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Editorial on the Research Topic 

Biomarkers in genitourinary cancers: volume II


Genitourinary cancers, which consist of prostate, renal, urothelial, and testicular cancers, are some of the leading causes of global mortality (Yuasa et al.). Recently, various new technologies have been implemented in clinical practice, including robot-assisted surgery, intensity-modulated radiation therapy (IMRT), and radionuclide therapy. In addition, various anti-cancerous agents, such as antibody drug conjugates (ADCs), poly ADP-ribose polymerase (PARP) inhibitors, and immune checkpoint inhibitors, have been adopted in clinical practice (Yuasa et al.). Based on their promising anti-tumor efficacy and manageable safety profile, the paradigm of medical treatment for patients with urological malignancies is changing dramatically (Yuasa et al.). Biomarkers have grown increasingly essential in the consideration of treatment strategies.

In Biomarkers in Genitourinary Cancers: Volume II, various candidate biomarkers are reported. (Yang et al., Wang et al., Shi et al. Jin et al., Gan et al., Lang et al., van Laar et al.). Yang et al., Wang et al., and Shi et al. stressed the importance of circulating tumor cells (CTCs) and circulating endothelial cells (CECs), systemic inflammation markers, and the cell cycle checkpoint–related genes signature as biomarkers for bladder cancer, respectively. Jin et al. reported urine exosomal AMACR as a candidate biomarker for prostate cancer detection at biopsy. Gan et al. demonstrated that ASNS may play a significant role in the development and immune cell infiltration of clear cell renal cell cancer. In contrast, in order to explore effective therapeutic agents for individual cases, Lang et al. developed preclinical patient-derived xenograft (PDX) models that recapitulate the molecular heterogeneity of urothelial cancer, including actionable mutations. It is unknown whether these factors will advance in clinical practice or remain candidates forever.

Various factors contribute to the survival outcome of patients with malignant disease. Tumor biology and aggressiveness, which include Gleason score for prostate cancer, Fuhrman nuclear grade for renal cell cancer, and tumor grade for urothelial cancer, have been major prognostic factors in clinical practice. Another important factor related to outcome is treatment efficacy and resistance. Indeed, van Laar et al. reported the alteration of treatment patterns and outcomes of metastatic RCC patients in the Netherlands (van Laar et al.). This factor depends on the treatment agent and may vary from day to day. In metastatic renal cell cancer, the sarcomatoid variant and high expression of PD-L1 were associated with poor outcome (1, 2). The introduction of immune checkpoint inhibitors may change this scenario (3–5). The biomarkers in this category may change as a result of revised therapeutic strategy. As such, the continued exploration of treatment-related biomarkers is important.
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Background

Previous reports have shown that short/branched chain acyl-CoA dehydrogenase (ACADSB) plays an important role in glioma, but its role in clear cell renal carcinoma (ccRCC) has not been reported.



Methods

The TIMER and UALCAN databases were used for pan-cancer analysis. RNA sequencing and microarray data of patients with ccRCC were downloaded from the Cancer Genome Atlas and Gene Expression Omnibus database. The differential expression of ACADSB in ccRCC and normal kidney tissues was tested. Correlations between ACADSB expression and clinicopathological parameters were assessed using the Wilcoxon test. The influences of ACADSB expression and clinicopathological parameters on overall survival were assessed using Cox proportional hazards models. Gene set enrichment analysis (GSEA) was performed to explore the associated gene sets enriched in different ACADSB expression phenotypes. Gene ontology (GO) and Kyoto Encyclopedia of Genes and Genomes (KEGG) pathway enrichment analyses were performed on genes with similar expression patterns to ACADSB. Correlations between ACADSB and ferroptosis-related genes were assessed using Spearman’s correlation analysis.



Results

Pan-cancer analysis revealed that ACADSB is down-regulated in multiple cancers, and decreased expression of ACADSB correlates with poor prognosis in certain types of cancer. Differential expression analyses revealed that ACADSB was down-regulated in ccRCC, indicating that ACADSB expression could be a single significant parameter to discriminate between normal and tumor tissues. Clinical association analysis indicated that decreased ACADSB expression was associated with high tumor stage and grade. The Cox regression model indicated that low ACADSB expression was an independent risk factor for the overall survival of patients with ccRCC. GSEA showed that 10 gene sets, including fatty acid (FA) metabolism, were differentially enriched in the ACADSB high expression phenotype. GO and KEGG pathway enrichment analysis revealed that ACADSB-related genes were significantly enriched in categories related to FA metabolism, branched-chain amino acid (BCAA) metabolism, and iron regulation. Spearman’s correlation analysis suggested that the expression of ACADSB was positively correlated with the expression of ferroptosis driver genes.



