nomogram.



Results

A total of 17 nuclear MTRGs were identified to be correlated with the overall survival (OS) of BC patients, and a nuclear MTRGs signature based on 16 genes expression was further determined by the LASSO Cox regression analysis. Based on a nuclear MTRGs scoring system, BC patients from the TCGA cohort were divided into high- and low- nuclear MTRGs score groups. Patients with a high nuclear MTRGs score exhibited a significantly poorer outcome (median OS: 92.90 vs 20.20 months, p<0.0001). The nuclear MTRGs signature was further verified in three independent datasets, namely, GSE13507, GSE31684, and GSE32548, from the Gene Expression Omnibus (GEO). The BC patients with a high nuclear MTRGs score had significantly worse survival (median OS in GSE13507: 31.52 vs 98.00 months, p<0.05; GSE31684: 32.85 months vs unreached, p<0.05; GSE32548: unreached vs unreached, p<0.05). Furthermore, muscle-invasive bladder cancer (MIBC) patients had a significantly higher nuclear MTRGs score (p<0.05) than non-muscle-invasive bladder cancer (NMIBC) patients. The integrated signature outperformed each involved MTRG. In addition, a nuclear MTRGs-based nomogram was constructed as a novel prediction prognosis model, whose AUC values for OS at 1, 3, 5 years were 0.76, 0.75, and 0.75, respectively, showing the prognostic nomogram had good and stable predicting ability. Enrichment analyses of the hallmark gene set and KEGG pathway revealed that the E2F targets, G2M checkpoint pathways, and cell cycle had influences on the survival of BC patients. Furthermore, the analysis of tumor microenvironment indicated more CD8+ T cells and higher immune score in patients with high nuclear MTRGs score, which might confer sensitivity to immune checkpoint inhibitors.



Conclusions

Not only could the signature and prognostic nomogram predict the prognosis of BC, but it also had potential therapeutic guidance.
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Background

Bladder cancer (BC) is one of the most frequent genitourinary carcinoma worldwide, with an estimated number of annually newly diagnosed cases beyond 550,000 and deaths beyond 200,000 (1). BC contains a spectra of diseases, including non-muscle invasive (NMIBC), muscle invasive (MIBC), and metastatic diseases, whose 5-year survival ranged from 96 to 6% (2). For patients with MIBC, radical cystectomy remains the standard management, but the outcomes differed among patients. The genomic heterogeneity may lead to the distinct outcomes of MIBC patients, and different predictions of the progression risk. Many studies based on its transcriptome profiling have been implemented to classify MIBC into different subtypes, such as luminal, basal, or neuroendocrine (3). However, past results on molecular classification derived from different methods and datasets and the diversity of the classification posed limits on the further clinical application (4).

Recently, several studies explored the more advanced clinical and molecular biomarkers to improve the management and treatment of BC. Comprehensive genetic profiling has successfully identified prevalent genetic alterations, such as FGFR3 (5), DNA Damage repair gene (6), and PIK3CA (7) in predicting the prognosis of BC. And transcriptome profiling suggested the abnormal expression of single markers, such as KIF20A (8), non-coding RNA (9), Matrix Metalloproteinase 11 (10), was related to bad survival of BC patients. In addition, signatures based on multiple gene expressions, such as immune-related genes (11), hypoxia-related genes (12), and an EMT-related gene signature (13), were highly associated with the prognosis of BC patients. By contrast to the single molecular biomarker, multi-genes biomarker had stronger predicting capabilities with high accuracy and sensitivity (11–13). Nevertheless, different BC patients might have different clinical features and molecular characteristics in the same clinical stage (14), owing to the individual heterogeneity. Therefore, there is an urgent need for more rigorous prediction prognosis models to help promote BC management and the development of precision medicine.

Mitochondria, known as the “powerhouse” in the cell, play essential roles in many cell activities, including energy metabolism, signaling transduction, cell growth and death (15). Next-generation sequencing data revealed some molecular characteristics (containing nuclear mitochondrial-related DNA/RNA and mitochondrial DNA/RNA) of mitochondrial diseases. Non-structural nuclear MTRGs, such as NDUFAF1, COA5, and COA6, were correlated with cardioencephalomyopathy; besides, structural nuclear MTRGs, such as NDUFS2, NDUFB10, and DUFV2, were correlated with cardiomyopathy (16). In addition, other studies have comprehensively demonstrated that mitochondrial dysfunctions are intrinsically associated with carcinogenesis (17, 18). Pan-cancer genome analysis showed that nuclear mitochondrial and mitochondrial genomic alterations were related to mitochondrial functions were correlated with 38 tumor types (19). Moreover, other studies had explored the roles of mitochondrial genes and uncovered the associations between genomic alterations and the prognosis of cancer patients. However, mitochondrial molecular alterations (including mitochondrial DNA copy number, structural variations, microsatellite instability) exhibited the unstable efficacy in predicting the prognosis of colorectal cancer, probably because of a lack of in-depth researches (20). To date, the role of nuclear MTRGs in prognosis prediction for various cancers is scarcely known. Therefore, our study aims to investigate whether genetic and transcriptomic profiling of MTRGs is correlated with the survival of BC patients.



Materials and Methods


Data Acquisition and Processing

The TCGA bladder cancer data (blca_tcga_pub_2017), containing genomic alternations, mRNA expression profiles, and clinicopathological features, were downloaded from the cBioPortal (http://www.cbioportal.org/) as a training group of 413 muscle-invasive BC patients. For validation, three independent datasets, including GSE13507 (165 patients: 62 MIBC and 103 NMIBC), GSE31684 (93 patients: 79 MIBC and 14 NMIBC), and GSE32548 (131 patients, the numbers of MIBC and NMIBC were undescribed), were derived from the Gene Expression Omnibus (GEO, https://www.ncbi.nlm.nih.gov/geo/). The clinicopathological data of patients are presented in Table 1.


Table 1 | Characteristics of 413 patients with bladder cancer from the TCGA.



Nuclear genes involved in mitochondrial disease were obtained from the MITOMAP: A Human Mitochondrial Genome Database (http://www.mitomap.org, last update: January 15th, 2021), and all of these nuclear MTRGs (including 33 structural nuclear MTRGs and 114 non-structural nuclear MTRGs) were integrated as a nuclear mitochondria-related gene set.



Differentially Expressed Nuclear MTRGs Related to BC, and Analysis of Genomic Alterations in BC

The RNA-sequencing data of BC (404 samples) and normal people (28 samples) were collected from the GEPIA (http://gepia2.cancer-pku.cn/) to screen out differentially expressed MTRGs [|log2-fold change (FC)| >1, Q-value<0.01].

Nuclear mitochondria-related gene data were derived using cBioPortal to explore genomic alterations (in-frame indels, missense mutation, splice mutation, truncating mutation, amplification, deep deletion, and copy number alteration) among BC patients from the TCGA cohort.



Survival Analysis and Construction of a Prognostic Nuclear MTRGs Signature

The TCGA bladder cancer dataset was analyzed to determine whether the nuclear MTRGs alterations correlated with survival of BC patients via univariate Cox proportional hazards regression analysis, which was conducted in R studio (v. 3.4.3, https://rstudio.com/). Then, least absolute shrinkage and selection operator (LASSO) Cox regression with 10-fold cross-validation was conducted by using the “glmnet” package in R studio (21). Meanwhile, multivariate Cox regression analysis was further utilized to identify prognostic nuclear MTRGs and to construct a nuclear MTRGs signature.

The nuclear MTRGs score was calculated by the following formula: nuclear MTRGs score = gene A expression × γA + gene B expression × γB + gene C expression × γC +… + gene Z expression × γZ, where γZ represents the coefficient for each nuclear MTRG in the multivariate Cox regression model. The median nuclear MTRGs score served as a cutoff value to divide the patients into two groups, high and low nuclear MTRGs score groups, respectively.

The Kaplan-Meier (KM) curves were drawn by using the “survival” package in R studio. And the area under ROC curve (AUC) was calculated to evaluate the prognostic ability of the defined nuclear MTRGs signature via using the “timeROC” package in R studio. In addition, univariate and multivariate Cox regression analyses were implemented to identify the prognostic values for the signature and clinicopathological features. The nomogram and calibration plots were built by using the “rms” package in R studio.



Enrichment Analyses of Hallmark Gene Set and KEGG Pathway

Enrichment analysis was conducted by using the “clusterProfiler” package (22) in R studio to identify significant key genes and/or common pathways involved in tumor progression and metastasis of BC. We mainly focused on Hallmark gene set enrichment analysis (http://www.gsea-msigdb.org/gsea/) and Kyoto Encyclopedia of Genes and Genomes (KEGG, https://www.kegg.jp/) pathway enrichment analysis, which were visualized by using the “ggplot2” package in R studio. The threshold was defined at a p-value <0.05.



Evaluation of the Immune Cell Infiltration in BC

A deconvolution algorithm [TIMER, http://timer.cistrome.org/, (23)] was employed to survey the infiltrating immune cells in the tumor microenvironment (TME) between high and low nuclear MTRGs score groups, by using the transcriptomic data from the TCGA cohort. Meanwhile, the stromal score, immune score, and ESTIMATE score were calculated to further clarify the infiltrated lymphocytes (24).



Statistical Analyses

A work flowchart is exhibited in Figure 1. Besides, we performed statistical analyses of Chi-square, Fisher test, and Wilcoxon rank test in R studio. A log-rank test was used to estimate the Kaplan-Meier curves of survival analysis between the high and low nuclear MTRGs score groups. A (adjust) p-value <0.05 was considered statistically significant.




Figure 1 | A work flowchart of the establishment of a nuclear MTRGs-based signature in BC.






Results


Analysis of the Differentially Expressed Nuclear MTRGs (Normal vs BC), and MTRGs Genomic Alterations in BC

Comparison of the mRNA expression data between BC patients and normal control samples from the TCGA cohort was done, displaying that 4% (6/147) of MTRGs was differentially expressed [Figure S1, |log2(FC)| >1 and Q-value<0.01]. Then we further explored the genomic alterations in these BC patients. Nearly 97% (395/408) of BC patients had altered nuclear MTRGs expression levels (Figure S2A). Meanwhile, the MTRGs mutation in BC patients from the TCGA cohort was analyzed, showing that 53% (218/412) of BC patients were identified with at least one MTRGs mutation (Figure S2B). Furthermore, copy number alterations occurred in nearly 70% (287/408) of BC patients from the TCGA cohort (Figure S2C).



Identification of the Nuclear MTRGs Correlating With Survival of BC Patients

We conducted univariate COX proportional hazards regression analysis with nuclear mitochondria-related genes, and 17 of 146 genes were found to be significantly correlated with the survival of BC patients (Figure 2A). The overexpression of nine nuclear MTRGs, including ATAD3, GARS, IARS2, MRPS16, NDUFS1, SUCLA2, ATPAF2, DARS2, and FRDA, significantly related to a worse prognosis of BC patients (p<0.05, Figure 2A). On the other hand, the overexpression of eight nuclear MTRGs, including TRMU, NDUFA1, NDUFA2, COX14, COX7B, SPG7, DGUOK, and COA5, were significantly correlated with improved prognosis of BC patients (p<0.05, Figure 2A).




Figure 2 | Construction of a nuclear MTRGs signature. (A) The identification of the nuclear mitochondria-related genes associated with survival of BC patients via univariate Cox regression analysis. (B) The LASSO analysis determined a nuclear 16-MTRGs signature. (C) Comparison of OS between the high and low nuclear MTRGs score groups via Kaplan-Meier curves. (D) The ROC curves for OS at 1, 3, and 5 years. *p < 0.05.





Construction and Evaluation of a Nuclear MTRGs Prognostic Signature

The LASSO regression analysis via 10-fold cross-validation demonstrated that 16 out of 17 identified nuclear MTRGs related to patients’ survival (Figure 2B), and these identified genes were further analyzed with the multivariate Cox regression analysis, and their coefficients are exhibited in Table 2. Moreover, BC patients from the TCGA cohort with a high nuclear MTRGs score (N=202) exhibited the poorer outcomes (median OS: 92.90 vs 20.20 months, p<0.0001, Figure 2C), and the AUC for OS at 1-, 3-, 5-year was 0.71, 0.72, and 0.72, respectively (Figure 2D). Moreover, by comparing the AUC of our nuclear MTRGs signature with single identified MTRG for OS at 1-, 3-, 5-year, the results indicated that the integrated signature had better prediction efficacy (Figure S3).


Table 2 | Hazard ratio and coefficient of identified nuclear MTRGs in signature.





Validation of the Nuclear MTRGs Prognostic Signature

Furthermore, the signature scoring system was verified in the three independent datasets from GEO database, including GSE13507, GSE31684, and GSE32548. It was shown that BC patients with a high nuclear MTRGs score had significantly worse survival in all these independent validation cohorts (a median OS in GSE13507: 31.52 vs 98.00 months, p<0.05; GSE31684: 32.85 months vs unreached, p<0.05; GSE32548: unreached vs unreached, p<0.05; Figures 3A–C). In addition, the AUC for OS at 1-, 3-, 5-year are as follows: GSE13507: 0.71, 0.60, 0.60 (Figure 3D); GSE31684: 0.67, 0.60, 0.62 (Figure 3E); and GSE32548: 0.71, 0.62, 0.65 (Figure 3F), respectively.




Figure 3 | The comparison of the OS and AUC values between the high and low nuclear MTRGs score groups. The analysis of Kaplan-Meier curves for BC patients assigned to high and low nuclear MTRGs score groups in GSE13507 (A), GSE31684 (B), and GSE32548 (C). The corresponding ROC curves for OS at 1, 3, and 5 years were indicated in GSE13507 (D), GSE31684 (E), and GSE32548 (F).



Meanwhile, as GSE13507 and GSE31684 datasets having comparable data of both NIMBC and MIBC, we further applied the nuclear MTRGs scoring system to figure out whether there existed some significant differences between these two subtypes of the disease. Notably, MIBC samples had a significantly higher nuclear MTRGs score than NMIBC (a median nuclear MTRGs score in GSE13507: 3.09 vs 3.06, GSE31684: 2.99 vs 2.92, p<0.05, Figure 4).




Figure 4 | Comparing the nuclear MTRGs score of the NMIBC and MIBC groups in two independent datasets of GSE13507 (A), GSE31684 (B).





Survival Analysis of the BC Patients With High or Low Nuclear MTRGs Score in the Different Histopathological Groups

In the TCGA bladder cancer dataset, there were two defined histologic subtype groups (the group with papillary features or not). We observed that the BC patients without papillary histological features have significantly higher nuclear MTRGs score than those one with the papillary histological features (p<0.0001, Figure 5A). While the BC patients without papillary-related features had the worse survival (median overall survival: 28.22 vs 44.28 months, p<0.05, Figure 5B). In addition, the BC patients with high nuclear MTRGs score had the poorer survival (non-papillary: 19.02 vs 64.75 months, p<0.0001; papillary: 32.00 months vs unreached, p<0.001, Figures 5C, D) no matter in the non-papillary or papillary group.




Figure 5 | Comparison of the nuclear MTRGs score between BC patients with or without the papillary features, and the survival analysis in the different histologic subtype groups.



In the present study, there were 298 male BC patients, and 81/298 of these patients presented concomitant prostate cancer (PCa). By the statistical analysis, there was no significant difference of the nuclear MTRGs score between the BC patients who presented with concomitant prostate cancer and those who did not (p=0.087, Figure S4A). Moreover, we observed no significant difference of the overall survival between the BC patients who presented with concomitant prostate cancer and those who did not (p=0.57, Figure S4B). However, the BC patients with high nuclear MTRGs score had the poorer survival (not concomitant PCa: 17.97 months vs unreached, p<0.0001; concomitant PCa: 25.56 months vs unreached, p<0.01, Figures S4C, D) no matter the BC patients presented with concomitant prostate cancer or not.



The Clinical Features of BC Patients in the High and Low Nuclear MTRGs Score Groups

We then investigated the clinical features of BC patients in the high and low nuclear MTRGs score groups. Patients in the high nuclear MTRGs score group have older age at diagnosis (median age at diagnosis: 70 vs 66 years old, p<0.05, Figure 6A). Remarkably, more BC patients with a high nuclear MTRGs score had advanced clinical stages (0 vs 1.01% in stage I, 24.26 vs 39.51% in stage II, 39.11 vs 30.50% in stage III, 36.63 vs 29.01% in stage IV, p<0.05, Figure 6B), compared to those with low nuclear MTRGs score. According to the analysis of histological grading, more high histological grading diseases were presented in the high MTRGs score group (99.51 vs 90.45% in high histological grading, 0.49 vs 9.55% in low histological grading, p<0.05, Figure 6C). Moreover, TNM stages were further analyzed, indicating that patients with a high MTRGs score were significantly related to aggressive tumor and metastasis (Figures 6D–F). We found a significantly decreased number of patients at T0–T2 but significantly more patients with disease at T3–T4 stage, which were presented in the high nuclear MTRGs score group (25.01 vs 40.44% at T0–T2, 74.99 vs 50.56% at T3–T4, p<0.05, Figure 6D). However, there was no statistically significant difference between the two groups in lymph node metastasis (77.41 vs 77.29% at N0–N1, 22.59 vs 22.71% at N2–N3, p>0.05, Figure 6E). By statistical analysis, only eight and three BC patients with a high or low nuclear MTRGs score were at M1 stage, respectively. A weakly significant difference was observed in the number of patients with long-distant metastasis in the high nuclear MTRGs score group (9.64 vs 2.46% at M1, p=0.05, Figure 6F).




Figure 6 | The analyses of clinical features between the high and low nuclear MTRGs score groups from the TCGA cohort. (A) Boxplots exhibit the age at diagnosis for the high and low nuclear MTRGs score groups (p=0.0024). Percentage-staked bar plots show the distribution of BC patients with the different clinical stage (B), histological grade (C), tumor stage (D), lymph node status (E), and tumor metastasis (F) between the high and low nuclear MTRGs score groups (p<0.05 was considered as significant; NA, not applicable).



As is known, gender plays an important role in mitochondrial dysfunction (25, 26). However, we did not obtain evidence for significant differences in the clinical feature of gender in BC (p=0.43, Figure 7A). Subsequently, we explored whether there existed any statistically significant differences of the identified nuclear MTRGs score between the male and female group, whereas it was found that there was no statistically significant difference in the nuclear MTRGs scores between the male and female group, either (p=0.51, Figure 7B). Moreover, no any statistically significant differences were observed in the overall survival between the male and female group (p=0.40, Figure 7C). In addition, this result was further validated in another three independent cohort, GSE13507, GSE31684, and GSE32548, from the GEO (p>0.05, Figures 7D–F). But it was noteworthy that the male BC patients with high nuclear MTRGs score had the worse overall survival (median overall survival: 19.38 months vs unreached, p<0.0001, Figure S5A). It was also verified in another three independent cohorts (GSE13507: 98.00 vs 134.97 months, p<0.05; GSE31684: 51.52 months vs unreached, p<0.05; GSE31684: 51.52 months vs unreached, p<0.01, Figures S5B–D). For the female BC group, in the TCGA bladder cancer cohort, the female BC patients with high nuclear MTRGs score had the worse overall survival as well (median overall survival: 16.16 vs 64.75 months, p<0.0001, Figure S5E). However, it was observed that there were no any statistically significant differences of overall survival in the cohorts of GSE13507, GSE31684, and GSE31684 (p>0.05, Figures S5F–H).




Figure 7 | Exploration of the clinical feature of gender between the high and low nuclear MTRGs score groups, and the investigation for the overall survival between the male and female BC group.





Gene Mutation Profiles in the High and Low Nuclear MTRGs Score Groups

The profiles of the top 20 most frequently mutated genes in the high and low nuclear MTRGs score group are manifested in Figure 8. It could be seen that the prevalence of genes was distinct between the high and low nuclear MTRGs score groups. The high nuclear MTRGs group demonstrated a relatively higher prevalence of TP53 (59%, Figure 8A), compared to that (37%) in the low nuclear MTRGs group (Figure 8B). However, by subsequent statistical analysis, there is no significant difference in the prevalence of TP53 as well as any other genes between the high and low nuclear MTRGs score groups (adjusted p-value>0.05, Table S1).




Figure 8 | The profiles of mutated genes between the high and low nuclear MTRGs score groups from the TCGA cohort. (A) The mutation profile of the top 20 most frequently mutated genes in the high MTRGs score group. (B) The mutation profile of the top 20 most frequently mutated genes in the low MTRGs score group.





Construction of a Nomogram

Overall, the multivariate Cox regression analysis further showed that the established nuclear MTRG-based signature was more effective to predict the prognosis of BC (p<0.001, Figure 9A). Then a nomogram was constructed by combining the nuclear MTRGs signature with clinicopathological parameters, including age at diagnosis, clinical stage, T stage, M stage, and histological grading (Figure 9B). The concordance index (C-index) of the nomogram was 0.706 (95% CI=0.648–0.764). According to the nomogram, every evaluated patient would have a nomogram score that was associated with the prognosis of BC patients. Additionally, the AUC values of 1-, 3-, 5-year OS for the nomogram were 0.76, 0.75, and 0.75, respectively, showing our model had good and stable predicting ability (Figure 9C). And the calibration plots displayed the agreement between the predicted OS and actual OS (Figure 9D).




Figure 9 | Construction and evaluation of a nomogram. (A) The multivariate Cox regression analysis for the nuclear MTRGs signature and clinical indexes. (B) The constructed nomogram to predict the OS possibilities of BC patients. (C) The ROC curves of the nomogram for OS at 1, 3, and 5 years. (D) Calibration blots indicated the agreement between the predicted OS and actual OS at 1, 3, and 5 years. *p < 0.05, ***p < 0.001.





Enrichment Analyses of Hallmark Gene Set and KEGG Pathway

To elucidate functional differences among patients from the TCGA cohort, we further investigated the high and low nuclear MTRGs score groups. By performing the hallmark gene set enrichment analysis, it was found that high nuclear MTRGs score group were highly enriched in E2F targets, G2M checkpoint, Myc targets V1, epithelial-mesenchymal transition, mTORC1 signaling, mitotic spindle, Myc targets V2, etc (p<0.05, Figure 10A). Besides, KEGG pathway enrichment analysis revealed that the high nuclear MTRGs score group had a significant abundance of cell cycle, DNA replication, mismatch repair, etc. (p<0.05, Figure 10B).




Figure 10 | The gene set enrichment analysis. (A) The enrichment analysis of Hallmark gene set, and the enrichment analysis of KEGG pathway (B) between the high and low nuclear MTRGs score groups.





Evaluation of TME in the High and Low Nuclear MTRGs Score Group

The stromal score, immune score, and ESTIMATE score represented the infiltration of stromal/immune cells. The stromal score, immune score, and ESTIMATE score were all significantly higher in the high nuclear MTRGs score group (p<0.01, Figure 11A). In addition, an estimated abundance of infiltrated immune cells via TIMER analysis revealed that CD8+ T cells, neutrophils, macrophages, and myeloid dendritic cells were significantly more enriched in the high nuclear MTRGs score group (p<0.0001, Figure 11B), whereas a significantly higher abundance of B cells was shown in the low nuclear MTRGs score group (p<0.01, Figure 11B).




Figure 11 | The immune cell infiltration in BC. (A) The analysis of the stromal score, immune score, and ESTIMATE score between the high and low nuclear MTRGs score groups. (B) The estimate of immune cell infiltration via a deconvolution algorithm of TIMER. **p < 0.01, ***p < 0.001, ****p < 0.0001, ns, not significant.






Discussions

BC is one of the most common cancers in the urinary tract, with high morbidity and mortality worldwide. Moreover, BC patients had distinct outcomes owing to the tumor heterogeneity. In recent decades, the management of BC has been unceasingly promoted, but BC patients with advanced stages still had a short survival time (27). Thus, there is much room for improvement in BC management, and effective prediction prognosis models are important and urgently needed. In this study, we explored the associations between the gene expression of nuclear MTRGs and patients’ survival. We identified a nuclear 16-MTRG signature with better specificity and sensitivity for the prognosis prediction in BC, compared to the traditional clinical biomarkers and molecular biomarkers before (8). Moreover, this signature was also significantly associated with the specific clinical features of BC, which would help the clinician in patients’ management and treatment selection. Ultimately, a more stable and reliable nomogram was established to predict the survival of BC patients.

As an intracellular organelle of eukaryotes, mitochondrion plays critical roles in cell metabolism (28). As is known, the structure and function of mitochondria are determined by mitochondrial-related genes in the cell nucleus and mitochondria. Current evidence has already demonstrated that germline mitochondrial DNA could predict the risk of bladder carcinogenesis, and their alterations were suggested as promising indicators for BC (29–31). Besides, the changes in the expression of mitochondrial genes involved in the mitochondrial electron respiratory chain were also implicated in solid tumors (32). Herein, we further explored the roles of the nuclear MTRGs in BC.

Some of the identified nuclear MTRGs have been revealed to be involved in tumor formation, progression, metastasis, and recurrence. NADH:ubiquinone oxidoreductase core subunit Fe-S protein 1 (NDUFS1) is very important to electron transfer, while altered NDUFS1 expression would lead to the decrease of mitochondrial membrane potential, the elevated production of reactive oxygen species, and corresponding tumor progression, migration, and epithelial-mesenchymal transition (33). NDUFA1, as another component in mitochondrial NADH:ubiquinone oxidoreductase (complex I), is essential for respiratory activity (34). And the downregulation of NDUFA1 was correlated with basal cell carcinoma (35). COX7B, provided cytochrome oxidase activity in cells, was demonstrated to serve as a platinum resistance biomarker in BC (36). In addition to the structural nuclear MTRGs, ATAD3, as a non-structural nuclear MTRG, has been used as the prognostic biomarker for hepatocellular carcinoma (37). The knockdown of glycyl-tRNA synthetase (GARS) could decrease the protein neddylation and cause the abnormal cell cycle (38), which were closely correlated with tumor initiation and invasiveness in the BC (39). The oncogene IARS2 could prompt the tumorigenesis of non-small-cell lung cancer (40). And the aberrant expression of mitochondrial ribosomal protein S16 (MRPS16) could facilitate tumor cell growth, migration, and invasion via activating the PI3K/AKT signaling pathway (41). Moreover, some other non-structural nuclear MTRGs, such as SUCLA2, DARS2, and TRMU, can regulate tumor cells and influence the prognosis of cancer patients (42–44). Remarkably, most of the studies focused on one single MTRG or one related signaling pathway in tumor initiation, progression, metastasis, and its correlation with the prognosis of various cancers. In our work, the complex biological processes of mitochondria were spotlighted, and the utilization of a nuclear mitochondria-related gene set will be more credible and effective to identify the prognosis of BC.

Nowadays, the clinical staging, TNM staging, and histological grading are still the most commonly used tool for the prognosis prediction and treatment strategies of BC patients (45). However, the BC heterogeneity often made it hard for clinicians to improve the management of BC and make decisions for the treatments of BC patients (14). In the present study, the prognostic nomogram was developed with the advantage of overcoming the BC heterogeneity, which could cause the inaccuracies in the prognosis prediction of BC patients. Meanwhile, the high AUC value for OS at 1, 3, and 5 years indicated confirmatory evidence that the novel constructed nomogram was trustworthy. In clinical practices, it is challenging for clinicians to make decisions for clinical staging of high-grade prostate carcinoma and/or infiltrating urothelial carcinoma in tumor tissue specimens (46). The histopathological and clinical feature analyses in the present study demonstrated that no matter if patients were male or female, had any histological variants, presented with concomitant prostate cancer or not, the higher nuclear MTRGs score nearly always predicted the worse overall survival of BC. But we found that there were no any statistically significant differences in overall survival of the BC patients with high or low nuclear MTRGs score in three cohorts, probably because the number of female samples was a little small in these cohorts, which needed further verification. For the early-stage BC patients, they have great possibilities to develop to have the relapse of disease (47), because it is lack of the reliable and precise guidelines for the early-stage BC patients when the clinicians make the treatment strategies (48, 49). The nuclear MTRGs score was the most significant risk factor responsible for the prognosis prediction of BC patients, compared to the clinicopathological indexes. Thus, it was recommended that the nuclear MTRGs score could be employed to help the management of BC, especially for the early-stage BC patients. In addition, in the present study, the nuclear MTRGs score also exhibited its potential clinical application in distinguishing the NMIBC patients and MIBC patients, which could be helpful for the clinicians as well.

Enrichment Analyses of Hallmark gene set and KEGG pathway demonstrated significant differences in many biological processes, such as E2F targets, G2M checkpoint, cell cycle, etc., which are important to tumor progression and metastasis (50). The enrichment of infiltrated immune lymphocytes, especially CD8+ T cells, indicated that patients in the high nuclear MTRGs score group were more sensitive to immune checkpoint inhibitors (51). Moreover, some therapies for BC targeted mitochondrial dysfunction are developing. For instance, a previous study designed a hybrid peptide of Bld-1-KLA as a BC-targeted therapeutic agent, which could bind to BC tumor cells and disrupt mitochondrial membrane and induce the death of BC tumor cells (52). Simultaneously, more and more targeted therapies for mitochondrial DNA, metabolic enzymes, and related proteins have been proposed to improve the outcomes of BC patients (53). Therefore, according to the findings in this work, the identified 16 nuclear MTRGs could be applied to the development of targeted therapeutics in BC patients as well.

In total, we successfully developed a nuclear MTRGs signature with 16 nuclear MTRGs, including three structural and 13 non-structural nuclear MTRGs, which had significant influences on the prognosis of BC patients. The defined scoring system based on the nuclear MTRGs signature had the capacity of not only determining the clinic risk of BC patients but also differentiating the NMIBC and MIBC patients. However, there existed some limitations in our study, as all the findings need to be further verified in more independent cohorts and prospective samples. After all, the prognostic signature, the scoring system, and the predictive nomogram were constructed based on the public databases. Besides, there are actually a lot of histopathological subtypes of BC, such as adenocarcinoma, papillary (micropapillary) carcinoma, squamous cell carcinoma, sarcomatoid, etc. (54–57). Nevertheless, the classification of BC in the TCGA cohort was limited. We have been collecting BLCA patient samples in our hospital, which is necessary to further test the prognostic signature and nomogram. In addition, the analyses of ROC curves showed the better sensitivity and specificity of the nuclear MTRGs signature, compared with those of every single nuclear MTRG. But we did not take mtDNA into investigations together in this work, though an integrated nuclear MTRGs gene set was established to identify the survival of BC patients. The mitochondrial DNA was revealed to be correlated with the carcinogenesis of the bladder, so we would explore the potential ability of prediction prognosis model with both nuclear MTRGs and mtDNA included in the future.



Conclusions

This is the first study identifying a nuclear MTRGs multigene signature and evaluating the integrated roles of nuclear MTRGs in the progression of BC patients. Moreover, a robust tool based on the expression profile of MTRGs involved in the signature was constructed for predicting the prognosis of BC patients. In addition, the analyses of clinical features and the histopathological characteristics further demonstrated the clinical applicability of the nuclear MTRGs signature and prognostic nomogram, which would help improve the BC management and contribute to the precision treatment of BC.
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Background

CD8+ T cells, vital effectors pertaining to adaptive immunity, display close relationships to the immunization responses to kill tumor cells. Understanding the effect exerted by tumor infiltration CD8+ T cells in papillary renal cell carcinoma (papRCC) is critical for assessing the prognosis process and responses to immunization therapy in cases with this disease.



Materials and Approaches

The single-cell transcriptome data of papRCC were used for screening CD8+ T-cell-correlated differentially expressed genes to achieve the following investigations. On that basis, a prognosis gene signature associated with tumor infiltration CD8+ T cell was built and verified with The Cancer Genome Atlas data set. Risk scores were determined for papRCC cases and categorized as high- or low-risk groups. The prognosis significance for risk scores was assessed with multiple-variate Cox investigation and Kaplan–Meier survival curves. In addition, the possible capability exhibited by the genetic profiles of cases to assess the response to immunization therapy was further explored.



Results

Six hundred twenty-one cell death-inhibiting RNA genes were screened using single-cell RNA sequencing. A gene signature consisting of seven genes (LYAR, YBX1, PNRC1, TCF25, MYL12B, MINOS1, and LINC01420) was then identified, and this collective was considered to be an independent prognosis indicator that could strongly assess overall survival in papRCC. In addition, the data allowed papRCC cases to fall to cohorts at high and low risks, exhibiting a wide range of clinically related features as well as different CD8+ T-cell immunization infiltration and immunization therapy responses.



Conclusions

Our work provides a possible explanation for the limited response of current immunization checkpoint-inhibiting elements for combating papRCC. Furthermore, the researchers built a novel genetic signature that was able to assess the prognosis and immunotherapeutic response of cases. This may also be considered as a promising therapeutic target for the disease.
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Introduction

Renal cell carcinoma (hereinafter abbreviated as RCC) is one of the commonest malignancies in kidney cancer, with clear cell renal carcinoma (ccRCC) accounting for more than 70% of RCC cases. Papillary RCC (papRCC) is the second most common histologic subtype after ccRCC, accounting for approximately 15% of RCC (1). For ccRCC, immunization therapy was approved for use in cases with metastatic tumors by virtue of several successful systematic studies and randomized controlled trials (2). However, little has been done with respect to identifying and validating the risk profiles associated with papRCC prognosis. This has been a key obstacle to the development of more stable and reliable prognosis markers for papRCC and, thus, to the development of appropriate therapeutic strategies to combat this disease.

For aggressive cancers, tumor infiltration of T cells refers to the most prioritized immunization cells for an effective cancer targeting. T-cell infiltration was shown to be an excellent prognosis biological marker in terms of survival of cases with ovarian cancer, colorectal cancer, and glioblastoma (3). However, a substantial level of CD8+ T cells in papRCC often indicates a poorer prognosis compared with many other forms of cancer. Previous studies have demonstrated that tumor infiltration CD8+ T cells are the primary immunization cells in papRCC as well as indicators of poor prognosis (4, 5). These opposing effects suggest that there may be various CD8+ T-cell subpopulations or some tumor infiltration CD8+ T cell dysfunction in the papRCC immunization environment. Thus, immunogene-correlated tumor infiltration CD8+ T cell may act as a vital target for identifying genetic signatures that may improve immunotherapeutic responses.

A single-cell RNA sequencing data set was explored in this study for a comprehensive assessment of the different subpopulations of immunization cell and finding a CD8+ T-cell-type particular gene in papRCC. Using a combination of RNA-seq data from a large number of papRCC cases and their corresponding clinically related data, the researchers built a gene signature for tumor infiltration CD8+ T cells with multiple machine learning algorithms. Furthermore, the researchers validated this risk-correlated gene signature using the gene expression profiles and clinically related data from an additional, independent Gene Expression Omnibus (GEO) data set. The genetic signature obtained may provide future targets for increasing our knowledge of papRCC. It may also enhance the efficacy of immunization checkpoint blockade therapies for the disease.



Material and Approaches


Human Biopsies

Cancerous biopsies were isolated from patients, to validate the feature genes identified by sequencing. In total, 8 samples were isolated from ccRCC patients and 10 were isolated from papRCC patients after surgery.



CD8+ T-Cell Estimation Within ccRCC and papRCC

For exploring the relationship between tumor infiltration CD8+ T cell and clinically related prognosis of renal carcinoma, the researchers utilized the Tumor Immunization Estimation Resource (TIMER2.0) database (http://timer.comp-genomics.org/). This was employed to analyze immunization infiltration in different cancer types by multiple immunization deconvolution approaches, which provides Cox regression investigation data and Kaplan–Meier survival curves for estimating the prognosis significance of the relevant immunization infiltrate within a wide range of cancer (6).



Identification of CD8+ T-Cell-Correlated Immunization-Correlated Gene Within Cancerous Human Kidneys

There were 72,501 single kidney cell transcriptomes including ccRCC (n = 3) and papRCC (n = 1) and adult kidneys (n = 5) (7) that were used. ccRCC and papRCC groups consisted of paraneoplastic and tumor samples.



Single-Cell RNA-Seq Information Investigation

Single-cell data from ccRCC paraneoplastic, ccRCC tumor, papRCC paraneoplastic, papRCC tumor, and non-tumor samples were integrated and normalized using the SCTransform approach and then analyzed by conducting PCA (https://satijalab.org/seurat/v3.1/integration.html) (8). This was also conducted for the integrated data sets, and cluster investigation was carried out using UMAP. The cluster investigation of single-cell data was carried out with Seurat’s graph-based clustering approach, and the resolution of the FindClusters feature was set to 0.1. Subsequently, the clusters were visualized using Uniform Manifold Approximation and Projection (UMAP), version 0.2.6.0 graphics. The R software package, Seurat (version 2.3.4), was used for the data investigation. For quality control purposes, unique molecular identifier (UMI) counts of less than 500 and those with double multiples were removed. Furthermore, cells with percentages of mitochondrial and ribosomal genes of less than 5% and 50%, respectively, were filtered out.



ccRCC and papRCC Large-Scale RNA-Seq Data Set Collection and Processing

The majority of RNA sequencing data sets for ccRCC and papRCC cases as well as their corresponding clinically related data originated from the TCGA database (https://portal.gdc.cancer.gov/) and consisted of 286 papRCC samples. TCGA samples were randomly separated into the training group and the testing group. Subtype information of papRCC samples was obtained from the cBioPortal website. The raw gene expression data set was processed. Probe ID had the annotation to gene employing the software package of Bioconductor, and the relevant platform annotation profile and the raw matrix data received log2 transformation and quantile normalization. Clinically related samples with missing values were excluded from the final investigation.



Building the CD8+ T-Cell-Correlated Gene Signature

Single-cell data were classified into cell types and divided according to their respective tissue sources. The corresponding transcriptome investigation data were compared to screen differentially expressed gene (DEGs) and to increase the efficiency of the study. A min.pct >0.25 and |Log2 (FC)| >0.5 were used for the subsequent investigation.

The correlation between papRCC tumor infiltration CD8+ T-cell-correlated DEGs and overall survival time in TCGA papRCC cases was analyzed. Univariate Cox regression investigation was carried out to identify genes associated with survival (p-value < 0.05). Subsequently, the significance of candidate genes was selected using VIMP in a randomized survival forest (RSF) algorithm. A risk score model with DEGs taken was built using multiple-variate Cox regression approaches. In addition, the Kaplan–Meier test was employed for a number of gene features and p-values (log) were determined. Receiver operating characteristic (ROC) investigation was carried out for 3- and 5-year overall survival rates, and AUC was determined to assess the specificity and sensitivity of the gene signature. In addition, to examine the robustness of the results, the papRCC tumor infiltration CD8+ T-cell-correlated gene signature was further validated.



Flow Cytometry Analysis

Briefly, biopsies were cut into pieces and digested with collagenase IV (20 mg/ml, Gibco, #17104-019) at 37 C for 1 h and incubated for another 10 min after adding 2 mM EDTA. The digested biopsies were filtered through a 100-μm cell strainer to obtain a single-cell suspension.

The cells were incubated with Fcγ receptor blocker (Invitrogen, #14-9161-73) for 10 min to block unspecific binding. Then, fluorescent-conjugated antibodies were added for surface staining. A commercial Cytofix/Cytoperm kit (BD, #554717) was used according to the instructions of the manufacturer for intracellular staining.

Fluorescent-conjugated antibodies used in this study were as follows: PE mouse-anti-human CD8 (Invitrogen, #MA1-12030), APC mouse-anti-human LYAR (LSBio, #LS-C719928), FITC rabbit-anti-human PNRC1 (LSBio, #LS−C455780), APC rabbit-anti-human RNF115 (Bioss, #bs-6757R-APC), Cy5 rabbit-anti-human YBX1 (Bioss, #bs-5921R-Cy5), FITC rabbit-anti-human TCF25 (Bioss, #bs-9604R-FITC), Cy7 rabbit-anti-human MYL12B (Bioss, #bs-19147R-Cy7), and A488 rabbit-anti-human MINOS1 (Bioss, bs-15029R-A488).



Group Investigation

To assess the relationship of risk group as well as clinically related characteristics, group investigation was carried out in terms of papRCC clinically related variable with a large variety, covering ages, genders, stages, histological types, and survival. In addition, to assess the prognosis value, multiple-variate Cox regression investigation was carried out to determine if risk scores were of prognosis significance not determined by other clinically related variables.



Statistical Investigation

With R software (version 3.6.0), this study exploited statistically related investigations. Kaplan–Meier tests and ROC analyses were carried out with the “survivor” and “survROC” software packages (9). Optimal cutoff values were determined using the “survminer” package (10). The researchers employed univariate and multiple-variate Cox regression investigations to assess the prognosis factors of interest. Hazard ratios (HR) and 95% confidence intervals (95% CI) were determined for the prognosis factors. In all statistical tests, p <0.05 was considered statistically significant.




Results


Opposite Results of CD8+ T Cells in papRCC in Comparison With ccRCC

Multiple immunization deconvolution approaches including “XCELL” (11), “TIMER” (6), “QUANTISEQ,” (12) “CIBERSORT-ABS,” and “CIBERSORT” (13) were used for estimating immunization infiltration in papRCC and ccRCC. With the univariate Cox proportional risk model, we unexpectedly discovered that a substantial amount of CD8+ T-cell infiltration was beneficial for cases with ccRCC, whereas increased CD8+ T-cell tumor infiltration posed a risk for papRCC cases (Figure 1A). Kaplan–Meier curves also showed that the survival times of the high tumor infiltration CD8+ T-cell group were significantly shorter than those for the low tumor infiltration CD8+ T-cell group with respect to papRCC, regardless of the deconvolution approach used (Figures 1B–F).




Figure 1 | Prognosis value of CD8+ T cells in papillary renal cell cancer (papRCC). (A) Heat map of multiple-variate Cox proportional risk model in terms of CD8+ T cell within papRCC. Z-score represents the risk score. (B) Kaplan–Meier survival curve investigation of CD8+ T cells in papRCC and ccRCC with TIMER (B), CIBERSORT (C), CIBERSORT-ABS (D), XCELL (E), and QUANTISEQ approaches.





scRNA-Based DEG Identification

scRNA data consisted of 72,501 tumor and non-tumor cells from papRCC, ccRCC, and non-tumor samples. With the UMAP algorithm, these mixtures could be unambiguously classified into eight cell clusters, including epithelial, malignant, dendritic, CD8+ T, malignant, unknown, and endothelial cells as well as monocytes/macrophages (Figures 2A, B). The single-cell clusters could also distinguish as to whether they were from ccRCC paraneoplastic or tumor and papRCC paraneoplastic, tumor or non-tumor samples, respectively (Figure 2C). The pie chart shows that CD8+ T cells are an important fraction of the renal immunization environment (Figure 2D), and the bars indicate that CD8+ T cells account for the major immunization cell infiltration into papRCC as well as ccRCC tumors (Figure 2E). Subsequently, 621 papRCC tumor infiltration CD8+ T-cell-correlated DEGs were screened based on the selection criteria set out in the Method and Approaches section (Figure 2F). The results of KEGG enrichment of these DEGs indicated that papRCC downregulated many of the T-cell function significantly, indicating a complex defective profile of the tumor-infiltrated T cells in the papRCC (Figure 2G).




Figure 2 | Identification of papRCC tumor infiltration CD8+ T-cell-correlated genes. (A) View of a single-cell sample from a RCC case; annotated UMAP plots to identify a total of eight different cell types including epithelial cells, malignant cells, monocytes/macrophages, dendritic cells, CD8+ T, malignant cells, unknown cells, and endothelial cells. (B) Views of single cell from tumor-free, ccRCC paraneoplastic, ccRCC tumor, papRCC paraneoplastic, and papRCC tumor samples, respectively. (C) Violin plots to demonstrate CD8+ T cells. (D) Pie charts of the seven different cell types. (E) Bar graphs of the cell proportions of eight different cell types from tumor-free, ccRCC paraneoplastic, ccRCC tumor, papRCC paraneoplastic, and papRCC tumor samples, respectively. (F) Volcano plot of the differentially expressed genes (DEGs) in papRCC tumor infiltration CD8+ T cells. (G) Bar graph showed the results of KEGG pathway enrichment of DEGs in the papRCC tumor infiltration CD8+ T cells.





Gene Signature From the Infiltrated CD8+ T Cells

In total, RNA sequencing data and clinically related data from 283 eligible papRCC cases were obtained from the TCGA data sets. A total of 621 DEGs were filtrated for univariate Cox regression study and 23 of these correlated with papRCC survival significantly (p < 0.05) (Figure 3A). With the RSF algorithm, the top significant genes, LYAR, YBX1, PNRC1, RNF115, TCF25, MYL12B, MINOS1 and LINC01420, were screened (Figure 3B). Violin plots of the scRNA data set revealed high expression levels of these genes (Figure 3C).




Figure 3 | Construction of a CD8+ T-cell-correlated prognosis gene signature. (A) Volcano plot showing Cox regression investigation of survival-correlated papRCC-infiltrating CD8+ T-cell DEGs. (B) Forest plot lines of the top genes as screened by random survival forest investigation. (C) Violin plots showing the expression of the top genes in different cell types.



To investigate the gene expression of the signature genes in the samples from a large amount of patient samples, we performed the cell-type-level expression analysis using GEPIA (Gene Expression Profiling Interactive Analysis) (http://gepia2021.cancer-pku.cn/sub-expression.html). We found most of the signature genes in the analysis, which displayed a higher level in papRCC-infiltrating CD8+ T cells compared with ccRCC-infiltrating CD8+ T cells (Figure 4A). Only MINOS1 and LINC01420 were not detectable. However, we could validate that the level of MINOS1 on CD8+ T cells isolated from papRCC biopsy samples is higher than the cells from ccRCC samples. Also, we detected a higher level of LYAR, YBX1, PNRC1, RNF115, and TCF25 on papRCC CD8+ T cells compared with that on ccRCC CD8+ T cells (Figure 4B), while MYL12B and LINC01420 antibodies were not available. These data suggested a specificity of the current signature genes for papRCC CD8+ T cells.




Figure 4 | Expression levels of prognosis signature markers in the ccRCC- and papRCC-infiltrated CD8+ T cells. (A) Boxplots compare the gene expression of prognosis signature markers in the ccRCC- and papRCC-infiltrated CD8+ T cells. (B) Histograms compare the protein levels of prognosis signature markers in the ccRCC- and papRCC-infiltrated CD8+ T cells. *p<0.05 and **p<0.01.



To study the clinical relevance of each individual gene of the signature, we performed survival analysis based on the expression status of the gene in the TCGA data set of papRCC (282 samples) or ccRCC (516 samples) and plotted a Kaplan–Meier curve (Figure 5). Consistent with previous hazard ratio analyses, TCF25, MYL12B, and MINOS1 expressions correlated with a reduced risk (Figures 5A–C), while LYAR, YBX1, PNRC1, and LINC01420 showed a high risk (Figures 5E–H). The only exceptional one was RNF115, which showed a contradicting result in the multi-gene and single-gene analyses (Figure 5D). Concerning the less significance of RNF115 in the hazard ratio analyses, we excluded RNF115 from the gene signature.




Figure 5 | Survival analysis based on the single signature gene. Kaplan–Meier curves show the risk definition of TCF25 (A), MINOS1 (B), MYL12B (C), RNF115 (D), LINC01420 (E), YBX1 (F), PNRC1 (G), and LYAR (H) in the papRCC (left column) and ccRCC (right column) TCGA samples.



A risk scoring system was then built using these seven genes by applying multiple-variate Cox investigation on the TCGA data set. Based on the formula obtained, a risk score could be determined for each case. The papRCC cases in the TCGA data set were then divided into high-risk and low-risk groups by applying the optimal cutoff values for the risk scores. Kaplan–Meier curves showed that cases in the high-risk group had shorter survival times than those in the low-risk group (Figure 6A). Using subtype information from cBioPortal website, we could divide the samples into type 1 and type 2 papRCC. The current risk markers worked significantly in type 2, but not in type 1 papRCC (Figures 6B, C), which is validated also in the testing groups (Figures 6D–F). For estimating the predictive power of the genetic characteristics, ROC curves obtained from the papRCC cases were plotted and AUCs of 0.854 and 0.77 were obtained for 3 and 5 years, respectively (Figure 6G). The AUC area is getting more pronounced in type 2, but not in type 1 papRCC (Figures 6H, I). This has been confirmed in the testing groups as well (Figures 6J–L). These data, taken together, indicated that the current gene signature is more suitable for type 2 papRCC. In comparison to papRCC, there was no clear difference between the two groups with respect to survival for the ccRCC cases (Figure 6M). The ROC curves obtained for the ccRCC cases were less significant (Figure 6N).




Figure 6 | Validation of prognosis gene labels for papRCC and subtypes. Kaplan–Meier (KM) investigation of the risk group defined with CD8+ T-cell-correlated gene tags in the TCGA training data set for (A) the general papRCC, (B) type 1 papRCC, and (C) type 2 papRCC. KM investigation of the risk model for CD8+ T-cell-correlated gene labels in the TCGA testing data set for (D) the general papRCC, (E) type 1 papRCC, and (F) type 2 papRCC. Three- and 5-year receiver operating characteristic curves from the TCGA training data set for (G) the general papRCC, (H) type 1 papRCC, and (I) type 2 papRCC. Three- and 5-year ROC curves from the TCGA testing data set for (J) the general papRCC, (K) type 1 papRCC, and (L) type 2 papRCC. (M) KM investigation of the risk model for CD8+ T-cell-correlated gene labels in the TCGA data set of ccRCC. (N) Three- and 5-year ROC curves from the ccRCC TCGA data set.





Risk Distribution and Clinically Related Factor in the TCGA Data Set

papRCC cases in the TCGA data set were categorized into high- or low-risk groups using the best cutoff values. The box plots shows that not only age, sex and survival status (Figure 7A), but also the clinically related stage of the disease and the pathological and pathological T-stages (Figure 7B) correlated with the risk scores for individual cases. Furthermore, we also investigated this correlation in the type 1 and type 2 papRCC separately (Figures 7C–F). Similar to the survival observation, type 2 papRCC exhibited a tighter correlation with the clinical factors compared with type 1 papRCC. In addition, in order to compare the prognosis to general factors, risk scores for the genetic characteristics and clinically related variables were analyzed by multiple-variate Cox regression investigation. The forest plots showed that age, sex, clinically related stage, pathological stage, and pathological T stage were all correlated with the risk group results (Figure 7G). However, the genetic characteristics displayed a higher significance compared with the general risk factors.




Figure 7 | Relationship between risk scores and clinically related characteristics. (A) Distribution of risk scores as assessed by age, sex, and survival status in the papRCC. (B) Risk score distributions for clinically related stage, pathological stage, and pathological T stage in the papRCC. (C) Distribution of risk scores as assessed by age, sex, and survival status in type 1 papRCC. (D) Risk score distributions for clinically related stage, pathological stage, and pathological T stage in type 1 papRCC. (E) Distribution of risk scores as assessed by age, sex, and survival status in type 2 papRCC. (F) Risk score distributions for clinically related stage, pathological stage, and pathological T stage in type 2 papRCC. (G) Multiple-variate Cox regression forest plots of risk scores and clinically related characteristics in the GSE2748 data set.