Conclusions

ACADSB showed good diagnostic and prognostic abilities for ccRCC. The downregulation of ACADSB might promote tumorigenesis and tumor progression by inhibiting FA catabolism, BCAA catabolism, and ferroptosis in ccRCC.





Keywords: renal cancer, ACADSB, prognosis, biomarker, TCGA



Introduction

Short/branched chain acyl-CoA dehydrogenase (ACADSB) is a member of the acyl-CoA dehydrogenase family of enzymes, which is involved in the metabolism of fatty acids (FAs) and branch-chained amino acids (BCAAs) (1). Previous studies have revealed that ACADSB plays an important role in glioma, colorectal cancer (CRC), and hepatocellular carcinoma (HCC) (2–5). However, the role of ACADSB in clear cell renal cell carcinoma (ccRCC) has not yet been reported.

CcRCC is the most common and aggressive type of renal cell carcinoma (RCC), which accounts for approximately 3% of all cancers and is the third most common malignancy of the urinary system (6, 7). Worldwide, there were an estimated 403,000 new cases of RCC and 175,000 deaths due to kidney cancer in 2020 (8). Among solid tumors, ccRCC is one of the most resistant to conventional chemotherapy and radiotherapy. Targeted therapy and immune checkpoint inhibitor-based immunotherapy have substantially improved the outcomes of patients with advanced ccRCC over the past decade. However, the identification of novel diagnostic markers and therapeutic targets remains a high priority. The aim of this study was to explore the potential diagnostic and prognostic roles of ACADSB in ccRCC.



Materials and Methods


Pan-Cancer Analysis

The tumor immune estimation resource database (TIMER; https://cistrome.shinyapps.io/timer/) (9) and the UALCAN database (http://ualcan.path.uab.edu/index.html) (10) were used for the differential expression analysis of ACADSB between tumor tissues and corresponding normal tissues. TIMER was also applied to explore the association between ACADSB expression and overall survival (OS) in different types of cancers.



Collection of ccRCC Datasets

The RNA sequencing (RNA-seq) data and clinical information of patients with ccRCC (TCGA-KIRC) were downloaded from The Cancer Genome Atlas (TCGA) using the “TCGAbiolinks” R package (11). Only patients with both RNA-seq data and valid clinical information were included in this study, and duplicated samples were excluded. The expression profiling microarray data of GSE36895 (with 29 ccRCC samples and 23 adjacent normal samples) and GSE53757 (with 72 paired ccRCC and adjacent normal samples) were downloaded from Gene Expression Omnibus (GEO) using the “GEOquery” R package (12).



Immunohistochemistry (IHC)

A tissue chip with 90 pairs of ccRCC and corresponding normal tissues was purchased from Outdo Biotech Co., Ltd. (HKidE180Su03, Shanghai, China). The experiment received ethical approval for sample use from Shanghai Outdo Biotech Co., Ltd. (Barcode: YB M‐05‐02). IHC was performed on tissues fixed with formaldehyde and embedded in paraffin wax. After deparaffinization and rehydration, the endogenous peroxidase activity was blocked and antigen retrieval was performed. The ACADSB antibody (13122‐1‐AP, 1:12000; Proteintech, CA) was incubated overnight at 4°C. After careful washing and incubation with the specified horseradish peroxidase (HRP)‐conjugated secondary antibody, ACADSB expression was detected using 3,3N‐ diaminobenzidine tetrahydrochloride (DAB).