Relationship Between Risk Groups and Immune Checkpoints

Risk scores of papRCC data and subtypes were evaluated according to gene signatures that were established in the scRNA and TCGA data sets. Correlation of risk scores with immune checkpoints, including CTLA4, LAG3, PDCD1, PDCD1LG2, TIGIT, and HAVCR2, was assessed (Figures 8A, B). Type 1 (Figures 8C, D) and type 2 (Figures 8E, F) data were assessed accordingly. Although all the immune checkpoints showed a tendency of upregulation in the high-risk group, only PDCD1LG2 and TIGIT were significantly increased, in both type 1 and type 2 papRCC, suggesting a correlation of both subtypes with the immune microenvironment.




Figure 8 | Relationship between risk groups and immune checkpoints. Gene expression of (A) CTLA4, LAG3, and PDCD1 and (B) PDCD1LG2, TIGIT, and HAVCR2 in the high-/low-risk groups of papRCC. Gene expression of (C) CTLA4, LAG3, and PDCD1 and (D) PDCD1LG2, TIGIT, and HAVCR2 in the high-/low-risk groups of type 1 papRCC. Gene expression of (E) CTLA4, LAG3, and PDCD1 and (F) PDCD1LG2, TIGIT, and HAVCR2 in the high-/low-risk groups of type 2 papRCC.






Discussion

Using a univariate Cox proportional risk model, we discovered that substantial levels of CD8+ T-cell infiltration were beneficial for cases with ccRCC, whereas they posed a risk for papRCC cases. In this study, we explored the tumor immunization environment using single-cell sequencing and screened for CD8+ T-cell-specific gene features between ccRCC and papRCC. In addition, the researchers built a prognosis genetic signature that divided the overall survival of papRCC into two risk groups. High-risk cases had poorer prognosis. The prognosis gene signature consists of seven genes: four with high risk and three with low risk. Furthermore, the correlation between CD8+ T-cell genetic traits and clinically related parameters was investigated in both TCGA training and testing data sets, to demonstrate the accuracy of genetic traits for prognosis prediction (Figure 9). The results showed that risk scores for genetic features were strongly associated with most of the clinically related parameters except for metastasis. In conclusion, multiple-variate Cox regression investigation also indicated that risk scores for genetic characteristics could be used as an independent prognosis factor for papRCC, especially for type 2 papRCC.




Figure 9 | Workflow of the current study.



The prognosis signature was made up of seven unique genes. Of these genes, the cell growth-regulating protein, LYAR, was often downregulated in tumor-infiltrated lymph nodes (14). YBX-1 levels had been reported in a number of human malignancies and were shown to be associated with poor prognosis and disease recurrence (15). Linc01420 was often upregulated and it could contribute to the progression of pancreatic, nasopharyngeal, and thyroid cancer in cases (16–18). Several groups have previously developed signatures to be used to determine the prognosis of papRCC at the molecular level. However, none of these took into account the tumor immunology of papRCC. Recently, researchers built prognosis signatures of 15 immunization genes to assess survival outcomes of papRCC cases, and the value of immune-correlated prognosis signatures for this disease was shown (19). Another immune-correlated gene signature was built based on immune-correlated gene pairs with a panel of 22 unique genes (4). However, our current prognosis signature is the only one based on CD8+ T cells with scRNA and consists of only seven genes. Therefore, the use of the current gene signature allows the possibility for its combination with the status of CD8+ T-cell infiltration observed in papRCC cases.

It is well known that the successful application of immune checkpoint blockade is attributed to the ability of the antitumor immune response, which largely depends on CD8+ T cells at the site of tumor infiltration. However, renal tumors often exhibit CD8+ T-cell exhaustion (20), which might explain the observation that the high number of CD8+ T cells suggests instead a low overall survival rate of papRCC patients. Bulk RNA sequencing of tumor tissues does not well represent the genomic signature of CD8+ T cells. Therefore, this study explored the tumor immune environment using single-cell sequencing to construct a prognostic genetic signature. Importantly, we found that risk scores were significantly positively correlated with immune checkpoint expression, which may facilitate the screening of patients for immunotherapy.

Our study does have some limitations. More than half of the TCGA samples have unknown subtypes, and therefore, both training and testing data sets in the subtypes consisted of relatively few samples. In addition, our study was retrospective. In the future, researchers need more prospective studies to further apply and validate our findings. Subsequently, researchers need to perform more studies to explore how to simplify the gene signature and how to integrate these findings into existing clinicopathological factors in order to improve the ease of its use and accuracy in clinically related applications.
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N6-Methyladenosine (m6A) is the most widespread internal RNA modification in several species. In spite of latest advances in researching the biological roles of m6A, its function in the development and progression of bladder cancer remains unclear. In this study, we used MeRIPty -55-seq and RNA-seq methods to obtain a comprehensive transcriptome-wide m6A profiling and gene expression pattern in bladder cancer and paired normal adjacent tissues. Our findings showed that there were 2,331 hypomethylated and 3,819 hypermethylated mRNAs, 32 hypomethylated and 105 hypermethylated lncRNAs, and 15 hypomethylated and 238 hypermethylated circRNAs in bladder cancer tissues compared to adjacent normal tissues. Furthermore, m6A is most often harbored in the coding sequence (CDS), with some near the start and stop codons between two groups. Functional enrichment analysis revealed that differentially methylated mRNAs, lncRNAs, and circRNAs were mostly enriched in transcriptional misregulation in cancer and TNF signaling pathway. We also found that different m6A methylation levels of gene might regulate its expression. In summary, our results for the first time provide an m6A landscape of human bladder cancer, which expand the understanding of m6A modifications and uncover the regulation of mRNAs, lncRNAs, and circRNAs through m6A modification in bladder cancer.




Keywords: m6A (N6-methyladenosine), MeRIP-seq, bladder cancer, mRNA, lncRNA, circRNA



Introduction

Bladder transitional cell carcinoma (TCC) is the most common urothelial tumor in urology departments in China. The vast majority originated from epithelial tissue, and TCC accounts for more than 90% (1–3). At present, the diagnosis of bladder transitional cell carcinoma mainly relies on invasive cystoscopy and pathological biopsy. The biggest difficulty in the treatment of bladder cancer is its easy recurrence. Early detection of bladder cancer can improve the chances of bladder preservation and overall survival. After bladder-sparing tumor resection, even with regular infusion of chemotherapy into the bladder, there is still a 10% to 40% recurrence rate, and some of them also show grade, stage progression, or metastasis (4, 5). Recent studies have shown that the occurrence and development of urothelial carcinoma of the bladder are closely related to changes in DNA methylation levels (6). A great deal of research has been done on the pathogenesis of bladder cancer, and numerous pathways and mechanisms involved in the progression of bladder cancer have been discovered, such as proto-oncogene activation, tumor-suppressor gene inactivation (point mutation, rearrangement, deletion), and chromosomal abnormalities (7, 8). However, many molecular mechanisms involved in the development and progression of bladder cancer remain unclear. Therefore, clarifying the molecular mechanism of the occurrence and progression of bladder cancer provides an experimental basis for the discovery of new molecular biological markers of bladder cancer and has important significance and application value for improving the survival rate of patients with bladder cancer.

More than 100 types of RNA modifications have been confirmed in mammalian cells, among which N6-methyladenosine methylation modification is the most common in mRNA and non-coding RNA (9). In recent years, the application of transcriptomic MeRIP-seq technology and the confirmation of m6A demethyltransferase and methyltransferase complex have provided a new sight for the study of the biological function of m6A, as well as the diversity of biological functions regulated by them. It is proved that m6A is a dynamic and reversible RNA modification mode (10–12). In the nucleus of cells, the m6A modification of mRNA is dynamically catalyzed by the methyltransferases METTL3 and METTLl4, as well as the demethyltransferase FTO and ALKBH5 (13). MeRIP-seq revealed that m6A methylation modification was widely distributed in the transcription region, and there was about one m6A modification site in every 2,000 base pairs. There are about 12,000 m6A loci in more than 7,000 human genes, with an average of one to three loci in each transcript, which exist in the conserved sequence RRACH (R=A, G; H=A, C or U), and mostly located near the stop codon, 3′-UTR, and long exon of transcript (14, 15).

Transcriptome refers to the collection of all RNA that is transcribed in a specific tissue or cell at a certain developmental stage or functional state, including protein-coding mRNA and non-coding RNA (16, 17). A large number of studies have shown that m6A methylation modification is involved in the regulation of RNA processing, growth and development of the body, the occurrence of diseases, and other physiological and pathological processes. In addition, it also plays an important role in the occurrence and development of leukemia, malignant glioma, lung cancer, liver cancer, breast cancer, and other malignant tumors (18–21). These studies have shown that abnormal mRNA and non-coding RNA epigenetic modification leads to abnormal oncogene expression, and there may be an internal relationship between m6A methylation and malignant transformation of cells. However, the exact mechanism and its role in tumorigenesis have not been clarified. In this study, we used MeRIP-seq and RNA-seq to research the difference of mRNA, lncRNA, and circRNA expression levels and m6A methylation levels between bladder cancer tissues and normal adjacent tissues. This proved that abnormal m6A methylation modifications in bladder cancer might directly modulate gene expression. Finally, we hope this study will facilitate further investigations of potential roles of m6A modification in bladder cancer pathogenesis.



Results


General Features of m6A Methylation Modification in Bladder Cancer Tissues and Tumor-Adjacent Normal Tissues

Human bladder cancer tissues and tumor-adjacent normal tissues from five patients were used for MeRIP-seq analysis. In tumor tissues, we detected a total of 10,601 m6A peaks within mRNAs (Figure 1A), 576 m6A peaks within lncRNAs (Figure 1B), and 3,116 m6A peaks within circRNAs (Figure 1C). While in adjacent normal tissues, there were a total of 9,198 m6A peaks within mRNAs (Figure 1A), 334 m6A peaks within lncRNAs (Figure 1B), and 1460 m6A peaks within circRNAs (Figure 1C). Among them, 8,460 m6A peaks within mRNAs (Figure 1A), 292 m6A peaks within lncRNAs (Figure 1B), and 1,004 m6A peaks within circRNAs (Figure 1C) were overlapped between adjacent normal and tumor tissues and shown by a Venn diagram. Compared with normal tissues, 4,537 new peaks appeared in tumor tissues, and 1,236 peaks disappeared, indicating that the global m6A modification patterns were significantly different between two groups (Figures 1A–C). We then examined the distribution of m6A methylation modifications in the human transcriptome. We found that most of methylated sequences within mRNA, lncRNA, and circRNA in adjacent normal and tumor tissues contained less than five m6A peaks, while few of them contained five or more sites (Figures 1D–F). The top 10 hypermethylated and hypomethylated m6A-modified peaks for bladder cancer tissues are listed in Tables 1, 2.




Figure 1 | Overview of N6-methyladenosine methylation within mRNAs, lncRNAs, and circRNAs in bladder cancer tissues and adjacent normal tissues. (A–C) Venn diagram showing the overlapped m6A peaks within mRNAs (A), lncRNAs (B), and circRNAs (C) between the two groups. (D–F) Proportion of mRNAs (D), lncRNAs (E), and circRNAs (F) harboring different numbers of m6A peaks in two groups.




Table 1 | The top 10 hypermethylated m6A-modified peaks for bladder cancer tissues compared to normal tissues.




Table 2 | The top 10 hypomethylated m6A-modified peaks for bladder cancer tissues compared to normal tissues.





Distribution of m6A Modification in Bladder Cancer Tissues and Tumor-Adjacent Normal Tissues

To study whether the m6A peaks recognized by us had conserved the RRACH motif, we performed the HOMER motif software to analyze the m6A peaks that we identified from the MeRIP-seq data. In the normal and tumor groups, the motif sequence was GGACU and GGACC, respectively (Figure 2A). This showed that there was a difference of m6A motif in tumor and adjacent normal tissues, but their motif sequences were similar to those previously identified. To make clear the priority position of m6A in the whole transcriptome of bladder cancer tissues and adjacent normal tissues, we then studied the metagene profiles of transcript peaks in the two groups. We observed that the m6A peaks were mostly located at the end of the 5′UTRs and start of the 3′UTRs in tumor tissues and adjacent normal tissues (Figure 2B). In addition, we found that the proportion of m6A peaks located at CDS was the highest and the proportion of m6A peaks located at TSS was the least in both tissues (Figures 2C, D).




Figure 2 | Characteristics of m6A peaks within mRNAs, lncRNAs, and circRNAs in bladder cancer tissues and adjacent normal tissues. (A) Sequence motif of m6A-containing peak regions in tumor and adjacent normal tissues respectively. (B) The metagene profiles of transcripts peaks in tumor and adjacent normal tissues. (C, D) The proportion of m6A peaks in the whole transcriptome of tumor and adjacent normal tissues.



To obtain the distribution profiles of all differentially m6A methylated mRNAs, lncRNAs, and circRNAs across chromosomes, the containment of differentially methylated m6A sites harbored by chromosomes was classified by respective chromosome. This result showed that hypermethylated and hypomethylated m6A sites within mRNAs were primarily located on chromosomes 1, 2, and 19 (Figure 3A). Hypermethylated and hypomethylated m6A sites within lncRNAs were primarily located on chromosomes 11, 12, and X (Figure 3B). Moreover, hypermethylated and hypomethylated m6A sites within circRNAs were primarily located on chromosomes 1, 2, and 3 (Figure 3C). Totally, the top three chromosomes containing the differentially methylated m6A sites were chromosomes 1, 2, and 19. Then, these hypermethylated and hypomethylated m6A sites within mRNAs, lncRNAs, and circRNAs were classified by five regions. For both hypermethylated and hypomethylated mRNAs, lncRNAs, and circRNAs, the fold change of the start codon region was the highest (Figures 3D–F). These results of the distribution of m6A modifications were similar to those of previous studies.




Figure 3 | Distribution of differentially methylated N6-methyladenosine sites between bladder cancer tissues and adjacent normal tissues. (A–C) Chromosomal distribution of all differentially methylated N6-methyladenosine sites within mRNAs (A), lncRNAs (B), and circRNAs (C). (D–F) Statistics of fold change of differentially methylated N6-methyladenosine peaks within mRNAs (D), lncRNAs (E), and circRNAs (F) in five segments.





Functional Analysis of Differentially m6A Methylated mRNAs, lncRNAs, and circRNAs Between Two Groups

Differentially m6A methylated mRNAs, lncRNAs, and circRNAs were identified between bladder cancer tissues and adjacent normal tissues based on |log2FC| > 1 and p-value < 0.05. Totally, volcano plots showed 2,331 hypomethylated and 3,819 hypermethylated mRNAs (Figure 4A), 32 hypomethylated and 105 hypermethylated lncRNAs (Figure 4B), and 15 hypomethylated and 238 hypermethylated circRNAs (Figure 4C) in bladder cancer tissues compared to adjacent normal tissues. To uncover the functions of m6A methylation modification in bladder cancer, differentially methylated mRNAs, lncRNAs, and circRNAs between tissues were selected for Gene Ontology enrichment analysis and Kyoto Encyclopedia of Genes and Genomes pathway analysis. The results of GO analysis showed that differentially m6A methylated mRNAs were mostly enriched in regulation of transcription and RNA splicing (Figure 4D), differentially m6A methylated lncRNAs were mostly enriched in protein binding and cell cycle (Figure 4E), and differentially m6A methylated circRNAs were mostly enriched in the transcription process and nucleic acid binding (Figure 4F). Furthermore, KEGG pathway analysis showed that differentially m6A methylated mRNAs were mostly involved in TNF signaling pathway and transcriptional misregulation in cancer (Figure 4G), differentially m6A methylated lncRNAs were mostly enriched in pathways in cancer and endocytosis (Figure 4H), and differentially m6A methylated circRNAs were mostly enriched in spliceosome and mRNA surveillance pathway (Figure 4I). In summary, we found that differentially m6A methylated genes identified from bladder cancer tissues were involved in important biological processes and pathways.




Figure 4 | Gene ontology and KEGG pathway analyses of genes harboring differentially methylated N6-methyladenosine sites. (A–C) Volcano plots showing differentially m6A-modified mRNAs (A), lncRNAs (B), and circRNAs (C) based on |log2FC| > 1 and p-value < 0.05. In volcano plots, red blots represent hypermethylation and blue blots represent hypomethylation. (D–F) Gene ontology functional enrichment analysis results of differentially methylated m6A sites-contained mRNAs (D), lncRNAs (E) and circRNAs-associated (F) genes. (G–I) KEGG pathway analysis results of differentially methylated m6A sites-contained mRNAs (G), lncRNAs (H), and circRNAs-associated genes (I).





Conjoint Analysis of MeRIP-seq and RNA-seq Results Between Two Groups

By conjoint analysis of the results from MeRIP-seq and RNA-seq between tissues, we found that there were 34 hypermethylated and upregulated (hyper-up) genes, 15 hypomethylated and downregulated (hypo-down) genes, 76 hypermethylated and downregulated (hyper-down) genes, and 51 hypomethylated and upregulated (hypo-up) genes in bladder cancer tissues compared to adjacent normal tissues (Figure 5A). To further analyze whether m6A methylation affects gene expression, we divided all expressed transcripts into m6A transcripts and non-m6A transcripts, calculated the log two-fold change (log2FC) values of these transcripts, and generated a cumulative curve. The result revealed that the proportion of transcripts modified by m6A was larger than that of transcripts not modified by m6A, especially in terms of the log2FC of the transcript FPKM value between 0 and 20 (Figure 5B). This result promoted us to investigate the general locations of differentially methylated m6A sites within bladder cancer- or other tumor-related genes in bladder cancer tissues compared to adjacent normal tissues. For instance, sphingomyelin phosphodiesterase 4 (SMPD4) was overexpressed in the late stage of clear cell renal cancer and acted as a biomarker for discriminating the early and late stages of ccRCC (22). We found that the m6A peak was enriched around the 5′UTR of SMPD4 in the tumor group of bladder cancer not in adjacent normal tissues (Figure 5C). Moreover, interferon-induced transmembrane protein 2 (IFITM2) promotes gastric cancer growth and metastasis (23), within which m6A was hypomethylated (bladder cancer tissues vs. normal adjacent tissues) and enriched in coding sequence (CDS) (Figure 5D). Within lncRNA PCAT1, a significantly hypermethylated m6A peak enriched in exon 2 was shown in tumor tissues (Figure 5E) and has been reported to suppress castration-resistant prostate cancer progression by activating AKT and NF-κB signaling (24). Circular RNA circ-HIPK3 is downregulated and suppresses cell proliferation, migration, and invasion in osteosarcoma (25) and shows a significantly hypomethylated m6A peak in the tumor group (Figure 5F).




Figure 5 | Conjoint analysis of differentially methylated genes and differentially expressed genes. (A) Four-quadrant diagram showed the differentially methylated genes and differentially expressed genes in tumor and adjacent normal tissues. (B) Cumulative distribution of gene expression between tumor and adjacent normal tissues for m6A transcripts (red) and non-m6A transcripts (black). (C–F) Integrative Genome Viewer (IGV) software showed representative differentially methylated mRNAs (SMPD4 and IFITM2), lncRNA (PCAT1), and circRNA (circ-HIPK3) in tumor and adjacent normal tissues.





Expression of Candidate Genes Correlates With Worse Overall Survival in Bladder Cancer Patients

To further confirm the results of our m6A-seq data, we conducted gene-specific m6A-IP qPCR assays for 10 hypermethylated (ST18, FOXN1, SMPD4, MSTN, LINC00482, LINC01719, GRASP, STC2, CLP1, and SGK2) and 10 hypomethylated genes (S100A4, MZB1, SFTPB, GALNT5, CACYBP, WNT5A, PRR16, NR4A2, GLIPR1, and KIAA1551) which might participate in tumor progression in bladder cancer. We observed the almost same m6A-level changes in these genes, confirming the validity of our MeRIP-seq results (Figure 6A). Sequentially, transcript levels of the abovementioned genes (ST18, FOXN1, SMPD4, MSTN, LINC00482, S100A4, MZB1, SFTPB, GALNT5, and CACYBP were upregulated genes, LINC01719, GRASP, STC2, CLP1, SGK2, WNT5A, PRR16, NR4A2, GLIPR1, and KIAA1551 were downregulated genes) were also measured in five pairs of bladder cancer and adjacent normal tissues by RT-qPCR (Figure 6B). Results showed a similar tendency of transcript levels with RNA-seq data in two groups, which validated our RNA-seq results. To confirm the clinical significance of the candidate genes discovered in this study, Kaplan–Meier analysis extracted from the TCGA database was explored. We found that a low expression of METTL14 (a m6A methyltransferase), SMPD4, and SGK2, but a high expression of ALKBH5 (a m6A de methyltransferase), LINC00482, and HIPK3, showed a tendency to associate with worse overall survival in bladder cancer patients (Figures 6C–H).




Figure 6 | Prognostic value of the survival-associated gene signature in bladder cancer patients. (A) Validations of the m6A enrichments of 10 hypermethylated genes and 10 hypomethylated genes by m6A-immunoprecipitation (IP)-qPCR. (B) Validations of the mRNA expression levels of 10 upregulated genes and 10 downregulated genes by RT-qPCR. (C–H) The low expressions of METTL14 (C), SMPD4 (E), and SGK2 (F) in mRNA level correlate with worse overall survival in bladder cancer patients. The high expression of ALKBH5 (D), LINC00482 (G), and HIPK (H) expression levels showed a tendency to correlate with worse overall survival in bladder cancer patients. *p < 0.05, **p < 0.01.






Discussion

N6-methyladenosine (m6A) is the most common mRNA modification in eukaryotic cells of all higher animals (26). It is involved in various physiological and pathological processes by regulating mRNA transcription, processing, and other metabolic processes (27–32). At present, MeRIP-seq was used to study the distribution sites and expression levels of m6A on transcripts in mammalian cells, and it was found that m6A was distributed in the entire transcriptome including mRNA and non-coding RNA, mainly concentrated in the 3′-UTR and near the transcriptional stop codon (14). Studies have shown that m6A is dynamically regulated by methyltransferase and demethyltransferase, but the biological function of m6A in cancer is not yet fully understood (33). In this study, bladder cancer tissues and normal adjacent tissues were created to assess the m6A state, which revealed big differences between the tumor and adjacent normal groups, supporting the dynamic characteristic of m6A modification.

In the current study, we figured out that m6A modification in tumor and adjacent normal tissues mainly occurs in the motif, GGACC and GGACU, respectively, which is similar to the previous data. Moreover, transcript methylated peaks are mainly located at CDS. Almost 85% of methylated genes have one to five m6A methylated sites, and others contain over five m6A methylated sites in mRNAs, lncRNAs, and circRNAs of tumor and adjacent normal tissues. In addition, differentially methylated genes between tumor and adjacent normal tissues were detected and shown to be involved in many important biological pathways such as pathways in cancer, transcriptional misregulation in cancer, TNF signaling pathway, and hippo signaling pathway. Studies have reported that TNF-alpha induced MMP-9 expression in bladder cancer cells by activating the transcription factor NF-kappaB, which is involved in the p38 MAP kinase-mediated control of MMP-9 regulation (34). Another study reported that the Hippo signaling pathway is a conserved pathway that plays a crucial role in cellular proliferation, differentiation, and apoptosis in bladder cancer (35). A combined analysis of our MeRIP-seq and mRNA-seq data revealed 34 hyper-up genes, 15 hypo-down genes, 76 hyper-down genes, and 51 hypo-up genes in the tumor group compared with the adjacent normal group; these genes may play critical roles in the development of bladder cancer. Moreover, some of these genes were reported to facilitate tumor growth and metastasis in different kinds of cancers. For example, SMPD4 was overexpressed in the late stage of clear cell renal cancer and acted as a biomarker for discriminating early and late stages of ccRCC (22), but its function in bladder cancer is unclear. In this study, we found that SMPD4 was hypermethylated and upregulated in bladder cancer tissues in comparison to normal adjacent tissues, and a low expression of SMPD4 showed a tendency to associate with worse overall survival in bladder cancer patients. Our data indicate that m6A methylation could participate in tumor progression through the modification of tumor-related genes. However, further experiments should be required to confirm these results.

m6A modification is involved in almost every step in mRNA metabolism. Furthermore, it also affects the processing of lncRNAs and circRNAs. Our findings provide the first m6A modification landscape in bladder cancer. Differentially expressed mRNAs with hyper-methylated or hypo-methylated m6A modifications are identified, which may help observe the mechanisms of m6A-mediated gene expression regulation. In further studies, we will evaluate the biological relevance and clinical value of m6A in bladder cancer.



Materials and Methods


Patients and Samples

Five pairs of bladder cancer tissues and adjacent non-malignant tissues with patients’ informed consent were obtained from the Urology Department of Peking University First Hospital (PKUFH), Beijing, China. This study followed the Helsinki declaration and was approved by the Institutional Ethical Review Board of PKUFH. Samples were collected immediately in the operating room after surgical removal and were stored in liquid nitrogen after rapid freezing in liquid nitrogen for the following RNA isolation.



MeRIP-seq and RNA-seq of the Whole Transcriptome

MeRIP-seq and RNA-seq were performed at CloudSeq Biotech, Inc. (Shanghai, China) (36–38) and as described previously. Briefly, total RNAs were isolated from five pairs of bladder cancer tissues and normal adjacent tissues using TRIzol (Invitrogen). Then, total RNA was fragmented into almost 100 nt and were incubated with anti-m6A antibody (Manga) for 2 h at 4°C. Then, the beads were prepared and incubated with the total RNA for 2 h at 4°C. Finally, the mixture was washed and the m6A-bound RNA was purified with TE buffer. After being purified, the samples were used to construct the library by Prep Kit (Illumina) on HiSeq 3000.



MeRIP-seq and Data Analysis

Total RNA was extracted from the two groups of cells by using TRIzol Reagent (Life Technologies). The quality and quantity of total RNA were assessed by using NanoDrop ND 2000 (Thermo Fisher Scientific, MA, USA). The RNA integrity was measured using denaturing agarose. Seq-Star T M poly(A) mRNA Isolation Kit (Arraystar, MD, USA) was used to isolate mRNA from total RNA. The GenSeq™ m6A RNA IP Kit (GenSeq Inc., China) was used to perform m6A RNA immunoprecipitation by following the manufacturer’s instructions. The input samples without immunoprecipitation and the m6A IP samples were both used for library construction with NEBNext Ultra II Directional RNA Library Prep Kit (New England Biolabs, Inc., MA, USA). The library quality was evaluated with the Bioanalyzer 2100 system (Agilent Technologies Inc., CA, USA). Library sequencing was performed on an Illumina HiSeq instrument with 150-bp paired-end reads.

Paired-end reads were harvested using the Illumina HiSeq 4000 sequencer and were quality controlled by Q30. After 3′ adaptor-trimming, low-quality reads were removed by Cutadapt software (v1.9.3). First, clean reads of all libraries were aligned to the reference genome (HG19) by Hisat2 software (v2.0.4). Methylated sites on RNAs (peaks) were identified by MACS software (39). Identified m6A peaks were subjected to motif enrichment analysis by HOMER (40), and metagene m6A distribution was characterized by R package MetaPlotR (41). Differentially methylated sites (fold change ≥2 and p < 0.05) were identified by diffReps (42). These peaks identified by software overlapping with exons of mRNA were figured out and chosen by homemade scripts. Genes of interest were visualized in the IGV (Integrative Genomics Viewer) software (v2.3.68) (43). The gene ontology (GO) analysis and pathway enrichment analysis were performed on the differentially methylated protein-coding genes by using the GO (www.geneontology.org) and Kyoto Encyclopedia of Genes and Genomes (KEGG) databases (www.genome.jp/kegg). Clinical survival data (including expression level and survival time) were downloaded from the TCGA database (https://cancergenome.nih.gov/).



RNA-seq and Data Analysis

Total RNA was extracted from biological samples using TRIzol Reagent (Life Technologies) according to the manufacturer’s protocol. Denatured agarose gel electrophoresis was applied to evaluate the integrity of total RNA. Seq-Star TM poly(A) mRNA Isolation Kit (Arraystar, MD, USA) was used to purify mRNA from total RNA after confirming its quantity and quality by NanoDrop ND-2000. Then, fragmented mRNA was subjected to 50-bp single-end sequencing with a BGISEQ-500 platform. Adapter and low-quality reads were trimmed by SOAPnuke (44), and trimmed reads were aligned to reference genome by bowtie2 (45). RSEM (46) was used to calculate expression levels, and DEGs were identified by DEGseq (47).



M6A-IP-qPCR and RT-qPCR

Twenty genes with differentially methylated sites according to MeRIP-seq were tested by reverse transcription (RT)-qPCR. A small number of fragmented RNA was used as the input control. The rested RNA was incubated with anti-m6A antibody-coupled beads. The m6A-containing RNAs were then immunoprecipitated and eluted from the beads. Both input control and m6A-IP samples were subjected to RT-qPCR with gene-specific primers.



Statistical Analysis

Experiments were performed at least three times, and representative results are shown. All statistical analyses were performed and visualized using RStudio (Version1.2.1335, Boston, MA, USA), GSEA (Version4.0, UC San Diego and Broad Institute, USA) 23, MedCalc (Version16.8, Ostend, Belgium), and GraphPad Prism (Version 8.0, GraphPad, Inc., La Jolla, CA, USA). Differences between individual groups were analyzed using the chi-squared test and Student’s t-test (two-tailed and unpaired) with triplicate or quadruplicate sets. A two-tailed p < 0.05 was considered statistically significant.
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Ethics Statement

The studies involving human participants were reviewed and approved by the Institutional Ethical Review Board of PKUFH. The patients/participants provided their written informed consent to participate in this study. Written informed consent was obtained from the individual(s) for the publication of any potentially identifiable images or data included in this article.



Author Contributions

AL, YG, and CC performed the experiments and data analysis. CC and QuZ prepared the diagrams and wrote the manuscript. AL and YG designed the project. QiZ and LY supervised the project and provided financial support. All authors contributed to the article and approved the submitted version.



Funding

This work was supported by grants from the National Natural Science Foundation of China to QZ (Nos. 82072826 and 81872088) and a grant from Peking University Medicine Fund of Fostering Young Scholars’ Scientific & Technological Innovation to YG (No. BMU2020PYB028).



Supplementary Material

The Supplementary Material for this article can be found online at: https://www.frontiersin.org/articles/10.3389/fonc.2021.717622/full#supplementary-material



References

1. Siegel, RL, Miller, KD, and Jemal, A. Cancer Statistics, 2018. CA Cancer J Clin (2018) 68(1):7–30. doi: 10.3322/caac.21442

2. Antoni, S, Ferlay, J, Soerjomataram, I, Znaor, A, Jemal, A, and Bray, F. Bladder Cancer Incidence and Mortality: A Global Overview and Recent Trends. Eur Urol (2017) 71(1):96–108. doi: 10.1016/j.eururo.2016.06.010

3. Katsila, T, Liontos, M, Patrinos, GP, Bamias, A, and Kardamakis, D. The New Age of -Omics in Urothelial Cancer - Re-Wording Its Diagnosis and Treatment. EBioMedicine (2018) 28:43–50. doi: 10.1016/j.ebiom.2018.01.044

4. Felsenstein, KM, and Theodorescu, D. Precision Medicine for Urothelial Bladder Cancer: Update on Tumour Genomics and Immunotherapy. Nat Rev Urol (2018) 15(2):92–111. doi: 10.1038/nrurol.2017.179

5. Kaufman, DS, Shipley, WU, and Feldman, AS. Bladder Cancer. Lancet (2009) 374(9685):239–49. doi: 10.1016/S0140-6736(09)60491-8

6. Shimizu, T, Suzuki, H, Nojima, M, Kitamura, H, Yamamoto, E, Maruyama, R, et al. Methylation of a Panel of microRNA Genes is a Novel Biomarker for Detection of Bladder Cancer. Eur Urol (2013) 63(6):1091–100. doi: 10.1016/j.eururo.2012.11.030

7. Dueñas, M, Martínez-Fernández, M, García-Escudero, R, Villacampa, F, Marqués, M, Saiz-Ladera, C, et al. PIK3CA Gene Alterations in Bladder Cancer are Frequent and Associate With Reduced Recurrence in non-Muscle Invasive Tumors. Mol Carcinog (2015) 54(7):566–76. doi: 10.1002/mc.22125

8. Yap, KL, Kiyotani, K, Tamura, K, Antic, T, Jang, M, Montoya, M, et al. Whole-Exome Sequencing of Muscle-Invasive Bladder Cancer Identifies Recurrent Mutations of UNC5C and Prognostic Importance of DNA Repair Gene Mutations on Survival. Clin Cancer Res (2014) 20(24):6605–17. doi: 10.1158/1078-0432.CCR-14-0257

9. Pan, T. N6-Methyl-Adenosine Modification in Messenger and Long non-Coding RNA. Trends Biochem Sci (2013) 38(4):204–9. doi: 10.1016/j.tibs.2012.12.006

10. Sibbritt, T, Patel, HR, and Preiss, T. Mapping and Significance of the mRNA Methylome. Wiley Interdiscip Rev RNA (2013) 4(4):397–422. doi: 10.1002/wrna.1166

11. Jia, G, Fu, Y, Zhao, X, Dai, Q, Zheng, G, Yang, Y, et al. N6-Methyladenosine in Nuclear RNA is a Major Substrate of the Obesity-Associated FTO. Nat Chem Biol (2011) 7(12):885–7. doi: 10.1038/nchembio.687

12. Zheng, G, Dahl, JA, Niu, Y, Fedorcsak, P, Huang, CM, Li, CJ, et al. ALKBH5 is a Mammalian RNA Demethylase That Impacts RNA Metabolism and Mouse Fertility. Mol Cell (2013) 49(1):18–29. doi: 10.1016/j.molcel.2012.10.015

13. Lin, S, and Gregory, RI. Methyltransferases Modulate RNA Stability in Embryonic Stem Cells. Nat Cell Biol (2014) 16(2):129–31. doi: 10.1038/ncb2914

14. Meyer, KD, Saletore, Y, Zumbo, P, Elemento, O, Mason, CE, and Jaffrey, SR. Comprehensive Analysis of mRNA Methylation Reveals Enrichment in 3' UTRs and Near Stop Codons. Cell (2012) 149(7):1635–46. doi: 10.1016/j.cell.2012.05.003

15. Dominissini, D, Moshitch-Moshkovitz, S, Schwartz, S, Salmon-Divon, M, Ungar, L, Osenberg, S, et al. Topology of the Human and Mouse M6a RNA Methylomes Revealed by M6a-Seq. Nature (2012) 485(7397):201–6. doi: 10.1038/nature11112

16. Vdovikova, S, Gilfillan, S, Wang, S, Dongre, M, Wai, SN, and Hurtado, A. Modulation of Gene Transcription and Epigenetics of Colon Carcinoma Cells by Bacterial Membrane Vesicles. Sci Rep (2018) 8(1):7434. doi: 10.1038/s41598-018-25308-9

17. Yue, Y, Liu, J, and He, C. RNA N6-Methyladenosine Methylation in Post-Transcriptional Gene Expression Regulation. Genes Dev (2015) 29(13):1343–55. doi: 10.1101/gad.262766.115

18. Deng, X, Su, R, Feng, X, Wei, M, and Chen, J. Role of N(6)-Methyladenosine Modification in Cancer. Curr Opin Genet Dev (2018) 48:1–7. doi: 10.1016/j.gde.2017.10.005

19. Huisman, B, Manske, G, Carney, S, and Kalantry, S. Functional Dissection of the M6a RNA Modification. Trends Biochem Sci (2017) 42(2):85–6. doi: 10.1016/j.tibs.2016.12.004

20. Cao, G, Li, HB, Yin, Z, and Flavell, RA. Recent Advances in Dynamic M6a RNA Modification. Open Biol (2016) 6(4):160003. doi: 10.1098/rsob.160003

21. Nishizawa, Y, Konno, M, Asai, A, Koseki, J, Kawamoto, K, Miyoshi, N, et al. Oncogene C-Myc Promotes Epitranscriptome M(6)A Reader YTHDF1 Expression in Colorectal Cancer. Oncotarget (2018) 9(7):7476–86. doi: 10.18632/oncotarget.23554

22. Bhalla, S, Chaudhary, K, Kumar, R, Sehgal, M, Kaur, H, Sharma, S, et al. Gene Expression-Based Biomarkers for Discriminating Early and Late Stage of Clear Cell Renal Cancer. Sci Rep (2017) 7:44997. doi: 10.1038/srep44997

23. Xu, L, Zhou, R, Yuan, L, Wang, S, Li, X, Ma, H, et al. IGF1/IGF1R/STAT3 Signaling-Inducible IFITM2 Promotes Gastric Cancer Growth and Metastasis. Cancer Lett (2017) 393:76–85. doi: 10.1016/j.canlet.2017.02.014

24. Shang, Z, Yu, J, Sun, L, Tian, J, Zhu, S, Zhang, B, et al. LncRNA PCAT1 Activates AKT and NF-κb Signaling in Castration-Resistant Prostate Cancer by Regulating the PHLPP/Fkbp51/Ikkα Complex. Nucleic Acids Res (2019) 47(8):4211–25. doi: 10.1093/nar/gkz108

25. Xiao-Long, M, Kun-Peng, Z, and Chun-Lin, Z. Circular RNA Circ_HIPK3 is Down-Regulated and Suppresses Cell Proliferation, Migration and Invasion in Osteosarcoma. J Cancer (2018) 9(10):1856–62. doi: 10.7150/jca.24619

26. Zhu, W, Wang, JZ, Xu, Z, Cao, M, Hu, Q, Pan, C, et al. Detection of N6−methyladenosine Modification Residues (Review). Int J Mol Med (2019) 43(6):2267–78. doi: 10.3892/ijmm.2019.4169

27. Lin, S, Choe, J, Du, P, Triboulet, R, and Gregory, RI. The M(6)A Methyltransferase METTL3 Promotes Translation in Human Cancer Cells. Mol Cell (2016) 62(3):335–45. doi: 10.1016/j.molcel.2016.03.021

28. Batista, PJ, Molinie, B, Wang, J, Qu, K, Zhang, J, Li, L, et al. M(6)A RNA Modification Controls Cell Fate Transition in Mammalian Embryonic Stem Cells. Cell Stem Cell (2014) 15(6):707–19. doi: 10.1016/j.stem.2014.09.019

29. Fustin, JM, Doi, M, Yamaguchi, Y, Hida, H, Nishimura, S, Yoshida, M, et al. RNA-Methylation-Dependent RNA Processing Controls the Speed of the Circadian Clock. Cell (2013) 155(4):793–806. doi: 10.1016/j.cell.2013.10.026

30. Tao, L, Mu, X, Chen, H, Jin, D, Zhang, R, Zhao, Y, et al. FTO Modifies the M6a Level of MALAT and Promotes Bladder Cancer Progression. Clin Transl Med (2021) 11(2):e310. doi: 10.1002/ctm2.310

31. Cheng, M, Sheng, L, Gao, Q, Xiong, Q, Zhang, H, Wu, M, et al. The M(6)A Methyltransferase METTL3 Promotes Bladder Cancer Progression via AFF4/NF-κb/MYC Signaling Network. Oncogene (2019) 38(19):3667–80. doi: 10.1038/s41388-019-0683-z

32. Jin, H, Ying, X, Que, B, Wang, X, Chao, Y, Zhang, H, et al. N(6)-Methyladenosine Modification of ITGA6 mRNA Promotes the Development and Progression of Bladder Cancer. EBioMedicine (2019) 47:195–207. doi: 10.1016/j.ebiom.2019.07.068

33. Zhang, C, Samanta, D, Lu, H, Bullen, JW, Zhang, H, Chen, I, et al. Hypoxia Induces the Breast Cancer Stem Cell Phenotype by HIF-Dependent and ALKBH5-Mediated M⁶A-Demethylation of NANOG mRNA. Proc Natl Acad Sci USA (2016) 113(14):E2047–56. doi: 10.1073/pnas.1602883113

34. Lee, SJ, Park, SS, Lee, US, Kim, WJ, and Moon, SK. Signaling Pathway for TNF-Alpha-Induced MMP-9 Expression: Mediation Through P38 MAP Kinase, and Inhibition by Anti-Cancer Molecule Magnolol in Human Urinary Bladder Cancer 5637 Cells. Int Immunopharmacol (2008) 8(13-14):1821–6. doi: 10.1016/j.intimp.2008.08.018

35. Xia, J, Zeng, M, Zhu, H, Chen, X, Weng, Z, and Li, S. Emerging Role of Hippo Signalling Pathway in Bladder Cancer. J Cell Mol Med (2018) 22(1):4–15. doi: 10.1111/jcmm.13293

36. Li, P, Yu, H, Zhang, G, Kang, L, Qin, B, Cao, Y, et al. Identification and Characterization of N6-Methyladenosine CircRNAs and Methyltransferases in the Lens Epithelium Cells From Age-Related Cataract. Invest Ophthalmol Vis Sci (2020) 61(10):13. doi: 10.1167/iovs.61.10.13

37. Niu, X, Xu, J, Liu, J, Chen, L, Qiao, X, and Zhong, M. Landscape of N(6)-Methyladenosine Modification Patterns in Human Ameloblastoma. Front Oncol (2020) 10:556497. doi: 10.3389/fonc.2020.556497

38. Wang, YN, and Jin, HZ. Transcriptome-Wide M(6)A Methylation in Skin Lesions From Patients With Psoriasis Vulgaris. Front Cell Dev Biol (2020) 8:591629. doi: 10.3389/fcell.2020.591629

39. Zhang, Y, Liu, T, Meyer, CA, Eeckhoute, J, Johnson, DS, Bernstein, BE, et al. Model-Based Analysis of ChIP-Seq (MACS). Genome Biol (2008) 9(9):R137. doi: 10.1186/gb-2008-9-9-r137

40. Heinz, S, Benner, C, Spann, N, Bertolino, E, Lin, YC, Laslo, P, et al. Simple Combinations of Lineage-Determining Transcription Factors Prime Cis-Regulatory Elements Required for Macrophage and B Cell Identities. Mol Cell (2010) 38(4):576–89. doi: 10.1016/j.molcel.2010.05.004

41. Olarerin-George, AO, and Jaffrey, SR. MetaPlotR: A Perl/R Pipeline for Plotting Metagenes of Nucleotide Modifications and Other Transcriptomic Sites. Bioinformatics (2017) 33(10):1563–4. doi: 10.1093/bioinformatics/btx002

42. Shen, L, Shao, NY, Liu, X, Maze, I, Feng, J, and Nestler, EJ. Diffreps: Detecting Differential Chromatin Modification Sites From ChIP-Seq Data With Biological Replicates. PloS One (2013) 8(6):e65598. doi: 10.1371/journal.pone.0065598

43. Thorvaldsdóttir, H, Robinson, JT, and Mesirov, JP. Integrative Genomics Viewer (IGV): High-Performance Genomics Data Visualization and Exploration. Brief Bioinform (2013) 14(2):178–92. doi: 10.1093/bib/bbs017

44. Chen, Y, Chen, Y, Shi, C, Huang, Z, Zhang, Y, Li, S, et al. SOAPnuke: A MapReduce Acceleration-Supported Software for Integrated Quality Control and Preprocessing of High-Throughput Sequencing Data. Gigascience (2018) 7(1):1–6. doi: 10.1093/gigascience/gix120

45. Langmead, B, and Salzberg, SL. Fast Gapped-Read Alignment With Bowtie 2. Nat Methods (2012) 9(4):357–9. doi: 10.1038/nmeth.1923

46. Li, B, and Dewey, CN. RSEM: Accurate Transcript Quantification From RNA-Seq Data With or Without a Reference Genome. BMC Bioinformatics (2011) 12:323. doi: 10.1186/1471-2105-12-323

47. Wang, L, Feng, Z, Wang, X, Wang, X, and Zhang, X. DEGseq: An R Package for Identifying Differentially Expressed Genes From RNA-Seq Data. Bioinformatics (2010) 26(1):136–8. doi: 10.1093/bioinformatics/btp612




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


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

Copyright © 2021 Li, Gan, Cao, Ma, Zhang, Zhang and Yao. 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: 19 November 2021

doi: 10.3389/fonc.2021.769158

[image: image2]


Two Novel Ceramide-Like Molecules and miR-5100 Levels as Biomarkers Improve Prediction of Prostate Cancer in Gray-Zone PSA


Maurizia Mello-Grand 1†, Antonino Bruno 2†, Lidia Sacchetto 3, Simone Cristoni 4, Ilaria Gregnanin 1, Alessandro Dematteis 5, Andrea Zitella 5, Paolo Gontero 5, Caterina Peraldo-Neia 1, Riccardo Ricotta 6, Douglas M. Noonan 7,8, Adriana Albini 9* and Giovanna Chiorino 1*


1 Cancer Genomics Laboratory, Fondazione Edo ed Elvo Tempia, Biella, Italy, 2 Laboratory of Innate Immunity, Unit of Molecular Pathology, Biochemistry, and Immunology, Istituto di Ricovero e Cura a Carattere Scientifico (IRCCS) MultiMedica, Milan, Italy, 3 Department of Mathematical Sciences, Politecnico di Torino, Torino, Italy, 4 I.S.B.—Ion Source & Biotechnologies srl, Biotechnology, Bresso, Italy, 5 Department of Urology, San Giovanni Battista Hospital of Torino, Corso Torino, Italy, 6 Istituto di Ricovero e Cura a Carattere Scientifico (IRCCS) MultiMedica, Milan, Italy, 7 Immunology and General Pathology Laboratory, Department of Biotechnology and Life Sciences, University of Insubria, Varese, Italy, 8 Unit of Molecular Pathology, Biochemistry, and Immunology, Istituto di Ricovero e Cura a Carattere Scientifico (IRCCS) MultiMedica, Milan, Italy, 9 Laboratory of Vascular Cell Biology and Angiogenesis Istituto di Ricovero e Cura a Carattere Scientifico (IRCCS) MultiMedica, Milan, Italy




Edited by: 

Daniela Terracciano, University of Naples Federico II, Italy

Reviewed by: 

Baijun Dong, Shanghai JiaoTong University, China

Francesco Del Giudice, Sapienza University of Rome, Italy

*Correspondence: 

Adriana Albini
 albini.adriana@gmail.com

Giovanna Chiorino
 giovanna.chiorino@fondazionetempia.org



†These authors have contributed equally to this work


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


Received: 01 September 2021

Accepted: 25 October 2021

Published: 19 November 2021

Citation:
Mello-Grand M, Bruno A, Sacchetto L, Cristoni S, Gregnanin I, Dematteis A, Zitella A, Gontero P, Peraldo-Neia C, Ricotta R, Noonan DM, Albini A and Chiorino G (2021) Two Novel Ceramide-Like Molecules and miR-5100 Levels as Biomarkers Improve Prediction of Prostate Cancer in Gray-Zone PSA. Front. Oncol. 11:769158. doi: 10.3389/fonc.2021.769158



Reliable liquid biopsy-based tools able to accurately discriminate prostate cancer (PCa) from benign prostatic hyperplasia (BPH), when PSA is within the “gray zone” (PSA 4–10), are still urgent. We analyzed plasma samples from a cohort of 102 consecutively recruited patients with PSA levels between 4 and 16 ng/ml, using the SANIST-Cloud Ion Mobility Metabolomic Mass Spectrometry platform, combined with the analysis of a panel of circulating microRNAs (miR). By coupling CIMS ion mobility technology with SANIST, we were able to reveal three new structures among the most differentially expressed metabolites in PCa vs. BPH. In particular, two were classified as polyunsaturated ceramide ester-like and one as polysaturated glycerol ester-like. Penalized logistic regression was applied to build a model to predict PCa, using six circulating miR, seven circulating metabolites, and demographic/clinical variables, as covariates. Four circulating metabolites, miR-5100, and age were selected by the model, and the corresponding prediction score gave an AUC of 0.76 (C.I. = 0.66–0.85). At a specified cut-off, no high-risk tumor was misclassified, and 22 out of 53 BPH were correctly identified, reducing by 40% the false positives of PSA. We developed and applied a novel, minimally invasive, liquid biopsy-based powerful tool to characterize novel metabolites and identified new potential non-invasive biomarkers to better predict PCa, when PSA is uninformative as a tool for precision medicine in genitourinary cancers.
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Graphical Abstract | Workflow for sample processing, data analysis, and results from the study.




1 Introduction

Prostate cancer (PCa) is among the first two most frequent cancer diagnoses in men (together with lung) and the fifth leading cause of cancer death worldwide (1). PCa incidence and mortality rates are strongly related to age with the highest incidence being seen in men over 65. Currently, the most used test for early diagnosis of PCa is based on prostate specific antigen (PSA), which is prostate, but not cancer specific (2). Digital rectal examination, at the same time, is not a sensitive enough screening test for early PCa. Dutasteride a dual 5α-reductase inhibitor (5-ARI) blocks the conversion of testosterone into its active form dihydrotestosterone (DHT) and reduces prostate volume and prostate-specific antigen (PSA) levels, while increasing urinary flow rate (3). However, this treatment is not always suitable. There is an urgent need for the identification of more accurate diagnostic and prognostic biomarkers, employing minimally invasive procedures, based on liquid biopsy (4).

Application of high resolution and accurate mass spectrometry (HR-MS), due to its analytical performances, experienced high and rapid diffusion in recent years (5). The technology allows to analyze thousands of compounds within a single run, providing information on their identities, especially when combined to tandem mass spectrometry (MS/MS approach). We developed a novel platform that incorporates surface-activated and electrospray (SACI/ESI) ionization source, configured in CIMS (6) operative modality and the SANIST platform, to selectively focalize the metabolomics fraction into the mass spectrometric device. The SANIST platform is particularly useful for studies in biomarker discovery, since it works on different types of biofluids (saliva, urine, serum, and plasma) (6, 7). We successfully used our SANIST platform for biomarker discovery in PCa (6, 7).

miRs are short (19–24 nts), single-stranded non-coding RNAs that regulate gene expression at the post-transcriptional level, either by promoting the cleavage of target mRNAs or by repressing their translation (8). They regulate signaling molecules known to influence the behavior of recipient cells (9). miRs can be easily detected in biological fluids and serve as circulating biomarkers (10). Profiling of circulating miRs has been extensively carried out, with the aim of identifying non-invasive biomarkers to predict the presence of specific tumors, even before they become detectable by diagnostic instrumentations (10). In PCa, there is a deregulation of several miRs that may function as tumor suppressors or oncogenes (11). We recently proposed to combine PSA with two circulating miRs, to better predict PCa, especially when PSA level is between 0 and 4 ng/ml (12).

Here, we focus on the so termed “gray zone”, where it is hard to discriminate PCa from BPH (13). The most accepted definition of gray zone is from 4 to 10 PSA levels. Here, we evaluated men with PSA from 4 to 16. By coupling RT-qPCR analysis of a panel of circulating miRs with the SANIST-CIMS method, we highlight miR-5100, two polyunsaturated ceramide-like ester, and one polysaturated glycerol ester-like structures as potential circulating molecules useful for PCa detection. The role of miR-5100 in tumorigenesis has not been completely elucidated yet; however, in oral squamous cell carcinoma, it mediates cell proliferation and migration (14) and it promotes tumor growth in the lung (15). Ceramides are the central molecules of sphingolipid metabolism, and mediate different kinds of antiproliferative responses (16). An interesting association between sphingolipid metabolism and clinical outcomes has already been proved for some tumors, and this points out to the clinical relevance of sphingolipid-related biomarkers in cancer diagnosis and prognosis (17).

We also propose to combine the analysis of circulating metabolites and miR-5100 with age, to drastically reduce the number of unnecessary invasive biopsies, when PSA is unable to inform on the presence of PCa.



2 Materials and Methods


2.1 Patient Selection

Plasma samples of 102 males (PSA between 4 and 16 ng/ml) without any previous cancer diagnosis were consecutively collected prior to standard 12-core transrectal ultrasonography-guided biopsy, at the S. Giovanni Battista Hospital of Turin. Forty-nine patients resulted positive for PCa and 53 had all 12 negative biopsies. PCa was labeled GS6, GS7, or GS>7, according to Gleason Score (GS) values; low risk, if GS = 6, PSA < 10, cT < 2b (tumor size, according to clinical TNM staging); intermediate risk, if 10 ≤ PSA ≤ 16 or GS = 7 or cT2b-cT2c; high risk, if GS = 8–9–10 and/or cT3–cT4. Clinically significant tumors comprised intermediate/high-risk PCa. Patients’ characteristics are summarized in Table 1. Fourteen out of 102 patients underwent multi-parametric magnetic resonance imaging (mp-MRI). PI-RADs 4 and 5 scores were assigned to suspected images (40%–60% and 60%–90% risk of malignant lesion, respectively). The study was approved by the local Ethics Committee, protocol reference: NC-SERPROS, CE 149/11. All men provided written informed consent with guarantees of confidentiality. Plasma collection, processing, and storage adhered to good practice operations.


Table 1 | Patient characteristics.





2.2 Plasma Isolation and Storage

Plasma was isolated from EDTA tube blood samples, within 1 h from collection, with a standard procedure to prevent hemolysis, and stored in 4.5-ml cryovials at −80°C, as previously described (12).



2.3 Metabolite Profiling

Metabolomic profiling was performed using the SANIST platform as in (6, 7, 18) with CIMS. For details on chemicals, chromatography, mass spectrometry, and SANIST data elaboration, see Supplementary Methods section.



2.4 Circulating RNA Extraction

Before extraction, one 220-µl aliquot per sample was centrifuged for 5 min at 1,000g at 4°C. Total RNA was isolated with miRNeasy serum/plasma kit (Qiagen) using Exiqon protocol, with MS2-RNA bacteriophage carrier (Roche Diagnostics) to promote RNA precipitation and purification on membranes. cel-miR-39-3p miR mimic spike-in (Qiagen) was added. RNA samples were eluted in 30 μl of nuclease-free water and stored at –80°C.



2.5 RT-qPCR

Exiqon miRCURY LNA™ Universal RT microRNA PCR protocol (Exiqon) was followed, starting from 4 μl of total RNA, using cel-miR-39-3p as exogenous normalizer and UniSp6 as internal control for reverse transcription (RT). BioRad CFX96 real-time instrument was used to test six microRNAs on each sample in the same 96-well plate, with three replicated measurements for each test, RT, and real-time negative controls. The six miR tested were as follows: hsa-let-7a, hsa-miR-103a-3p, hsa-miR-21-5p, hsa-miR-320c, hsa-miR-5100, and hsa-miR-874-3p (12). To normalize threshold cycles (Cts), the average Ct (Ct_a) of the three replicates was calculated for each miR and the Ct_a of the miRs in each sample was scaled to have the same cel-miR-39-3p Ct_a, set to the mean cel-miR39-3p Ct_a of all samples. Final normalized values were called Ct_an.



2.6 Statistical Analysis


2.6.1 Class Comparison

The univariate function of the muma R package was used (19) to identify metabolites differentially expressed in PCa vs. BPH (after scale normalization and batch effect removal pre-processes). For each variable, univariate evaluates normality of the distribution in the two groups by means of the Shapiro–Wilk test. For the variables with a normal distribution, Welch’s t-test was applied assuming equal variance in the two groups. For the others, the non-parametric Wilcoxon Mann–Whitney test was used.

The analysis was repeated using the limma R package that combines linear models with empirical Bayesian analyses (12).



2.6.2 Classifier

Using log_age, log_PSA, the six Ct_an, and the scaled intensities of seven candidate metabolites (resulting from both muma and limma analyses) as input, a logistic regression model with LASSO penalty was fitted to build a classifier able to discriminate PCa from non-PCa, using the glmnet R package. Fivefold cross-validation was applied to find the best tuning parameter. The estimated log odds ratios of the variables selected by the model were multiplied by their values and then summed to build a score. The ability of the score to correctly classify PCa was measured by the area under the ROC curve (AUC). Sensitivity, specificity, negative predictive value (NPV), and positive predictive value (PPV) were calculated according to a cutoff selected not to misclassify any high-risk PCa. Any patient with score above the cutoff was classified as PCa (positive); any patient with score below the cutoff was classified as BPH (negative). The accuracy of the classifier was then evaluated by summing the true positives and the true negatives and dividing this sum by the total number of patients.





3 Results


3.1 Workflow and Patient Stratification

Plasma samples from 102 subjects with PSA between 4 and 16 ng/ml, prior to standard 12-core transrectal ultrasonography-guided biopsy, were analyzed. The detailed flow chart of the study is shown in Figure 1. Patients’ characteristics are summarized in Table 1. Figure 2 shows the PSA level boxplots for the 53 men with PCa negative biopsy (BPH, benign prostatic hyperplasia) and the 49 patients with PCa positive biopsy (PCa). The figure clearly highlights that PSA levels are totally comparable. This is the reason why new and more accurate biomarkers are needed, to correctly predict the presence of tumor and thus avoid useless and invasive biopsies. A small subgroup of 14 patients underwent mp-MRI: for 5 of them, no suspected lesions were revealed, 7 were classified as PI-RADs 4, and 2 were classified as PI-RADs 5. Four out of eight true BPH did not show suspected lesions and the remaining four were classified as PI-RADs 4. Out of six true PCa, three were PI-RADs 4, two were PI-RADs 5, while one was not identified by mp-MRI.




Figure 1 | Flow chart for sample processing. The flow chart indicates all the procedures performed in the study from sample collection to metabolite identification.






Figure 2 | PSA boxplot in BPH and PCa groups. Box plot showing the stratification of samples into the BPH (white box) or PCa (gray box) group. Data are shown as log2 PSA levels (ng/ml). BPH, benign prostatic hyperplasia; PCa, prostate cancer.





3.2 Selection and Characterization of Candidate Metabolites

Candidate metabolites were selected by applying two algorithms for univariate analysis. In Table 2, compounds with p-value less than 0.1 are reported (muma analysis: first two columns from the left; limma analysis: last two columns). Three compounds among the top4 identified by both approaches (ID36, ID211, and ID220) were further studied, to highlight their structural characteristics (Figure 3). For details on the process, see Supplementary Methods section. The three molecules, similar in structure, are shown in Table 3. ID36 and ID211 were classified as polyunsaturated ceramide while ID220 was classified as polysaturated glycerol ester.


Table 2 | Candidate metabolites differentially expressed between PCa and BPH.






Figure 3 | Tandem mass spectra (MS/MS) library similarity match obtained using the NIST library. The tandem mass spectra (MS) of molecules ID36, ID220, and ID211 are shown.




Table 3 | Identification of three similar structures within the database.





3.3 Prediction Model

The seven metabolites resulting from both muma and limma analyses (Table 2, in bold) were then included, together with age, PSA levels, and the normalized threshold cycles of the six circulating miRs, as variables in a model to predict PCa (Figure 4). Penalized logistic regression was applied to select the variables mostly associated with PCa. Five-fold cross-validation was used to select the best tuning parameter (lambda = 0.0336), which minimized the mean cross-validated error (1.3578), and to fit the model. Combining age, miR-5100, and four metabolites, a score was built (Figure 4A). Selecting 21.34 as cutoff, the accuracy of the predictive score was 0.66 (with sensitivity of 0.92, specificity of 0.42, ppv of 0.59, and npv of 0.85, as shown in Figure 4B). No high-risk tumor was misclassified and 22 over 53 BPH were correctly classified, reducing by 40% the false positives of PSA in this gray-zone range. Figure 4C shows the estimated log odds ratio (logOR) of the selected variables. Age, ID36, ID167, and miR-5100 are positively associated with PCa risk (the minus sign of miR-5100 logOR means that decreasing Ct—and thus increasing expression—increases PCa risk), while ID220 and ID249 are negatively associated. PSA was not selected by the model. The metabolites with higher weight are ID36 and ID220, representing a novel polyunsaturated ceramide and a novel polysaturated glycerol ester, respectively (Table 3). The first is more expressed in PCa and the second in BPH. The ROC curve AUC of the predictive score is 0.76 (C.I. = 0.66-0.85; Figure 4D).




Figure 4 | Analysis of the predictive model. (A) Box plot for the predictive score discriminating BPH from PCa. Data are shown as the sum of the variable levels multiplied by the regression coefficients as reported in panel C. (B) Contingency table corresponding to the cutoff of 21.34 for the predictive score. (C) Coefficients of the logistic regression for the selected variables. (D) ROC curve of the score obtained by combining age, miR-5100, and four metabolites after penalized logistic regression. BPH, benign prostatic hyperplasia; PCa, prostate cancer.



Considering the 14 patients who underwent mp-MRI, four out of eight true BPH were correctly classified by the model while the remaining four were not, whereas all six true PCa were correctly identified. Therefore, within this very small subgroup of samples, our model reached 100% sensitivity, outperforming mp-MRI, and 50% specificity, as for mp-MRI.




4 Discussion

The identification, standardization, and validation of more precise tools to trace relevant and/or discover novel biomarkers in PCa, employing minimally invasive procedures, still represent a major urgency and a clinical unmet need.

Untargeted metabolomics represents a useful approach to analyze body fluids, to detect novel circulating biomarkers. With the aim of identifying metabolites potentially useful to discriminate PCa from BPH, we analyzed plasma of subjects with PSA ranging from 4 to 16 ng/ml, within a cohort of consecutively recruited patients who underwent prostate biopsy. The two diagnostic groups (49 PCa and 53 BPH) were homogeneous in terms of size, age, and PSA values. Class comparison yielded a list of candidate metabolites potentially able to discriminate between the two groups. The same samples were also subjected to RT-qPCR analysis of a panel of six circulating miRs previously derived from miR profiling of a discovery cohort analyzed by our group (12).

By coupling CIMS ion mobility technology with SANIST, we were able to reveal three new structures, two similar to polyunsaturated ceramide and one to polysaturated glycerol ester, among the most differentially expressed compounds in PCa vs. BPH.

Ceramide, the central molecule of sphingolipid metabolism, can mediate various antiproliferative responses. Circulating levels of bioactive sphingolipids may represent novel non-invasive cancer biomarkers and have already been correlated with patient survival and treatment response in different tumor types (17).

In PCa, ceramide induces apoptosis (20), and various molecules may upregulate ceramide in prostate tumor cells (21, 22). Ceramide is a component of a three-lipid signature (ceramide, sphingomyelin, and phosphatidylcholine) associated with poor prognosis in castration-resistant PCa (23). An association between biochemical recurrence (PSA increase after radical prostatectomy) and ceramide, along with acyl-carnitines (24), which we and others previously reported as biomarkers (6, 25), has also been observed. There are many ceramide analogues with known biological activities (26–28), but no information is available on polyunsaturated ceramides.

To build a model able to predict PCa, we applied penalized logistic regression using both metabolomics and microRNA variables, together with age and PSA. As expected, PSA was not selected by the model as an informative variable. Only hsa-miR-5100 was retained, together with four metabolites and age, the selected variable with highest weight (Figure 4C). The prediction model had an AUC of 0.76, considerably high in the PSA range considered. Other proposed PSA-related biomarkers, the four-kallikrein panel (4K) and the Prostate Health Index (PHI), evaluated on 531 men with PSA 3–15 ng/ml undergoing first-time prostate biopsy, thus on a quite similar context, showed AUCs of 0.69 and 0.70, respectively, when predicting any-grade PCa (29).

Among the polyunsaturated characterized compounds, ID36 and ID220 were the most informative, whereas ID211 was not selected. Interestingly, its profile is very similar to ID220 (Pearson correlation coefficient = 0.8) whereas its structure is very similar to ID36 (Figure 3). Two other uncharacterized compounds (ID249 and ID167), that deserve future identification, were included in the predictive model, although with lower logOR (Figure 4C).

To date, little is known about miR-5100; nevertheless, it is gaining considerable interest, especially in cancer: its upregulation has been associated with tumor growth (30), invasion, and metastasis promotion (14, 31) and several publications proposed it as a candidate biomarker to predict prognosis (recurrence and/or survival) in classifiers, along with other miRs and/or clinical parameters (31–33). Examples of downregulation in cancer tissue (e.g., pancreatic cancer) are reported as well (34). There are no studies related to PCa. In liquid biopsy, few studies are available: Shi et al. observed the upregulation of serum miR-5100 in oral squamous cell carcinoma patients (31), whereas Yuan and colleagues (35) found an association between low expression of miR-5100 in plasma and the risk of childhood acute lymphocytic leukemia. miR-5100 was also proposed as a biomarker for two autoimmune diseases (lupus erythematosus and Sjögren’s syndrome) (36, 37). Very recently, Hua-Ping Liu and collaborators (38) proposed a highly performant pairwise model composed of five circulating miRNAs coupled to miR-5100 and miR-1290, and found miR-5100 upregulation in three independent big serum PCa cohorts. Its mechanisms of action and targets may be tissue and disease stage dependent: in pancreatic cancer, it was proposed as anti-metastatic miR, through PODXL silencing (34). On the contrary, hypoxic BMSC-derived exosomal miRs (including miR-5100) promote metastasis of lung cancer cells via STAT3-induced EMT (31). In lung cancer, miR-5100 overexpression supports tumor growth (30) and increases Cisplatinum resistance of lung cancer stem cells (15) by inhibiting Rab6, a protein located at the Golgi body that regulates membrane traffic from the Golgi apparatus towards both the endoplasmic reticulum and the plasma membrane. Interestingly, the Golgi apparatus is the site at which ceramide can be further modified to sphingolipids, and this suggests a possible link between miR-5100 and the polyunsaturated ceramide-like similar metabolites we identified.

The present study is limited by the small number of samples, but is focused on a specific PSA range where there is about 50% chance of getting a PCa diagnosis. Patients have been consecutively enrolled in one center, ensuring homogeneous procedures of sample collection and processing, but requiring an external validation step. Aware of these limits, we have already started a prospective study involving three centers and 700 patients aged 50–69 years, in order to validate our findings.

In conclusion, the combination of novel circulating biomarkers proposed in this study may help to reduce the number of invasive biopsies when PSA is uninformative on the presence of PCa.
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Table 3 shows the three molecules, similar in structure, identified in the study.
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AC005785.1 CYP4F22-3 ENSG00000268189 ¢chr19:15,379,076-15,381,194 8.96E-06 2.924243
AC093278.2 ZNF366-1 ENSG00000261269 chr5:72,439,899-72,442,387 5.16E-08 0.500479
AC084036.1 SSR3-6 ENSG00000272990 chr3:156,523,740-156,524,247 0.001091 1.54036
AC016773.1 RF00019 ENSG00000207009 chr4:1,683,420-1,683,529 2.81E-08 2.789384
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CALU  Stage Grade T N ™

Stage Stage High Low Ti- T3- NO N1 MO M1
M WAV grade grade T2 T4

tow 14 2 10 6 16 0 15 1 15 1
High 3 13 1 2 3 1B 124 W2
3 <0001 s p000T 05 ns

CALU level was conaated with Stago (5<0.001) and T classifcation (6<0.001) i ou
recruited BLCA patients. ns, not sionificant.
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%) ) test)
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Negalve 7 4(67.1%) 3429%)
cos
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Characteristics CALU High CALU Low P_valuo

Alive 94 (46.0%) 135 (66:2%)

Doad 110 (54.0%) 69(33.8%) <0001
FEMALE 55 (27.0%) 52 (25.5%)

MALE 149 (73.0%) 152 (74.5%) 0822
T 525% 6(630%)

T2 79(30.1%) 112 (56.0%)

T3 94 (46.5%) 63(31.5%)

T4 24 (1.9%) 19(95%) 0005
NO 107 (67.8%) 130 (71.8%)

N1 30 (16.2%) 16(88%)

N2 41 222%) 34 (18.8%)

NG 7@8% 1(06%) 0.008
Mo 81©1%) 115 97.5%)

M1 80.0%) 3(25%) 0059
Stage | 105% 105%

Stage I 46 22.7%) 84 (41.4%)

Stage il 76 (07.4%) 64 (31.5%)

Stage IV 20 (39.4%) 54 (266%) <0001
High Grade 202(99.5%) 182 (90.0%)

Low Grade 105%) 20(10.0%) <0001

The chi-square and Fsher exact tet ndicated sgnifcant comelation between CALU and
survial status{p<0.001), grade (5<0.001),s1age (9<0.001), T (2=0.005) and N (0=0.008
FEhs iR o iy
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Characteristics TCGA cohort (N = 372) GEO cohort (N = 165)

High risk Low risk p-value High risk Low risk p-value
Age (years) 0.205 0.033
<60 34 45 15 27
>60 152 141 68 55
Gender 0.075 0.84
Male 130 146 67 68
Female 56 40 16 14
T stage <0.001 0.002
TO-2 42 79 53 58
T34 143 107 23 7
Tx 1 0 7 17
Lymph node metastasis <0.001 0.243
Yes 76 48 10 5
No 104 17 72 7
Unknown 6 21 1 0
Metastasis 0.775 0.443
Yes 5 3 5 2
No 91 92 78 80
Unknown 90 91 0 0
Diagnosis subtype 0.075
Papillary 49 68 NA NA
Non-papillary 135 115 NA NA
Unknown 2 3 NA NA
Histologic grade 0.108 0.015
High 180 171 38 22
Low 5 14 45 60
Unknown 1 1

NA, Not Applicable.
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Characteristics

TCGA Total (n = 372)

GEO Total (n = 165)

Age (years)
Gender

T stage 1

T stage 2

Lymph node metastasis

Metastasis

Diagnosis subtype

Histologic grade

Vital status

<60
>60
Male
Female
TO
™
T2
T3
T4
Tx
TO-2
T3-4
Tx
Yes
No
Unknown
Yes
No
Unknown
Papillary
Non-papillary
Unknown
High
Low
Unknown
Dead
Alive

79 (21.2%)
293 (78.7%)
276 (74.2%)

96 (25.8%)

1(0.3%)
4(1.1%)

116 (31.2%)
193 (51.9%)

57 (15.3%)

1(0.3%)

121 (32.5%)

251 (67.5%)
1(0.3%)

124 (33.3%)

221 (59.4%)
27 (7.3%)
8 (2.2%)

183 (49.2%)
181 (48.7%)
117 (31.5%)
250 (67.2%)

5 (1.3%)

351(94.4)

19 (6.1%)
2(0.5%)

166 (44.6%)

206 (55.4%)

42 (25.5%)
123 (74.5%)
135 (81.8%)
30 (18.2%)
0
80 (48.5%)
31 (18.8%)
19 (11.5%)
11(6.7%)
24 (14.5%)
111 (67.3%)
30 (18.2%)
24 (14.5%)
15 (9.1%)
149 (90.3%)
1(0.61%)
7 (4.2%)
158 (95.8%)
0
NA
NA
NA
60 (36.4%)
105 (63.6%)
0
69 (41.8%)
96 (58.2%)

NA, Not Applicable.
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Parameters

No. of patients

Age at surgery, years
Median (range)
Mean (SD)

Gender, n (%)
Male
Female

Pathologic T stage at RC, n (%)
pT3
pT4

Concomitant CIS at RC, n (%)
Yes
No

LVI at RC, n (%)
Yes
No

No. of resected LNs at RC
Median (range)
Mean (SD)

Pathologic N status at RC, n (%)
Negative
Positive

Surgical margin status, n (%)
Negative
Positive

Type of urinary diversion, n (%)
lleal conduit
Orthotopic neobladder

PD-L1 score on TIICs in RC specimens

ICO (<1%)
IC1 (21% and <5%)
1C2/3 (25%)
Follow-up, months
Median (range)
Mean (SD)

Total

92 (100.0)

72,0 (61.0-82.0)
71682

75 (81.5)
17 (18.5)

72 (78.3)
20 (21.7)

48 (52.2)
44 (47.8)

61 (66.3)
31(33.7)

24.5 (8.0-42.0)
24.7 (8.1)

48 (52.2)
44 (47.8)

77 (83.7)
15 (16.3)

4(152)
78 (84.8)

20 (21.7)
22 (23.9)
50 (54.4)

30.5 (16.1-66.5)
31.3 (12.5)

Recurrence

Yes

49 (53.3)

72,0 (61.0-82.0)
71289

39 (79.6)
0(20.4)

25.0 (9.0-40.0)
25.0(7.6)

39 (79.6)
0(20.4)

0(122)
39 (87.8)

8(16.4)
6(12.2)
35 (71.4)

27.8 (16.1-64.9)
305 (13.0)

No
43 (46.7)

72.0 (63.0-81.0)
719(7.6)

36 (83.7)
7(16.3)

39(90.7)
403

22(51.2)
21(48.8)

27 (62.8)
6(37.2)

23.0 (8.0-42.0)
245 (8.6)

33 (76.7)
10(23.3)

38 (88.4)
5(11.6)

403
39(90.7)

12 (27.9)
16 (37.2)
15 (34.9)

31.3 (16.6-66.5)
32.1 (12.0)

0.672

0.611

0.007

0.856

0.504

0.807

0.001

0.255

0.139

0.001

0.574

SD, standard deviation; RC, radical cystectomy: CIS, carcinoma in situ; LV, lymphovascular invasion; LN, lymph node; PD-L1, programmed death-ligand 1; TIIC, tumor-infittrating immune cell.
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Gene Gene name Frequency Location  Family Relation with cancer progression

Id

RELN  Reelin 65 Extracellular other The decreased expression of RELN was associated with increased migratory ability,

reduced survival and poor prognosis (33).

LRRC2 Leucine Rich Repeat 53 Nucleus transcripton  LRRC2 was found to be localized to the mitochondria in human cells and
Containing 2 Factor transcriptionally-regulated by the mitochondrial master regulator Pgc-1at (34).

HAND2 Heart And Neural Crest 44 Nucleus transcripton  HAND2-AS1 declined in bladder cancer and correlated with the depth of invasion
Derivatives Expressed 2 Factor and grades negatively (35).

FXYD6 FXYD Domain Containing lon 40 Plasma Protein FXYD6 may be a new biomarker for cancer and may be associated with a favorable
Transport Regulator 6 membrane Coding gene prognosis in this malignant disease (36).

RBMS3 RNA Binding Motif Single 37 Nucleus Protein ectopic expression of RBMS3 markedly suppressed cell proliferation and
Stranded Interacting Protein 3 Coding gene  clonogenicity and promoted apoptosis in vitro (37).

WISP2 ~ WNT1 inducible signaling 35 Extracellular other WISP2 overexpression inhibited cell growth and induced cell apoptosis, suppressed
pathway protein 2 space cell migration and invasion in cells (38).

HLF HLF Transcription Factor 34 Nucleus transcription  HLF is a novel oncofetal protein which is reactivated in HCC by SOX2 and OCT4

Factor

(39).
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Gene Ontology Consortium
enriched biological process

nuclear-transcribed mRNA catabolic process (GO:0000184)
positive regulation of transcription (GO:0045893)

DNA biosynthetic process (GO:007 1897)

cell-cell adhesion (GO:0098609)

cellular response to mechanical stimulus (GO:0071260)

mitotic chromosome movement towards spindle pole (GO:0007079)
positive regulation of protein sumoylation (GO:0033235)

enriched p value

0.010119341
0.043717073
0.09317234

0.018785728
0.00239874

0.014924228
0.040515966

KEGG
enriched biological process

GTPase activator activity

GnRH signaling pathway

Pathways in cancer

Salmonella infection

Inflammatory mediator regulation of TRP channels
Estrogen signaling pathway

Chagas disease (American trypanosomiasis)

enriched p value

0.089337462
0.009172748
0.037572134
0.059682054
0.079769321
0.081176119
0.088325936
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Gene Id Gene name Frequency  Location Family Relation with cancer progression
GNAQ G Protein Subunit 6 plasma the G-alpha  In the current sample, the gene GNAQ was widely altered across cancer types (20).
Alpha Q membrane family
HDAC4 Histone Deacetylase 6 nucleus HD type 2 HDAC4 is recruited to the nuclei of HR cancer cells, where it may exert an inhibitory
4 subfamily effect on differentiation and contribute to the development of the aggressive phenotype
of late stage CaP (21).
FLNB Filamin B 6 plasma the filamin Filamin-B (FLNB) was identified as biomarkers in a strategy for prostate cancer (PrCa)
membrane family biomarker discovery (22).
HSP90B1 Heat Shock Protein 6 endoplasmic  the heat Reduced expression of HSP90B1 was associated with apoptosis induction by
90 Beta Family reticulum shock androgen receptor and prostate specific antigen (23).
Member 1 protein 90
family
SMAD2  SMAD Family 6 nucleus The SMAD Smad?2 was found play a critical role in the basal epithelial or stem cell compartment of
Member 2 family the prostate as a tumor suppressor (24).
NR2C2 Nuclear Receptor 6 nucleus NR2 High NR2C2 expression was associated with nonfunctioning pituitary adenoma
Subfamily 2 Group C subfamily invasion, recurrence, and progression (25).
Member 2
GSPT1 G1 To S Phase 6 cytosol Classic The GSPT1/GSK pathway exerts tumor-promoting actions in colon cancer
Transition 1 translation oncogenesis and progression (26).
factor
GTPase
family
LPP LIM Domain 6 plasma the zyxin/ LPP has emerged as a critical inducer of tumor cell migration, invasion and metastasis
Containing Preferred membrane ajuba family  (27).
Translocation Partner
In Lipoma
FASTKD2 FAST Kinase mitochondrion  the FAST The NRIF3/DIF-1/FASTKD2 pathway acts as a “death switch” in breast and prostate
Domains 2 kinase family ~cancer cells, how FASTKD2 initiates the apoptotic response will allow for the

development of therapeutic agents for the treatment of androgen-independent prostate
cancer (28).






OPS/images/fonc.2021.697219/table1.jpg
Characteristics

Sample, n 880
Age, median (range) 55 (14-86)
Sex, n (%)
Male 620 (70.5%)
Female 260 (29.5%)
PD-L1, n (%)
Negative 321 (69.8%)
Positive >1% 139 (30.2%)
>10% 70 (15.2%)
>50% 30 (6.5%)
MSI
MSI-H 5(0.7%)
MSS 665 (99.3%)
TMB, median (range) 4.5 (0-46.0)

MSI-H, microsatellite instability-high; MSS, microsatelliite stable; TMB, tumor mutational burden.
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MCT4 expression Low High p-Value*

Gender Male 33 43 0.854
Female 6 7

Differentiation Low 35 41 0.305
High 4 9

T stage T1 7 10 0.978
T2a 13 14
T2b 17 23
T3 1 2
T4 1 1

Muscle infiltration No 7 10 0.807
Yes 32 40

Vessel invasion No 34 44 1
Yes 5 6

Nerve invasion No 37 44 0.458
Yes 2 6

History of smoking No 17 22 0.969
Yes 22 28

Intravesical therapy No 35 44 1
Yes 4 6

Maximum tumor diameter (cm) 437 +£215 415 +1.64 0.589

Number of tumors 1.85 £ 1.41 1.98 £ 1.61 0.682

*The difference in categorical characteristics between bladder cancer with low and high
MCT4 expression was analyzed using chi-squared test. The differences in numeric
characteristics that were normal distribution were analyzed using Student’s t-test.
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Gender

Age (year)

Differentiation

Muscle infiltration

Vessel invasion

Nerve invasion

History of smoking

Intravesical therapy

Maximum tumor diameter (cm)
Number of tumors
Follow-up time (month)

Male
Female

Low
High

No
Yes

No
Yes

No
Yes

No
Yes

No
Yes

76

13
69.1 +10.6

76

18

17
72

78
"

81
8

39
50

79
10

43+19
1.9+£15
332 +19.4
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OPS/images/fonc.2021.706503/table3.jpg
Variables

HR

Univariable

95% ClI

HR

Multivariable

95% CI

Age
<72.0
>72.0
Gender
Male
Female
Tumor stage
pT3
pT4
Concomitant CIS
No
Yes
LVI
No
Yes
Lymph node positivity
Negative
Positive
Surgical margin status
Negative
Positive
Type of urinary diversion
lleal conduit
Orthotopic neobladder
PD-L1 on TIICs
Negative
Positive

ref
1.01

ref
1.21

ref
211

ref
1.34

ref
1.08

ref
1.75

ref
1.31

ref
0.95

ref
1.7

0.989-1.031

0.617-2.381

1.240-3.597

0.866-2.212

0.512-2.234

1.200-2.682

0.963-1.781

0.550-1.628

1.028-2.855

0.305

0.577

0.006

0.201

0.839

0.004

0.092

0.843

0.039

ref
1.02

ref
1.15

ref
223

ref
1.38

ref
1.10

ref
1.79

ref
1.24

ref
0.85

ref
2.03

CIS, carcinoma in situ; LVI, lymphovascular invasion; PD-L1, programmed death-ligand 1; TIC, tumor-infiltrating immune cell.

0.993-1.042

0.553-2.402

1.278-3.896

0.842-2.243

0.586-2.055

1.083-3.232

0.940-1.612

0.385-1.885

1.186-3.461

0.215

0.704

0.005

0.253

0.773

0.021

0.126

0.691

0.010
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Parameters

Age
<72.0
>72.0
Gender
Male
Female
Tumor stage
pT3
pT4
Concomitant CIS
Yes
No
LvI
Yes
No
Lymph node positivity
Negative
Positive
Surgical margin status
Negative
Positive
Type of urinary diversion
lleal conduit
Orthotopic neobladder

Total

45
47

75
17

72
20

48
44

61
31

48
44

77
15

14
78

PD-L1 expression on TIICs

Ico
8(17.7)
12 (25.5)

15 (20.0)
5 (29.4)

15 (20.8)
5 (25.0)

13 (27.1)
7(15.9)

15 (19.5)
5(33.3)

3(21.4)
17 (21.8)

Ic1
12 (26.7)
10 (21.3)

17 (22.7)
5 (29.4)

16 (22.2)
6 (30.0)

11 (22.9)
11(25.0)

14 (23.0)
8(25.8)

16 (33.3)
6 (13.6)

17 (22.1)
5(33.3)

4(28.6)
18 (23.1)

1C2/3

25 (55.6)
25 (53.2)

43 (57.3)
7412

41 (57.0)
9 (45.0)

27 (56.3)
23 (52.3)

37 (60.6)
13 (41.9)

19 (39.6)
31 (70.5)

45 (58.4)
5(33.3)

7 (50.0)
43 (85.1)

P

0.625

0.474

0.628

0.929

0.151

0.011

0.199

0.840

CIS, carcinoma in situ; LVI, lymphovascular invasion; PD-L1, programmed death-ligand 1;
TIIC, tumor-infiltrating immune cell.
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Univariate analysis

Multivariate analysis

HR (95% CI) p-Value HR (95% CI) p-Value
Age 1.031 (0.997-1.067) 0.074 1.037 (1.002, 1.073) 0.037
Gender 2.344 (0.718-7.655) 0.158
Tumor size 1.065 (0.916-1.238) 0.412
Tumor number 0.858 (0.669-1.100) 0.228
Muscle infiltration 0.399 (0.14-1.135) 0.085 0.348 (0.119, 1.011) 0.052
Vessel invasion 1.547 (0.642-3.729) 0.331
Nerve invasion 2.801 (1.153-6.804) 0.023* 2.149 (0.869, 5.315) 0.098
History of Smoking 0.91 (0.473-1.753) 0.779
Intravesical therapy 1.438 (0.558-3.706) 0.451
MCT4 expression 2.024 (1.004-4.082) 0.049" 2.462 (1.202-5.042) 0.014
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Identification

Eligibility Screening

Included

Records identified through database Additional records identified
searching through other sources
(a=394) (@=0)

1

l

Records affer duplicates removed

(= 310)
v
T Records excluded afier
= 3109 f———»{ title and abstract reviewed
(0=256 )
= Full-text articles excluded.
Full-test artcles assessed with reasons (n =14 ):
for eligibility > Noavailable information
(0= 24) @=12)
Duplicate studies (n=2 )
v
Studies included in
ve synthesis
10)
v
Studies included in
quanitative synthesis

(meta-analysis)
@=10)






OPS/images/fonc.2021.677605/fonc-11-677605-g006.jpg
Rl T T T . e
| S o e
b
£l £ h
g 3
-1 = ; % 5 .
® eorisi ° portear ® ©






OPS/images/fonc.2021.719941/crossmark.jpg
©

2

i

|





OPS/images/fonc.2021.677605/fonc-11-677605-g005.jpg
"

"y

[H]

ssy





OPS/images/fonc.2021.734587/table1.jpg
Study ID Sample size Exosome extraction method Type of exosome Target molecular detection TP FP TN FN Sensitivity Specificity
(Ref/ (case/control) content/detection
Region) method
Bladder cancer
10/China 104/104 Urine Exosome RNA Isolation Kit (Norgen Biotek,  Nucleic acid/ Panel of INCRNAs (MALAT1+PCAT-1+SPRY4-IT1) 75 19 89 29  72.1% 856%
(Training set) ~ Thorold, Canada) ART-PCR
80/80 50 12 68 30 62.5% 85.0%
(Validation set)
11/ran 59/24 Urine Exosome RNA Isolation Kit (Norgen Biotek,  Nucleic acid/ Panel of INcRNAS 54 2 22 5 915% 91.7%
Thorold, Canada) QRT-PCR (UCA1-201+UCA1-203+
MALAT1+LINC00355)
12/Turkey 59/34 Urine Exosome RNA Isolation Kit (Norgen Biotek,  Nucleic acid/ Panel of miRNAs 52 7 27 7  800% 88.1%
Thorold, Canada) QRT-PCR (miR-1901-5p+miR-136-3p+
miR139-5p)
13/Egypt 7012 Gentrifugation, Filtration Non-Nucleic acid/ GDY protein 65 2 10 5  926% 83.3%
Elisa
14/Japan 36/24 Utracentrifugation Nucleic acid/ miR-21-5p 27 1 28 9 750% 95.8%
ART-PCR/
Renal cell carcinoma
15/China 70/30 Uttracentrifugation Nucleic acid/ miR-30c-5p 48 0 30 22 686%  1000%
GRT-PCR
16/Canada 28/18 Urine Exosome RNA Isolation Kit (Norgen Biotek,  Nucleic acid/ Panel of miRNAS 23 5 13 5 828% 700%
(Discovery set)  Thorold, Canada) GRT-PCR (miR-126-3p+miR-449a, the best combination)
81/33 68 12 21 13  838% 62.5%
(Validation set)
Prostate cancer
17/USA 568/268 Exosome RNA Isolation Kits (Norgen Biotek, Nucleic acid/ Panel of sS"cRNAs 533 11 257 35  93.8% 95.9%
(Training ety Ontario, Canada) QuantStudio OpenArray  (Selected miRNAs+ selected snoRNAs)
300/300 281 25 275 19 937% 91.7%
(Validation set)
16/Norway 2019 Sequential centrifugation Nucleic acid/ miR-196a 20 1 8 0 1000%  889%
NGS
19/Russia 14/20 Utracentrifugation Nucleic acid/ miR-19b. 180 20 1 929%  1000%
(TEV set) GRT-PCR
14/20 o119 3 786% 95.0%
(ERV set)
20/USA 89/106 Urine exosome clinical sample concentrator kit Nucleic acid/ Panel of mRNAs 67 49 57 22 753% 53.8%
(Exosome Diagnostics, Cambridge, MA, USA)  GRT-PCR (PCA3 and ERG)
21/Canada 28/28 Sucrose cushion ultracentrifugation Nucleic acid/ Panel of MRNAs and miRNAs 2 3 25 6 786% 89.3%
GRT-PCR (ANXA3, CD24, TMPRSS2-ERG, SLC45A3,
FOLH1, HPN, ITSN1, miR-375-3p, miR-574-3p)
22/ 48/26 Uttracentrifugation Nucleic acid/ Panel of miRNA isoforms 35 3 23 13 729% 88.5%
Netherlands GRT-PCR (isomiRs of miR-21, miR-204 and miR-375)
23/Belgium 85/122 N-butanol (Sigma-Aldrich, St. Louis, Missouri, Non-Nucleic acid/ Urinary vesicle-associated PSA extraction ratio 60 55 67 25  70.6% 54.9%
(Overall population  USA), Ultracentrifugation ECUA
set)
61/56 39 22 34 22 639% 60.7%
(sPSA between 4 ug/
Land 10 ug/L set)
24/Norway 1515 Sequential centrifugation Non-Nucleic acid/ Panel of lipids 14 0 15 1 933% 100%
Ms (LacCer; d18:1/16:0, PS; 18:1/18:1 and 18:0/
182)
25/Norway 16/16 Sequential centrifugation Non-Nucleic acid/ Flotilin 2 protein 14 1 15 2 87.5% 93.8%
1915 WB, ELISA Panel of proteins 13 1 14 6 684% 93.3%

(Flotilin 2 and PARK7)

TP, true positive; FP, false positive; TN, true negative; FN, false negative; GRT-PCR, quantitative real-time polymerase chain reaction; ELISA, enzyme-linked immunosorbent assay; NGS, next generation sequencing; MS, mass spectrometry;
WB, Weastern biotfing: ECLIA. alechochemiminascence immunoassay.
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coef HR HR.95L HR.95H P value
age 0.005597  1.005613  0.976774  1.035303  0.706164
gender 0.465879 1.693414 0.707722 3.5687523 0.26055
grade 0.470943 1.601504 1.019282 2.516297 0.041072
T 0.10912 1.115296 0.757509 1.642073 0.580355
M -0.00442  0.995594 0723228  1.370533 0.9784
N 0.082667 1.08618 0.664299 1.775988 0.74176
Risk Score  0.048964  1.060183  1.028824  1.071985  3.00E-06
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Gene id coef HR HR.95L HR.95H P value
NTS 0.250656 1.284869 1.048373 1574714 0.01573
BIRC5 0.465259 1592426 1189835  2.131239 0.001755
ELN 0.251228 1.285597 0.999556 1.663493 0.050406
CHGA 0.241936 1.273712 1.12858 1.437508 8.87E-05
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Variable Training cohort Testing cohort Entire cohort
(n=317) (n = 208) (n = 525)
Number (%) Number (%) Number (%)
Age
<60 158(49.84) 106(50.96) 264(50.29)
>60 169(50.16) 102(49.04) 261(49.71)
Gender
Female 109(34.38) 73(35.1) 182(34.67)
Male 208(65.62) 135(64.9) 343(65.33)
Grade
G1 8(2.52) 5(2.40) 13(2.48)
G2 131(41.32) 95(46.67) 226(43.05)
G3 127(40.06) 77(37.02) 204(38.86)
G4 47(14.83) 27(12.98) 74(14.10)
unknow 4(1.26) 4(1.92) 8(1.52)
AJCC stage
| 147(46.37) 114(71.28) 26149.71)
Il 42(13.25) 14(6.73) 56(10.67)
il 75(23.66) 48(23.08) 123(23.43)
v 52(16.40) 30(14.42) 82(15.62)
unknow 1(0.32) 2(0.96) 3(0.57)
T stage
T 150(47.32) 117(56.25) 267(50.86)
T2 49(15.46) 19(9.13) 68(12.95)
T3 111(35.02) 68(23.69) 179(34.1)
T4 7(2.21) 4(1.92) 11(2.10)
N stage
NO 138(43.53) 99(47.6) 237(45.14)
N1-3 11(3.47) 5(2.4) 16(3.05)
unknow 168(53) 104(50) 272(51.81)
M stage
MO 252(79.5) 165(79.33) 417(79.43)
M1 49(15.46) 29(13.94) 78(14.86)
unknow 16(5.05) 14(3.76) 30(5.71)
Variable E-MTAB-1980 cohort (n = 101) HSP cohort (n = 186)
Number (%) Number (%)
Age
<60 44(41.90) 132(70.96)
>60 57(58.10) 54(29.04)
Gender
Female 24(23.76) 121(65.05)
Male 77(76.24) 55(34.95)
Grade
G1 13(12.87) 44(23.66)
G2 59(58.41) 102(54.84)
G3 22(21.78) 28(15.05)
G4 5(4.96) 12(6.45)
unknow 0(0.00) 0(0.00)
AJCC stage
| 66(64.35) 102(54.54)
1 10(9.90) 36(19.36)
i 13(12.87) 24(12.90)
v 12(11.88) 24(12.90)
unknow 0(0.00) 0(0.00)
T stage
T 68(67.33) 110(69.14)
T2 11(10.89) 42(22.58)
T3 21(20.79) 25(13.44)
T4 1(0.99) 9(4.84)
N stage
NO 11(90.10) 176(94.62)
N1-3 10(9.90) 10(5.38)
unknow 0(0.00) 0(0.00)
M stage
MO 94(93.07) 171(91.94)
M1 7(6.93) 15(8.06)
unknow 0(0.00) 0(0.00)
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Gene id

BIRCS
CHGA
ELN
CCL19
LEFTY2
IL178
NR3C2
NTS
VTN
CR2

HR

2155273
1.268253
1.632013
1.297936
1.320668
1.631201
0.494363
1.325878
1.240989
1.266519

HR.95L

1.648415
1.150524
1.256153
1.13736
1127774
1.226547
0.327281
1.122007
1.077436
1.076726

HR.95H

2817979
1.398028
1.868453
1.481184
1.667704
2.169357
0.746742
1.5666794
1.42937
1.489766

P value

1.98E-08
1.75E-06
2.54E-05
0.000109
0.000696
0.000769
0.000815
0.000928
0.00275
0.004339
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Training set Test set
Cases (n) 203 86
Age (>60 years old; <60 years old, n) 115, 88 55, 31
Sex (male, female, n) 164, 49 58, 28
T stage (T1, T2, T3, T4, Tx, n) 134, 26, 40, 2, 1 60, 6, 19,0, 1
N stage (NO, N1, N2, Nx, n) 35,17, 1,150 15,7, 3, 61
M stage (MO, M1, Mx, n) 72,6, 125 30, 3,53
Grade stage (I, II, Ill, IV, n) 122, 18, 53, 10 58,3,19,6
Statue (alive, dead, n) 175, 28 70, 16
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Characteristics NMIBC p value MIBC p value

Training set Validation set Training set Validation set
(n=56) (n=55) (n=45) (n=31)
Age (mean + SD) 0.93 0.08
59.3 + 14.5 59.4 +£12.3 60.7 £ 10.3 65.0 + 10.6

Sex 0.08 0.51%
Male 44 35 37 28
Female 12 20 8 3

Smoking 0.50 0.88
No 40 36 21 15
Yes 16 19 24 16

Drinking 0.67 0.92
No 44 45 30 21
Yes 12 10 15 10

Tumor size (cm) 0.29 0.68
<3 29 34 21 13
>3 27 21 24 18

No. of tumors 0.38 0.98
Single 27 22 19 13
Multiple 29 33 26 18

Stage 0.51 =
Ta 13 10 N =
T 43 45 = =

Histologic grade 0.30 1.00*
Low grade 30 24 6 4
High grade 26 31 39 27

Lymph node metastasis 0.62% 0.16
No 538 54 38 22
Yes 3 1 4 9

Continuity correction of Pearson’s chi-square test.
SD, standard deviation.
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[Data collection of somatic mutation profiles, transcriptoms
profiles and clinical features of ceRCC
¥
Division of patients into genomically stable (GS)-group and genomically unstable
(GU)-group according to the cumulative number of somatic mutations

GUgroup

LcRNA profle feeniat LicRNA profle
O GUgroup. ﬂ—a’—“m e o GS-group

renomic instabilty-derived IncRNAS

Identification of genomic instability-derived IcRNAS (GID-IncRNAS)
between GS- and GU- groups by differentially expressed analysis
v
Tdentification of overall survival (OS) related
GID-IncRNAs using univariate Cox regression

(Division of samples into training dataset and testing dataset)

L2
Development of the GID-IncRNAs risk signature with
Least absolute shrinkage and selection operator (LASSO)
Cox regression i training dataset
Y
Classification of paients into high-risk group and
low-risk group accoring to the risk signauture

((Analysis of the mutation profiles of the two risk group)

v
Validation of the predictive effectiveness of the risk
signature in both training dataset and testing dataset
v v

Overall survival | (Receiver operating characteris
analysis (ROC) analysis

Clinical s]gmﬁ:nnce ‘Independent pmgnosllc]
analysis effectiveness analysis

12

(Predction and exploration of the function)
Of GID-IncRNAS risk signature

v 4
Enrichment analysis on) ~(~Prediction of the efficacy of precise ) (* Prediction of the efficacy of
involved IncRNAS treatment by differentially expressed | | precise treatments by tumor

analysis of targets of precise treatments.
between two risk groups
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Target gene

Primer sequence (5’-3)

Location

Product size (bp)

CEP63

FOSL2

GHR

PAQR6

ZFAND3

TBP

Forward: CACTCGCTTTCCTCGGATTC
Reverse: CAATGCCTTCTCCAGACTTCC
Forward: ACAGAGTGGAACAGCCGTATGC
Reverse: AAACCCAACTGCCCAATCTTCTTAG
Forward : ATCCTTAGCAGAGCACCCT
Reverse: CCAGTTACTACCATCCCAAATA
Forward: CCACACCTCAATCCACCAAACC
Reverse: CAGGGAAGAACTAACACGACTAACC
Forward: CACCTGATCAATTAAGAGGATTCGG
Reverse: GTGTGTGCTAAACATCTCAATTCTG
Forward: GAACTGGCTTATAGGACTGT
Reverse: CTGGAACTCGTCTCACTATT

chr3:134,204,865-134,204,940

chr2:28,637,135-28,637,350

chr5:42,629,151-42,629,308

chr1:156,213,318-156,213,554

¢hr6:37,979,590-37,979,843

chr6:170,865,900-170,866,078

76 bp

216 bp

158 bp

237 bp

254 bp

179 bp
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Gene Agilent probe ID Location Copy number Frequency
CEP63 A_14_P100520 3qg22.2 Gain 44/65
GHR A_14_P127533 5p13-p12 Gain 43/65
PAQR6 A_14_P131501 1922 Gain 39/65
FOSL2 A_14_P109117 2p23.3 Gain 37/65
ZFAND3 A_14_P102497 6pter-22.3 Loss 40/65
TBP A_14_P114920 6027 No change 0/65
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BC tumor (n=219)

Parameters
Cases

Age

<65 133

> 65 86
Sex

Male 169

Female 50
Stage

Ta-T1 127

T2-T4 92
Histologic grade

Low grade 7

High grade 142
Lymph node metastasis

No 195

Yes 24

In bold: p < 0.05.

CEP63

2.030 (1.755-4.227)
2.181 (1.731-3.332)

2.077 (1.742-4.146)
2.040 (1.719-3.446)

1.952 (1.664-2.831)
2.327 (1.881-10.846)

1.784 (1.624-2.354)
2.326 (1.881-6.038)

2.021 (1.715-3.084)
13.790 (2.365-67.525)

p value

0.751

0.640

1.475E-04

1.927E-06

3.772E-07

FOSL2
1.089 (0.973-1.267)
1.125 (0.982-1.525)

1.109 (0.976-1.349)
1.089 (0.981-1.258)

1.074 (0.950-1.186)
1.173 (1.020-1502)

1.069 (0.974-1.181)
1.138 (0.980-1.461)

1.099 (0.977-1.338)
1.158 (0.962-1.36)

p value

0.163

0.539

0.001

0.047

0.627

PAQR6

1.388 (1.052-1.861)
1.489 (1.053-1.914)

1.433 (1.052-1.909)
1.393 (1.072-1.733)

1.397 (1.112-1.798)
1.447 (1.041-1.911)

1.388 (1.116-1.749)
1.445 (1.049-1.918)

1.433 (1.086-1.878)
1.307 (0.800-2.201)

p value

0.366

0.608

0.821

0.641

0.581
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NMIBC/MIBC Parameters Categories Univariate analysis Multivariate analysis

HR 95% Cl p value HR 95% CI p value
lower upper lower upper

NMIBC Age >65 vs. <65 0.956 0.524 1.745 0.883
Sex Male vs. Female 1.029 0.558 1.896 0.927
Tumor size (cm) >3 vs. <38 0.886 0.497 1.582 0.683
No. of tumors Multiple vs. Single 1.321 0.735 2.376 0.352
Tumor stage Tivs. Ta 1.168 0.563 2.423 0.677
Histologic grade High vs. Low 1.046 0.591 1.850 0.878
Lymph node metastasis Positive vs. Negative 1.367 0.329 5.687 0.667
Surgery RC vs. TURBT 0.510 0.181 1.436 0.202
Smoking Yes vs. No 1.231 0.675 2.246 0.498
Drinking Yes vs. No 1.890 0.951 3.753 0.069

CEP63 CNVs High vs. Low 3.005 1.569 5.755 0.001 2.801 1.472 5.328 0.002

FOSL2 CNVs High vs. Low 3.303 1.503 7.258 0.003 3.146 1.430 6.921 0.004
PAQR6 CNVs High vs. Low 1.105 0.515 2372 0.798
MIBC Age >B5 vs. <65 0.884 0.480 1.628 0.693
Sex Male vs. Female 1.547 0.761 3.144 0.228
Tumor size(cm) >3 vs. <3 1.306 0.727 2.346 0.373
No. of tumors Muittiple vs. Single 1.279 0.707 2.314 0.416
Tumor stage T3-4 vs. T2 1.365 0.756 2.467 0.302
Surgery RCvs. PC 1.016 0.550 1.877 0.960
CEP63 CNVs High vs. Low 0.709 0.395 1.275 0.251

FOSL2 CNVs High vs. Low 6.130 2.345 16.006 0.0002 3.267 1.184 9.015 0.022

PAQR6 CNVs High vs. Low 8.060 2.436 26.692 0.001 4.300 1.209 16.301 0.024

DFS, disease-free survival; NMIBC, non-muscle-invasive bladder cancer; MIBC, muscle-invasive bladder cancer; CNVs, copy number variations; HR, hazard ratio; Cl, confidence interval;
RC, radical cystectomy; TURBT, transurethral resection of bladder tumor; PC, partial cystectomy.
In bold: p < 0.05.
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Characteristics Tumor group Urine gPCR Urine dPCR

(%) group (%) group (%)
n=219 n=123 n=40

Age (mean = SD) 60.7 +12.8 62.5+12.4 561 +156.8
Sex

Male 169 (77) 84 (68) 29 (73)

Female 50 (23) 39 (32) 11 (28)
Smoking

No 129 (59) 83 (67) 26 (65)

Yes 90 (41) 40 (33) 14 (35)
Drinking

No 164 (75) 97 (79) 32 (80)

Yes 55 (25) 26 (21) 8 (20)
Tumor size

<3 114 (52) 98 (80) 30 (75)

>3 105 (48) 25 (20) 10 (25)
Number of tumors

Single 95 (43) 60 (49) 18 (45)

Multiple 124 (57) 63 (51) 22 (55)
Stage

Ta+T1 127 (58) 104 (84) 21 (52)

>T2 92 (42) 19 (16) 19 (48)
Histologic grade

Low grade 77 (35) 78 (63) 20 (50)

High grade 142 (65) 45 (37) 20 (50)
Lymph node
metastasis

No 195 (89) 121 (98) 38 (95)

Yes 24 (11) 2 2 (5)
Treatment

TURBT 63 (29) 100 (81) 27 (68)

Cystectomy 156 (71) 23 (19) 13(32)

gPCR, real-time PCR; dPCR, digital PCR; SD, standard deviation; TURBT, transurethral
resection of bladder tumor.
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Cohort Univariate Multivariate
HR 95% Cl P HR 95% ClI P
TCGA Sex
male vs female 0.87 0.63-1.20 0.379 / i /
Age
>65 vs <65 1.98 1.41-2.78 <0.0001 1.77 1.26-2.50 0.001
Grade
high vs low 295 0.73-11.96 0.128 / / /
Stage
WAV vs VIl 2.16 1.50-3.12 <0.0001 1.86 1.28-2.69 0.001
MLPS
high vs low 220 1.61-3.01 <0.0001 1.93 1.39-2.66 <0.0001
NLR
high vs low 2.06 1.44-2.96 <0.0001 1.55 1.06-2.25 0.023
General Sex
male vs female 0.88 0.39-1.98 0.755 1 / /
Age
>65 vs <65 1.62 0.84-3.10 0.149 /) / /
Grade
high vs low 23.72 0.30->100 0.155 'k / /
Stage
WAV vs VIl 3.04 1.63-5.65 <0.0001 2.63 1.39-4.97 0.003
MLPS
high vs low 3.22 1.49-6.95 0.003 2.78 1.27-6.09 0.01
NLR
high vs low 3.75 2.05-6.86 <0.0001 2.7 1.45-5.06 0.002

TCGA, The Cancer Genome Atlas: HR, hazard ratio; Cl, confidence interval.
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TCGA Cohort (406) General Cohort (102)

Gender

Male 299 (73.6%) 88 (86.3%)

Female 107 (26.4%) 14 (13.7%)
Age(years)

>65 255 (62.8%) 62 (60.8%)

<65 151 (37.2%) 40 (39.2%)
Race

White 323 (79.5%) 0

Asian 43 (10.6%) 102 (100%)

Black 23 (5.7%) 0

Unknown 17 (4.2%) 0
Grade

High 383 (94.3%) 94 (92.2%)

Low 20 (4.9%) 8 (7.8%)

Unknown 3 (0.8%) 0
Stage

| 2 (0.5%) 0

1] 129 (31.8%) 57 (55.9%)

il 140 (34.5%) 23 (22.5%)

v 133 (32.7%) 22 (21.6%)

Unknown 2(0.5%) 0
Survival status

Alive 227 (55.9%) 61 (58.7%)

Dead 179 (44.1%) 43 (41.3%)

TCGA, The Cancer Genome Atlas.
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Characteristics NMIBC' (n=33) MIBC? (n=15) P-value
Age, mean (SD) 65.7 (10.2) 65.6 (10.2) 0.493
Gender, n (%) 0.143
Female 2(6.1) 3(20.0

Male 31(93.9) 12 (80.0)

Body mass index, mean (SD) 24.1 (3.5 24.4 (3.7) 0.654
Smoking history, n (%) 0.834
Yes 23 (69.7) 10 (66.7)

No 10 (30.3) 5(33.3

Drinking history, n (%) 0.875
Yes 4 (42.4) 6 (40.0)

No 9(67.6) 9 (60.0)

Hematuria, n (%) 0.688
Yes 20 (60.6) 10 (66.7)

No 13 (39.4) 5(33.3)

Urine, median (IQR)

Leucocyte (/ul) 20.8 (4.5-562.5) 34.6 (6.5-171.7) 0.317
Bacterium (/ul) 42.2(13.6-317.8) 100.2 (28.1-513.5) 0.247
Blood, median (IQR)

Serum creatinine (umol/L) 81.0 (73.0-93.5) 85.0 (77.0-92.0) 0.456
Serum urea (mmol/L) 5.8 (65.2-6.8) 5.6 (4.8-7.3) 0.841
Serum uric acid (umol/L) 366.0 (287.0-435.5) 344.0 (281.0-380.0) 0.312
Pathological grade, n (%) 0.004
PUNLMP 5(15.2) 0

Low grade 1(33.3 0

High grade 17 (61.5) 15 (100.0)

Initial BC, n (%) 0.259
Yes 14 (57.8 6 (40.0

No 19 (42.4) 9(60.0)

Tumor focus, n (%) 0.724
Nonmultifocality 18 (54.5) 9(60.0)

Multifocality 15 (45.5) 6 (40.0)

Tumor size, n (%) 0.040
< 20mm 7(51.5) 3(20.0)

> 20mm 16 (48.5) 12 (80.0)

Surgical options, n (%) 0.151
Radical Cystectomy 4(12.1) 5(33.3)

TURBT® 29 (87.9) 10 (66.7)

CTCs/3 mL, median (IQR) 1.88 (0.76-3.00) 4.67 (1.41-7.93) 0.019

"MIBC. muscle-invasive bladder cancer: 2NMIBC. non-muscle-invasive bladder cancer: 3TURBT. Transurethral resection of bladder tumor.
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Variables No. of studies No. of patients Effects model HR (95%CI) P P (%)

P for heterogeneity

Total 4 2,078 REM 2.95 (1.61-5.39) <0.001 67.2
Cut-off value

<45 1 660 — 1.51(0.94-2.45) 0.089 -
245 3 1,418 FEM 4.05 (2.61-6.29) <0.001 0
Cut-off value determination

ROC analysis 2 783 FEM 3.65 (1.95-6.85) <0.001 0
Cox model 1 635 = 4.47 (2.42-8.27) <0.001 =
X-tile program A 660 = 1.51(0.94-2.45) 0.089 =
Survival analysis

MVA 3 1,443 FEM 2.49 (1.28-4.87) 0.008 59.3
UVA 1 635 = 4.47 (2.42-8.27) <0.001 -

ROC, receiver operating characteristic; MVA, multivariate; UVA, univariate; FEM, fixed-effects model: REM, random-effects model.

0.027

0.830

0.681

0.086
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Variables

Total

Ethnicity
Asian

Non-Asian

Cut-off value
<45

>45

Cut-off value determination
ROC analysis

Cox model
X-tile program
Treatment
Partial or radical
nephrectomy
TKls

Survival analysis
MVA

UVA

Metastatic status
Non-metastatic

Metastatic
Mixed

Histology
ccRCC+nccRCC

ccRCC

No. of studies

No. of patients

3,563

2,782

7

1,126

2,427

2,338
555

660

3,250

303

3,428

125

1,230

303

2,020

2,782

77

Effects
model

FEM

FEM

FEM

FEM

FEM

FEM

FEM

FEM

FEM

FEM

FEM

FEM

FEM

FEM

FEM

HR (95%CI)

1.99 (1.67-
2.36)

1.94 (1.60-
2.36)
2.18 (1.48-
3.20)

2.15 (1.60-
2.88)
1.91(1.56-
2.36)

1.96 (1.59-
2.40)
2.35 (1.43-
3.84)
1.89 (1.23-
2.89)

1.98 (1.62-
2.40)
2,03 (1.42-
2.91)

1.95 (1.63-
2.33)
2.86 (1.33-
6.15)

244 (1.75-
3.40)
208 (1.42-
2.91)
1.76 (1.38-
2.25)

1.94 (1.60-
2.36)
218 (1.48-
3.20)

p

<0.001

<0.001

<0.001

<0.001

<0.001

<0.001

0.001

0.003

<0.001

<0.001

<0.001

0.007

<0.001

<0.001

<0.001

<0.001

<0.001

P (%)

14.9

231

P for
heterogeneity

0.563

0.340

0.804

0.628

0.317

0.273

0.510

0.427

0.321

0.558

0.520

0.321

0.702

0.340

0.804

TKis, tyrosine kinase inhibitors; ROC, receiver operating characteristic; MVA, multivariate; UVA, univariate; FEM, fixed-effects model; REM, random-effects model; ccRCC, clear cell renal

cell carcinoma; nccRCC, non- clear cell renal cell carcinoma.
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Variables

Total

Ethnicity

Asian

Non-Asian

Cut-off value

<45

>45

Cut-off value determination
ROC analysis

Cox model

X-tile program
Median value
Treatment

Partial or radical nephrectomy
Radical nephrectomy
TKIs

Survival analysis
MVA

UVA

Metastatic status
Non-metastatic
Metastatic

Mixed

Histology
ccRCC+nccRCC
ccRCC

No. of studies

8

IS

- o s

-

7
1

No. of patients
4,019

3,678
341

1,622
2,497

2,203
760
660
396

2,996
324
699

2,863
1,156

1,300
699
2,020

2,678
341

Effects model

REM

REM

FEM
REM

FEM
FEM

REM

REM

FEM
REM

REM
REM
FEM

REM

HR (95%ClI)
2.10 (1.67-2.64)

2.17 (1.68-2.81)
1.78 (1.09-2.75)

1.92 (1.61-2.28)
2.42 (1.49-3.93)

1.81(1.43-2.27)
3.22 (2.34-4.43)
1.64 (1.04-2.57)
1.80 (1.42-2.28)

2.02 (1.39-2.93)
417 (1.88-9.23)
2.02 (1.49-2.73)

1.77 (1.44-2.17)
2.60 (1.64-4.12)

291 (1.60-5.29)
2.02 (1.49-2.73)
1.64 (1.24-2.71)

247 (1.68-2.81)
1.73 (1.09-2.75)

p

<0.001

<0.001
0.021

<0.001
<0.001

<0.001

<0.001
0.031

<0.001

<0.001
<0.001
<0.001

<0.001
<0.001

<0.001
<0.001
<0.001

<0.001
0.021

P (%)
56.9

62.2

339
730

35.8

65.3
525

16.9
7

69.5
525
0

622

P for heterogeneity

0.023

0.015

0.209
0.011

0.198
0.368

0.034

0.122

0.307
0.011

0.038
0.122
0.990

0.015

TKis, tyrosine kinase inhibitors; ROC, receiver operating characteristic; MVA, multivariate; UVA, univariate; FEM, fixed-effects model; REM, random-effects model; ccRCC, clear cell renal

cell carcinoma; nccRCC, non- clear cell renal cell carcinoma.
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Author Year Selection Comparability Outcome NOS

score
Representativeness Selection Ascertainment  Demonstration Comparability Assessment Was follow- Adequacy
of the exposed of the of exposure  that outcome of  of cohorts on  of outcome up long of follow
cohort non- interest was not the basis of enough for up of
exposed present at start the design or outcomes cohorts
cohort of study analysis to occur

Broggi 2016 % * * * * * = * 7
Cai 2017 - * * * * % * * * 8
Hu 2020 * * * * * * * - T:
Kang 2017 % * * * *x * = * 8
Kim 2020 * * * * * % * * = 8
Kwon 2017 *x = * * * * * * 7
Lucca 2015 * * * * *x * * * 9
Peng 2017 »x * * * *x * * - 8
Yasar 2020 * * * * * * - * 7
Zheng 2018 - * * * * * * * 7

NOS, Newcastle-Ottawa Scale. A star represents one point.





OPS/images/fonc.2021.701298/fonc-11-701298-g001.jpg
o Capture unit

® Captured CTC

gyt v

et 80

Tegevme
2%

e ogy 00 g o0

o tom
s
DO )

oo our)

o g g sge vge

(g) Shaarsuoss oo (h)  SheorRate 75

'I 3 “G'






OPS/images/fonc.2021.719941/table1.jpg
TABLE 1 | Main characteristics of eligible studies in the meta-analysis.

Author Year Country Ethnicity No.of Age(year) Study Metastatic Fuhrman Histologytype  Treatment  Cut-off Cut-off deter- Su

ival Survival ~ Study NOS

patients duration  status grade value  mination  endpoints analysis design score
Broggi 2016 USA  Non- 341 Medan615 2001  Non- G1-G2:151 coRCC:341  Partialorradicdl 447 ROCanalysis OS,RFS  MVA R 7
Asian 2014 metastatic  G3-G4:190 nephrectomy
Cai 2017 China  Asin 178 Median:60  2006- Mefastatic  G1-G2:103 ccRCCi170  TKis 5162 ROCanaysis OS,PFS  MVA R 8
Range:24- 2015 G3-G4:60  nocRCC:8
82 Unknown:15
Hu 2020 China  Asan 660  Mean:5489 2010 Mixed G1-G2:356 CORCC:558  Partialorradicdl 443 X-tleprogram  OS, PFS,  MVA R 7
2013 G3-G4:304 nccRCC:102  nephrectomy css
Kang 2017 Korea  Asian 324 Medans5 1996~  Non- G1-G284  coRCC:278  Radical 45  ROCanaysis 0S,CSS  MVA R 8
Range:d8- 2012 metastaic  G3-G4:237 nccRCC:43  nephrectomy
64
Kim 2020 Korea  Asian 459 Mean:558  1994-  Non- G1-G2:176  coRCC:398  Partial or radical 51 ROCanaysis RFS,CSS  MVA R 8
Rangei8- 2017  metastaic G3-G4:283 nccRCC:61  nephrectomy
81
Kwon 2017 Korea  Asian 125 Medians8  2007- Mefastatic ~G1-G230  ccRCC:102  TKis 41 Coxmodel  OS,PFS  UVA R 7
2014 G3-G4:55  nccRCC:15
Unknown:40  Unknown:8
Lucca 2015 Austia  Non- 430  Medan655 2002 Non- G1-G2:346  CORCC:430  Partial or radical 48 Coxmodel  DFS MVA R 9
Asian 2014 metastatic  G3-G4:84 nephrectomy
Peng 2017 China  Asin 1360 Mean:55 2001~ Mixed G1-G2:1103 coRCCi1228  Partialorradical ~ 47.62 ROCanalysis  OS,PFS  MVA R 8
Rangeit4- 2010 G3-G4:257 nccRCC:132  nephrectomy
87
Yasar 2020 Turkey ~Asian 39 Mean:58 2007-  Mefastatic  NR CoRCC:205  TKis 385 Medanvae OS UVA R 7
Range:29- 2017 nceRCC:63
88
Zheng 2018 China  Asian 635  Mean61.7  2004- Non- G1-G2:472  CoRCC:559  Partial or radical 48 Coxmodel  0S,CSS  UVA R 7

2014  metastatic ~ G3-G4:163 nccRCC:76  nephrectomy

CCRCC, clear cell renal cel carcinoma; necRCG, non- clear cell renal cell carcinoma; O, overall survival: RS, recurrence-free survival; PFS, progression-free survival; DFS, disease-free survival; CSS, cancer-specific survival; TKIs, tyrosine
kinase inhibitors: NIR, not reparted: ROC, neceiver operating characteristic: MVA, mullivariale; UVA, univariale: NOS. Newcastie-Oltawa Scale: R, retrospective.
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No pT3a Upstaging pT3a Upstaging p value

Patients (%) 1243 (93.9) 81(6.1)

Patient characteristics

Age (years), median [IQR] 53 (46-61) 53 (46-62) 0.842
Gender, N (%) 0.921
Male 822 (66.1) 54 (66.7)

Female 421 (33.9) 27 (33.3)

BMI (kg/m?), median [IQR] 24.2 (22.0-26.4) 24.1 (22-25.8) 0.675
Comorbidities, N (%)

Hypertension 367 (29.5) 20 (24.7) 0.354
Diabetes mellitus 138 (11.1) 10 (12.3) 0.731
CAD/CVD 72 (5.8 3@.7) 0.619
Surgical approach, N (%) 0.577
Laparoscopic 1156 (93.0) 74 (91.4)

Open 87 (7.0) 7(8.6)

Nephrectomy type, N (%) <0.001
PN 799 (64.3) 29 (35.8)

RN 444 (35.7) 52 (64.2)
ASA score, N (%) 0.834
1-2 1114 (89.6) 72 (88.9)

3-4 129 (10.4) 9(11.1)

Preoperative laboratory examination

Neutrophil count (10A9/L), median [IQR] 3.24 (2.62-4.12) 3.98 (3.14-5.09) <0.001
Lymphocyte count (10/9/L), median [IQR] 1.75 (1.42-2.15) 1.58 (1.39-1.86) 0.023
Platelet count (10A9/L), median [IQR] 205 (171-247) 226 (189-278) 0.003
Monocyte count (10A9/L), median [IQR] 0.45 (0.36-0.56) 0.53 (0.39-0.69) 0.001
NLR, median [IQR] 1.9 (1.4-2.5) 2.3(1.7-3.5) <0.001
PLR, median [IQR] 117.2 (91.1-146.3) 142.5 (104.9-179.2) <0.001
LMR, median [IQR] 3.9(3.1-5.1) 3.2 (2.5-4.1) <0.001
Hemoglobin (g/L), median [IQR] 136 (124-147) 132 (115-145) 0.047
Albumin (g/L), median [IQR] 41.0(38.8-43.1) 40.2 (37.8-42.6) 0.087
Globulin (g/L), median [IQR] 27.3 (24.9-30.3) 29.5 (25.5-33.9) <0.001
AGR, median [IQR] 1.5(1.3-1.7) 1.4 (1.1-16) <0.001
PNI, median [IQR] 499 (46.8-53.3) 48.4 (45.6-51.5) 0.007
Serum creatinine (umol/L), median [IQR] 74 (62-87) 83 (66-96) 0.004
TCt (mmol/L), median [IQR] 4.07 (3.57-4.59) 3.98 (3.37-4.39) 0.118

AGR, albumin to globulin ratio; ASA, American Society of Anesthesia; BMI, body mass index; CAD, coronary arterial disease; CVD, cerebrovascular disease; IQR, interquartile range; LMR,
lymphocyte to monocyte ratio; NLR, neutrophil to lymphocyte ratio; PLR, platelet to lymphocyte ratio; PN, partial nephrectomy; PNI, prognostic nutrition index; RN, radical nephrectomy;

TC, total cholesterol.

TLimited to the 1288 patients, including 1207 non-upstaged and 81upstaged patients.
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Chromosome txStart txEnd Gene name Fold change
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Patients (%)
Patient characteristics
Age (years), median [IQR]
Gender, N (%)

Male

Female
BMI (kg/m?), median [IQR]
Comorbidities, N (%)

Hypertension

Diabetes mellitus

CAD/CVD
Surgical approach, N (%)

Laparoscopic

Open
Nephrectomy type, N (%)

PN

RN
ASA score, N (%)

1-2

3-4
Preoperative laboratory examination
Neutrophil count (10A9/L), median [IQR]
Lymphocyte count (10/9/L), median [IQR]
Platelet count (10A9/L), median [IQR]
Monocyte count (10A9/L), median [IQR]
NLR, median [IQR]
PLR, median [IQR]
LMR, median [IQR]
Hemoglobin (g/L), median [IQR]
Albumin (g/L), median [IQR]
Globulin (g/L), median [IQR]
AGR, median [IQR]
PNI, median [IQR]
Serum creatinine (umol/L), median [IQR]

Training cohort

Validation cohort

No pT3a Upstaging pT3a Upstaging

872 (94.2) 54 (5.8)

54 (46-61) 53 (44-62)
571 (65.5) 37 (68.5)
301 (34.5) 17 (31.5)
24.1 (22.0-26.1) 23.9 (21.9-25.3)
243 (27.9) 13 (24.1)
99 (11.4) 5093
50 (5.7) 1(1.9
819 (93.9) 50 (92.6)
53 (6.1) 4(7.4)
550 (63.1) 18 (33.3)
322 (36.9) 36 (66.7)

784 (89.9) 46 (85.2)

88 (10.1) 8(14.8)
3.25 (2.64-4.11) 3.95 (3.15-5.14)
1.74 (1.42-2.12) 1.57 (1.34-1.83)

204 (170-245) 227 (194-283)
0.45 (0.36-0.56) 0.54 (0.39-0.71)
1.9(1.4-2.5) 2.4 (2.0-3.6)
119.4 (92.1-146.9) 148.7 (103.9-192.2)
39(3.1-5.1) 2.9 (2.3-3.9)
136 (124-147) 131 (109-145)
40.9 (38.7-43.1) 40.0 (37.9-42.5)
27.4 (24.9-30.4) 30.2 (25.6-35.9)
1.5(1.3-1.7) 1.4 (1.1-1.6)
49.7 (46.8-53.2) 48.3 (45.5-51.6)
74 (62-87) 88 (67-98)

p value

0.748
0.648

0.348

0.545
0.636
0.356
0.568

<0.001

0.269

<0.001
0.032
0.003
0.005
<0.001
<0.001
<0.001
0.039
0.219
0.001
0.002
0.025
0.004

No pT3a Upstaging pT3a Upstaging

371(93.2) 27 (6.8)
53 (47-61) 54 (50-62)
251 (67.7) 17 (63.0)
120 (32.3) 10 (37.0)

24.2 (22.1-26.7) 25.2 (22.7-26.4)

124 (33.4) 7(25.9)

39 (10.5) 5(18.5)

22 (5.9) 2(7.4

337 (90.8) 24 (88.9)

34(9.2) 3(11.1)

249 (67.1) 11 (40.7)

122 (32.9) 16 (59.3)

330 (88.9) 26 (96.3)

41 (11.1) 1@7)
3.20 (2.53-4.21) 4.01 (3.27-5.04)
1.77 (1.42-2.22) 1.59 (1.43-1.90)

207 (177-248) 214 (185-264)
0.45 (0.36-0.56) 0.48 (0.41-0.65)
1.8 (1.4-2.5) 2.1 (1.7-2.9)
113.5 (89.2-143.6) 115.3 (107.1-173.6)
4.0(3.2-5.2) 8 (2.9-4.3)
138 (125-148) 138 (119-147)
41.2 (39.3-43.2) 40.5 (37.5-43.0)
27.2 (24.9-29.8) 28.8 (25.5-31.3)
1.5(1.4-1.7) 1.4(1.3-1.6)
50.2 (46.7-54.0) 48.7 (46.3-50.7)
74 (62-87) 78 (64-92)

p value

0.408
0.616

0.624

0.423
0.203
0.673
0.729

0.005

0.338

0.011
0.348
0.334
0.105
0.046
0.191
0.127
0.607
0.227
0.096
0.071
0.106
0.372

AGR, albumin to globulin ratio; ASA, American Society of Anesthesia; BMI, body mass index; CAD, coronary arterial disease; CVD, cerebrovascular disease; IQR, interquartile range; LMR,
lymphocyte to monocyte ratio; NLR, neutrophil to lymphocyte ratio; PLR, platelet to lymphocyte ratio; PN, partial nephrectomy; PNI, prognostic nutrition index; RN, radical nephrectomy.
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Patients, (%)
Laterality, N (%)
Left
Right
Hilar location, N (%)
No
Yes
Tumor location, N (%)
Posterior
Anterior
Lateral
Tumor size (cm), median [IQR]
Clinical T stage, N (%)
Ta
Tib
R.E.N.A.L. score, median [IQR]
R.E.N.A.L. complexity, N (%)
Low [4-6]
Moderate [7-9]
High [10-12]
Tumor histology, N (%)
Clear cell RCC
Papillary RCC
Chromophobe RCC

Other (Benign, Mixed, Cystic, etc.)

Histologic grade, N (%)
Low (-1l)
High (Il-1V)
Unknown or n/a*

Training cohort

Validation cohort

No pT3a Upstaging
872 (94.2)

407 (46.7)
465 (53.3)

740 (84.9)
132 (16.1)

339 (38.9)

329 (37.8)

204 (23.3)
3.8 (2.8-5.0)

483 (55.4)
389 (44.6)
8(6-9)

269 (30.8)
484 (55.5)
119 (13.7)

673 (77.2)
75 (8.6)
124 (14.2)

pT3a Upstaging

54 (5.8)

43 (79.6)
1 (20.4)

21(38.9)

17 (31.5)

16 (29.6)
52 (3.5-6.4)

19 (35.2)
35 (64.8)
9(7-9)

10 (18.5)
31 (57.4)
13 (24.1)

31 (57.4)
9(16.7)
3(5.6)
11(20.3)

22 (40.7)
17 (31.5)
15 (27.8)

p value

0.957

0.302

0.506

<0.001

0.004

0.001

0.039

0.001

<0.001

No pT3a Upstaging
371(93.2)

198 (53.4)
173 (46.6)

323 (87.1)
48 (12.9)

135 (36.4)

149 (40.2)

87 (23.4)
3.9(29-5.0

199 (53.6)
172 (46.4)
7(5-9)

145 (39.1)
175 (47.2)
51(13.7)

287 (77.4)
31(8.4)
53 (14.2)

pT3a Upstaging
27 (6.8)

11 (40.7)

23(85.2)
4(14.8)

11 (40.7)
10(37.0)
6(22.3)

45(3.7-60)

10(37.0)
17 (63.0)
9 (7-10)

4(14.8)
16 (59.3)
7(25.9)

23(85.2)
137
2(7.4)
137)

14 (51.9)
9(333)
4(14.8)

p value

0.205

0.767

0.901

0.017

0.095

0.010

0.026

0.998

0.001

IQR, interquartile range; n/a, not applicable; RCC, renal cell carcinoma; R.E.N.A.L. nephrometry score consists of [Rladius [tumor size as maximal diameter], [Ejxophytic/endophytic

properties of the tumor, [Njearness of tumor deepest portion to the collecting system or sinus, [Ajnterior [a)/posterior [p] descriptor and the [Ljocation relative to the polar line.
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Author

Paul Hoffmann
M'LISS A. HUDSON
Ryan K. Berglund
Joseph J. Crivell

Stephen A. Boorjian
Ted A Skolarus
Jason R. Gee

Michael J. Lipsky
Ashish M. Kamat
R.A Gardiner

JA. Wities
Rupesh Gupta

Nirmish Singla

Year

2006
1990
2008
2013

2009
2009
2008

2013
2007
1993
1993
2017

2016

Average age
(E/C)

70/63
NA
69/65
66.2/65

69/65
68.9/68.1
72/63

74/68

NA
69/70
NA
55/58

Tumor Stage (E/C)

NA

Ta/T1/Tis:
Ta/T1/Tis:
Ta/T1/Tis:

Ta/T1/Tis:
Ta/T1/Tis:
Ta/T1/Tis:
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NA
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: 341/776 >T2:0/0
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: 43/47 2T2:0/0

: 20/23 2T2:0/0

: 89/125 >T2:0/0

: 9/36 2T2:0/0
42/141 2T2:000

: 15/88 >T2:0/0

64/99 62/99

Fcv
Statins

Statins
o]

Statins
Statins

Fal
Statins
FCl

FCl

Statins
FCl
FCl
FCl

Statins &
FCI

Sample size
(E/C)

19/65
291120
245/707
341/776

221/686
43/47
20/23

89/125

39117
/36

427141
15/88

64/99 62/99

Follow up (month) (E/C)

37/50
26.5+11.0/29.8 + 13.1
516
62.7

50.4
56.4 + 36.0/ 66 + 38.4
66

441
56
20
54

108

314

Duration of BCG

NA

6-12 weeks

NA

1: 6 weeks M: 36
months.

6 weeks

6 weeks

NA

1: 6 weeks M: 36
months

NA

6 weeks

6 weeks

1: 6 weeks M: 18
months.

1: 6 weeks M: 18
months

Endpoints

Progression rate, PFS
Recurrence rate, RFS

Recurrence rate, RFS

Recurrence rate, Progression rate, RFS,
PFS, CSS, 0S

Recurrence rate, RFS

Progression rate, PFS, CSS, 0S
Recurrence rate, Progression rate, RFS,
PFS

Recurrence rate, RFS

Recurrence rate, Progression rate
Recurrence rate, RFS

Recurrence rate, RFS

Recurrence rate, Progression rate, RFS,
PFS

RFS, PFS, CSS, 0S
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Gene Hazard ratio 95% CI Coefficient p-value

NDUFS1 3.0537 1.26-7.40 0.1987 0.013
NDUFA1 0.4054 0.19-0.87 0.7709 0.021
COX7B 0.3099 0.13-0.72 -1.6085 0.007
COX14 0.3710 0.16-0.85 -0.0778 0.019
COA5 0.2098 0.08-0.52 -0.6124 0.001
ATPAF2 2.5996 1.11-6.08 1.1018 0.027
DGUOK 0.2902 0.11-0.79 -0.2726 0.015
SUCLA2 2.8469 1.34-6.03 0.7184 0.006
DARS2 2.4925 1.24-5.03 0.0788 0.011
GARS 3.3122 1.65-6.66 0.5303 0.001
IARS2 3.3020 1.35-8.06 0.5714 0.008
TRMU 0.4224 0.18-0.97 -0.5094 0.042
MRPS16 3.1102 1.09-8.86 0.7043 0.034
FRDA 2.3424 1.05-5.23 0.4908 0.038
SPG7 0.3016 0.13-0.68 -0.1571 0.004
ATAD3 3.5811 1.59-8.09 1.1506 0.002

Cl. confidence interval.
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Variable Number of Patient (%)

Total 413

Gender Male 304 (73.61%)
female 108 (26.15%)

Age Median (range) 69 (34-90)

Pathological staging
Histological grading

Clinical Stage

T stage

N stage

M stage

Muscle-invasive
High grade
Low grade
|

]

1l

\%

T0

T

T2

T3

T4

NO

N1

N2

N3

MO

M1

413 (100%)
388 (93.95%)
21 (5.08%)
2 (10.9%)
131 (31.72%)
141 (34.14%)
136 (32.93%)
1(0.01%)
3(0.01%)
121 (29.30%)
195 (47.22%)
59 (14.29%)
239 (57.87%)
47 (11.38%)
76 (18.40%)
8 (0.02%)
196 (47.46%)
11 (0.03%)
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Model 1 Model 2 Model 3 Model 4

OR (95% CI) p value OR (95% CI) p value OR (95% CI) p value OR (95% CI) p value

NLR 1 .04 (0.87-1.23) 0.691 1.08 (0.87-1.22) 0.719 1.02 (0.87-1.20) 0.786 1.02 (0.87-1.20) 0.811
PLR 00 (0.99-1.01) 0.150 1.00 (0.99-1.01) 0.106 1.00 (0.99-1.01) 0.095 1.00 (0.99-1.01) 0.085
LMR 0 71 (0.54-0.93) 0.011 0.71(0.55-0.92) 0.011 0.72(0.55-0.93) 0.011 0.72 (0.55-0.93) 0.012
Hemoglobin 0.99 (0.97-1.001) 0.063 0.99 (0.97-1.001) 0.08 0.99 (0.97-1.003) 0.123 0.99 (0.97-1.003) 0.101
AGR 0.30 (0.09-1.02) 0.053 0.25 (0.07-0.86) 0.027 0.21(0.06-0.71) 0.012 0.21 (0.06-0.73) 0.013
PNI 1.09 (1.01-1.19) 0.028 1.10 (1.01-1.18) 0.024 1.10(1.01-1.18) 0.024 1.10 (1.01-1.18) 0.023
Tumor size 1.43 (1.18-1.75) <0.001 = - = = = =
Clinical T stage

Tla - 1(Ref) - -

Tib = = 1.94 (1.07-3.52) 0.028 = = = =
R.EN.A.L. score = = = = 1.26 (1.06-1.48) 0.008 - =
R.E.N.A.L. complexity

Low [4-6] = = = 1(Ref)

Moderate [7-9] o = = = = = 1.67 (0.80-3.52) 0.176

High [10-12] - - - - - ) 2.61(1.08-6.32) 0.034

AGR, albumin to globulin ratio; Cl, confidence interval; LMR, lymphocyte to monocyte ratio; NLR, neutrophil to lymphocyte ratio; OR, odds ratio; PLR, platelet to lymphocyte ratio; PNI,
prognostic nutrition index; Ref. reference.
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Patient ID Gender Age Gleason Score Grade T N M Clinical Stage
1815659 Male 74 3+4=7 2 T2 NO MO 2B
1701493 Male 70 3+4=7 2 T2 NO MO 2B
1705679 Male 65 3+4=7 2 T2 NO MO 2B
1711389 Male 76 3+4=7 2 T2 NO MO 2B
1712283 Male 65 3+4=7 2 T2 NO MO 2B
1729272 Male 73 3+4=7 2 T2 NO MO 2B
1615945 Male 57 3+4=7 2 T2 NO MO 2B
1617235 Male 73 443=7 3 T2 NO MO 2C
1645382 Male i 443=7 3 T2 NO MO 2C
1921049 Male 68 3+3=6 1 T2 NO MO 3A
1647448 Male 76 443=7 3 T2 NO MO 3A
1810237 Male 79 3+3=6 1 T4 NO MO 3B
1436845 Male 78 3+3=6 1 T4 NO MO 3B
1901662 Male 83 3+4=7 2 T3 NO MO 3B
1802181 Male 81 3+4=7 2 T3 NO MO 3B
1812607 Male 62 3+4=7 2 T3 NO MO 3B
1830109 Male 76 3+4=7 2 T4 NO MO 3B
1834984 Male 70 3+4=7 2 T NO MO 3B
1732754 Male 63 3+4=7 2 T3 NO MO 3B
1746937 Male 72 3+4=7 2 T3 NO MO 3B
1626787 Male 68 3+4=7 2 T4 NO MO 3B
1531534 Male 68 3+4=7 2 T3 NO MO 3B
1915589 Male 69 443=7 3 T3 NO MO 3B
1812902 Male 4l 443=7 3 T4 NO MO 3B
1813094 Male 72 443=7 3 T4 NO MO 3B
1831974 Male 4l 443=7 3 T3 NO MO 3B
1735558 Male el 443=7 3 T4 NO MO 3B
1745899 Male 74 443=7 3 T NO MO 3B
1748012 Male 64 443=7 3 T3 NO MO 3B
1442076 Male 70 443=7 3 T3 NO Mo 3B
1737812 Male 72 3+5=8 4 T3 NO MO 3B
1823731 Male 72 4+4 =8 4 T4 NO MO 3B
1824209 Male 75 4+4 =8 4 T3 NO MO 3B
1630336 Male 70 5+3=8 4 T3 NO MO 3B
1708153 Male 72 445=9 5 T3 NO MO 3C
1716752 Male 69 4+5=9 5 — NO MO 3C
1732705 Male 60 445=9 5 S NO MO 3C
1504663 Male 73 4+5=9 5 = NO MO 3C
1725134 Male 70 5+4=9 5 T3 NO MO 3C
1726869 Male 61 5+4=9 5 T3 NO MO 3C
1441266 Male 60 5+4=9 5 T3 NO MO 3C
1726174 Male 67 5+5=10 5 T3 NO MO 3C
1735625 Male 69 5+5=10 5 T4 NO MO 3C
1644793 Male 62 3+3=6 1 - N1 MO 4A
1833726 Male 78 3+4=7 2 = N1 MO 4A
1851780 Male 73 3+4=7 2 T3 N1 MO 4A
1912914 Male 72 443=7 3 T3 N1 MO 4A
1817685 Male 78 443=7 3 T3 N1 MO 4A
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Gene Symbol

LINC00460
AL139351.1
AC156455.1
AL035446.1
LINC02471
AC022509.2
LINCO1606

Ensembl ID

ENSG00000233532
ENSG00000276923
ENSG00000256546
ENSG00000234147
ENSG00000223914
ENSG00000256234
ENSG00000253301

Genomic location

chr13:106,374,477-106,384,411
chr20:48,024,788-48,074,227
chr12:122,063,306-122,068,616
chr6:140,807,603-140,898,430
chr12:40,155,757-40,211,419
chr12:26,211,164-26,335,856
chr8:57,142,659-57,244,924

Coefficient in the risk signature

0.018688449
0.163927492
0.145677628
0.081318043
-0.01015238
0.004539367
0.019535979






OPS/images/fonc.2021.712145/fonc-11-712145-g001.jpg
[ e ]

drexor1 oart meRGE

ouiss






OPS/images/fonc.2021.678253/table3.jpg
Covariates

Total High-risk Low-risk p-value

Survival status, no (%) Alive 310(67.83) 126(55.51) 184(80.00) 3.70E-8
Dead 147(32.17) 101(44.49) 46(20.00)

Age, no (%) <=65 303(66.3) 145(63.60) 158(69.00) 0.23
>65 154(33.7) 83(36.40) 71(31.00)

Gender, no(%) Female 153 (33.5) 48(21.15) 105(50.7) 5.00E-8
Male 304(66.5) 179(78.85) 125(49.3)

Grade, no(%) G1 7(1.58) 1(0.44) 6(2.61) 42768
G2 198(43.33) 75(33.04) 123(53.48)
G3 187(40.92) 100(44.05) 87(37.83)
G4 65(14.22) 51(22.47) 14(6.09)

Stage, no(%) Stage | 225(49.23) 80(35.23) 145(63.04) 2.41E-10
Stage Il 47(10.28) 19(8.37) 28(12.17)
Stage Il 109(23.85) 75(33.04) 34(14.78)
Stage IV 76(16.63) 53(23.35) 23(10.00)

T group, no(%) T 231(50.55) 84(37.00) 147(63.91) 1.00E-8
T2 58(12.69) 28(12.33) 30(13.04)
T3 159(34.79) 109(48.02) 50(21.74)
T4 9(1.97) 6(2.64) 3(1.30)

Metastasis, no(%) MO 383(83.81) 175(77.09) 208(90.43) 1.81E-4
M1 74(16.19) 52(22.91) 22(9.57)
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Immune cells

CD8+ T cell

T cell (general)

B cell
Monocyte

TAM

M1 Macrophage

M2 Macrophage

Neutrophils

Natural killer cell

Dendritic cell

Thi

Th2

Tfh

Thi7

Treg

T cell exhaustion

Biomarkers

CD8A
coes

cD3D

CD3E

cD2

cD19

CD79A

cD86
CD115(CSF1R)
ccL2

cD68

IL10

INOS (NOS2)
IRF5
COX2(PTGS2)
CD163

VSIG4
MS4A4A
CDB6b (CEACAMB)
CD11b (ITGAM)
CCR7
KIR2DL1
KIR2DL3
KIR2DL4
KIRGDL1
KIR3DL2
KIR3DL3
KIR2DS4
HLA-DPB1
HLA-DQB1
HLA-DRA
HLA-DPA1
BDCA-1(CD1C)
BDCA-4(NRP1)
CD11c (ITGAX)
T-bet (TBX21)
STAT4

STAT

IFN-g (IFNG)
TNF-a (TNF)
GATA3

STATE
STATSA

IL13

BOL6

IL21

STAT3

IL17A

FOXP3

CCR8
STATSB

TGFb (TGFB1)
PD-1 (PDCD1)
CTLA4

LAG3

TIM-3 (HAVCR2)
GzvB

HAVCR2

Cor

0.367
0.359
0.311
0.333
0.342
0.094
0.165
0.356
0.292
0.075
0.314
0.319
0.09
0.325
-0.1
0.315
0.243
0.3
0.053
0.312
0.244
0.033
0.069
0.076
0.058
0.099
0.007
-0.047
0.422
0.251
0.445
0.439
0.214
0.107
0.299
0.189
017
0.368
0.291
0.12
-0.053
0.161
0.323
-0.033
-0.112
o1
0.212
-0.009
0.149
0.26
0.204
0.098
0.309
0.205
0.294

0.124

CTLA4

Cor

0674
0.621
0.726
0742
0.746
0.483
0.478
0611
0.445
0.176
0.286
0.455
-0.054
0.442
0.075
0.307
0.307
0.368
0.057
0.397
0.558
0.057
0.138
0421
0.056
0.187
0.1
0.073
0.591
0.44
0.582
0.569
0.285
-0.098
0.582
0.423
0.664
0.585
0.672
0.314
0.318
0.096
0511
0.261
0.228
0.247
0.123
0.125
0.705
0.685
0.007
0.133
0.7

0.707
0.205
0.445

*n <0.05, *p < 0.01, **p < 0.001.
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Disease Free Survival

Genes Overall Survival Progression Free Survival
p-value HR (95%ClI) p-value HR (95%Cl) p-value HR (95%ClI)

SIGLEC15 0.928 1.01 (0.75-1.37) 0.375 0.87 (0.63-1.19) 0.862 0.97 (0.66-1.41)
CD274 0.024 0.71 (0.52-0.96) 0.024 0.70 (0.51-0.96) 0.0092 0.60 (0.41-0.89)
HAVCR2 0.0098 0.67 (0.50-0.91) 0.0046 0.63 (0.46-0.87) 0.0046 0.58 (0.39-0.85)
PDCD1 0.199 1.22 (0.90-1.64) 0.092 1.31(0.96-1.79) 0.087 1.40 (0.95-2.05)
CTLA4 0.019 1.43 (1.06-1.93) 0.0012 1.68 (1.22-2.32) 0.00098 1.84 (1.25-2.72)
LAG3 0.017 1.44 (1.07-1.95) 0.075 1.33 (0.97-1.82) 0.014 1.64 (1.11-2.43)
PDCD1LG2 0.151 0.80 (0.59-1.08) 0.227 0.82 (0.60-1.13) 0.211 0.78 (0.54-1.15)
TIGIT 0.186 1.22 (0.91-1.65) 0.14 1.27 (0.92-1.73) 0.096 1.11 (0.83-1.52)
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Genes

Forward primer (5’-3’)

Reverse primer (5’-3’)

CircXPO1
GAPDH
MiR-23a
ue

CCAGTGCGAAGCAAAGAATGGC
GCGGGGCTCTCCAGAACATC
GGGGTTCCTGGGGATGGGATTT
CTCGCTTCGGCAGCACATATACT

CGCACTGGTTCCTTGGAAGA
TCCACCACTGACACGTTGGC
TGGTGTCGTGGAGTCG
ACGCTTCACGAATTTGCGTGTC
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Risk score = (0.0186884492327243

« expression level of LINC00460)

+(0.163927492372108 » expression level of AL139351.1)
+(0.145677628024267 expression level of AC156455.1)
+(0.0813180428494581 » expression level of AL035446.1)

+ (- 0.0101523795313971 + expression level of LINC02471)
+ (0.00453936726148382 « expression level of AC022509.2)
+(0.019535978614558 » expression level of LINC01606)
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Covariates Total Training dataset Testing dataset p-value

Survival status, no (%) Alve 340(69.25) 258(68.44) 82(71.93) 055
Dead 151(30.75) 119(31.56) 32(28.07)

Age, o (%) <=65 328(66.8) 251(66.58) 77(67.54) 0.94
>65 163(33.2) 126(33.42) 37(32.46)

Gender, no(%) Female 168(34.22) 133(35.28) 35(30.7) 0.43
Male 323(65.78) 244(64.72) 79(69.9)

Grade, no(%) Gt 10(2.04) 9(2.39) 1(0.88) 073
G2 212(43.18) 159(42.18) 53(46.49)
G3 196(39.92) 150(39.79) 46(40.35)
G4 67(13.65) 54(14.32) 13(11.4)
Gx 6(1.22) 5(1.33) 1(0.88)

Stage, no(%) Stage | 246(50.1) 188(49.87) 58(50.88) 045
Stage Il 53(10.79) 39(10.34) 14(12.28)
Stage Il 111(22.61) 82(21.75) 29(25.44)
Stage IV 78(15.89) 66(17.51) 12(10.53)
Stage x 3(0.61) 2(0.53) 1(0.88)

T group, no(%) T 252(61.32) 193(51.19) 59(51.75) 065
T 65(13.24) 47(12.47) 18(15.79)
T3 165(33.6) 129(34.22) 36(31.58)
T4 9(1.83) 8(2.12) 1(0.88)

Metastasis, no(%) MO 390(79.43) 296(78.51) 94(82.46) 0.08
M1 75(15.27) 64(16.98) 11(9.65)
Mx 26(5.3) 17(4.51) 9(7.89)





OPS/images/fonc.2021.678253/fonc-11-678253-g002.jpg
i 1 e B
L et a0

]
\'J |‘|

[LTRR

I

Ul 2=
A A
:‘1“\ l !hlw’ H‘ “IH hl s

Hazard ratio
LINCOD460  <0.001  1.126(1.076-1.179)
AL1303611 <0001 1.327(1.188-1.483)
AC1564551 <0001  1.115(1.069-1.164)
ALOI54461 0004  1.140(1.044-1.244)
LINCO2471 0,004 0.955(0.926-0.986) |
LINCO1234 0005 1.121(1.036-1.214)

T T cmere [ 2

| Gncorese
| I uncorets
1 Tl | worzast O
{

(UL By 11 o | 2
uncorter
uwcorzzo

ACO225092 0028 1.016(1.002-1.031)

MIR222HG ~ 0.044  1.088(1002-1.177)
LINCO1606  0.049  1.032(1.000-1.065)

08 09 10 11 12 13 14





OPS/images/fonc.2021.678253/fonc-11-678253-g003.jpg
ad » ° Top 10
. - Variant Type. fop.
Yok Choslficuton ‘mutated genes.
Mssanse_ st I Vi —
Frame_sne_ool e [y
Monsanse_Mutaton [l TTN 5%
seTo2 W%

Spie_st0
in_prome_is |
n_Frame_0w |

Tansoton._St_sto
Nonstop_Mtaton
T

it

1611

= Nonsense_Mutation = Frame_Shifi_Ins fisk group

= Frame_Shitt Del = In_Frame_ins = High-risk
Missense_Mutation = Nonstop_Mutation Lowdrisk

® In_Frame_Del = Translation_Start_Site.

= Splice Site - Multi Hit





OPS/images/fonc.2021.678253/fonc-11-678253-g004.jpg
Tfue positive rale

‘Survival analysis n training dataset

‘Survval analysis in testing dataset

o s
3 = N
H 13
; i
o et
ROC curve in training dataset L ROC curve in testing dataset
(AUC= 0.711) (AUC = 0.712)
3 iz
do oz o4 as as 10 o % % % 0
Fasopomvors Fts postve ot
Resuls of Usivariate Cox Regression F ‘Results of Multivarstc Con Regression
a e e e
- e e W T
T e e omtominy
o aoman - T
[ T — - oo e e
R — - T omemin —w—
[F—— . pp—
[ — - ——






OPS/images/fonc.2021.678253/fonc-11-678253-g005.jpg
KEGG on co-exproved s of LINCOOIG0 KEGG o coupessd v of ALIOSS11 KEGG on co-cxprene s of ACIS6455.1






OPS/images/fonc.2021.720125/fonc-11-720125-g007.jpg





OPS/images/fonc.2021.720125/fonc-11-720125-g006.jpg
wopssaadx> ZHIAVH ARTRY

\

wopssdR pYLLO BT

KIRC fissues

Renal tissues

H

o

PRI

E)

027

|— Low HAVCR2 cxprosian growp.
| g VACR2 expresionsrosp

=0,

o

om0

cxprosian roop

[ i CTiAs xpression sroup

040
[~ Lower

Ip=0.

LRI
P

Survieal e Guestd





OPS/images/fonc.2021.769158/table2.jpg
Compound_Muma Muma p-value Compound Limma p-value

ID249_329_770 0.02 ID36_417_1257 0.03
ID220_441_1036 0.04 ID211_485_1041 0.04
ID211_485_1041 0.04 1D220_441_1036 0.04
ID36_417_1257 0.05 1D249_329 770 0.04
ID114_388_1204 0.06 ID134_471_1438 0.07
ID239_354_1023 0.06 ID109_372_1392 0.07
ID225_326_1520 0.07 ID72_433_1169 0.08
ID55_247_1794 0.07 ID55_247_1794 0.09
ID227_298_1408 0.07 1D202_397_1030 0.09
ID209_329_1145 0.08 ID167_314_1220 0.09
ID224_330_1056 0.09 1D228_343_1201 0.09
ID158_465_1391 0.09

ID202_397_1030 0.09

ID167_314_1220 0.09

The first two columns from the left refer to Muma analysis, while the second two columns refer to limma analysis. Seven compounds are found by both approaches (highlighted in bold).
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Diagnostic class BPH (n = 53) PCa (n = 49)

Age range 46-83 52-84
Median 66 69
PSA range 4.03-16 4.00-12
Median 6.6 6.72
Low risk 8
Intermediate risk 31
High risk 10
Tic 37
T2 18

Features of patients enrolled in the studly, including age range, age median, risk level, and
tumor staging, are shown.
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Blood Plasma Metabolomic, miR and Metabolite

sampling isolation regression analysis identification
EDTA-tube blood  Plasma was isolated Metabolomic profile was using Compounds were

samples collected within 1 hour from SANIST platform for biomarker identified by measures of
from 102 men with collection. Blood was discovery purposes. SACI/ESI MS/MS spectra obtained by
PSA between 4 and centrifuged at 2500  ionization source was used. selectively fragmenting the

16 ng/ml, prior to  rpm at 4°C for 10 min. microRNA analysis was performed differentially expressed
standard 12-core  The supernatant was by RT-qPCR using cel-miR-39-3p as Ions. SANIST cloud data

transrectal transferred into new exogenous normalizer elaboration platform was

ultrasonography- tubes and subjected Penalized logistic regression was  used for compounds

guided biopsy to a second applied to Age, PSA, miRs and identification. The
centrifugation step at selected metabolites to build a database search engaged
2500 rpm at 4°C for  prediction model was set in both identity
10’ to remove cell and similarity mode

debris and fragments.
Plasma was stored in
4.5 ml cryovials at
-80°C
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