The intensity and extent of ACADSB staining were evaluated by two experienced pathologists. The method for calculating the score of ACADSB staining was as follows: the extent of staining in an ×200 field was scored as 0, 0%; 1, 1–25%; 2, 26–50%; and 3, 51–100%. The intensity of staining was scored as 0, no signal; 1, light brown; 2, brown; and 3, dark brown. The final score of each field was the average obtained from the two pathologists by multiplying the extent score by the intent score. The scores of ACADSB staining were categorized as follows: low expression (−/+) for scores 0–1 (−) and 2–3 (+) and high expression (++/+++) for scores 4–6 (++) and 7–9 (+++). All evaluations were performed using a Leica DM4000 M microscope.



Gene Set Enrichment Analysis

Gene-set enrichment analysis (GSEA) (13) was performed with the GSEA software (version 4.0.3). Samples from TCGA were divided into two groups based on the expression of ACADSB. The Broad Molecular Signatures Database (MSigDB v6.0) (14) set H (hallmark gene sets, 50 gene sets) were used, which summarize and represent specific well-defined biological states and pathway processes. Enrichment analysis was performed by default weighted enrichment statistics, with the random combinatorial count set as 1,000. Gene sets were judged as significantly enriched by P<0.05 as well as false discovery rates (FDR) < 0.25.



Correlation, GO and KEGG Pathway Analysis

The genes which had greater than 0.4 Spearman correlation coefficient with ACADSB in expression level were defined as ACADSB-related genes. To explore the functional annotation and involved pathways of ACADSB-related genes, the gene ontology (GO) and Kyoto Encyclopedia of Genes and Genomes (KEGG) pathway enrichment analyses were executed via the “clusterprofiler” package (15).



Statistical Analysis

All statistical analyses were performed in R version 4.1.0. For RNA-seq data, raw counts data were used for differential expression analysis via the “DESeq2” package (16). Fragments per kilobase million (FPKM) values were converted to Transcripts per million (TPM) and log2 transformed for further analysis. For microarray data, differential expression analysis was performed using the “limma” package (17). Genes with an adjusted p value of less than 0.05 and fold change (FC) greater than 2 were regarded as differentially expressed genes (DEGs). The receiver operating characteristic (ROC) curves were plotted and areas under the curve (AUC) were calculated to investigate the diagnostic performance of ACADSB. Patients were stratified into low or high groups based on ACADSB expression, using the median expression as the cut-off value. The relationships between clinical pathologic characteristics and ACADSB expression were analyzed with Chi-squared test or Wilcoxon test. Univariate and multivariate Cox proportional hazards models were used to compare the influence of ACADSB expression on OS along with other clinicopathological parameters. P< 0.05 was considered to indicate a statistically significant difference.




Results


ACADSB Is Down-Regulated in Multiple Cancers and Decreased Expression of ACADSB Correlates With Poor Prognosis in Certain Types of Cancers

Differential expression analysis using TIMER showed that ACADSB is down-regulated in multiple types of cancer, including bladder cancer (BLCA), breast cancer (BRCA), cholangiocarcinoma (CHOL), colon adenocarcinoma (COAD), esophageal carcinoma (ESCA), head and neck squamous cell carcinoma (HNSC), kidney chromophobe (KICH), kidney renal clear cell carcinoma (KIRC), kidney renal papillary cell carcinoma (KIRP), liver hepatocellular carcinoma (LIHC), lung adenocarcinoma (LUAD), lung squamous cell carcinoma (LUSC), rectum adenocarcinoma (READ), stomach adenocarcinoma (STAD), thyroid carcinoma (THCA), and uterine corpus endometrial carcinoma (UCEC; Figure 1A). Proteome data derived from the UALCAN database also suggest that ACADSB is down-regulated in breast cancer, colon cancer, ccRCC, and UCEC (Figure 1B). In addition, Kaplan–Meier analysis indicated that low expression of ACADSB is associated with poor prognosis in BRCA luminal subtype, COAD, KIRC, brain lower grade glioma (LGG), and mesothelioma (MESO) (Figures 1C–E and Supplementary Figures 1A, B).




Figure 1 | Pan-cancer analysis of ACADSB. (A) Differential expressions of ACADSB in TCGA. (B) Differential expressions of ACADSB in UALCAN. Overall survivals comparison between high and low ACADSB groups in (C) BRCA-luminal subtype, (D) COAD, and (E) KIRC *p< 0.05; **p<0.01; ***p<0.001.





ACADSB Is Down-Regulated in Different ccRCC Datasets

Transcript differential expression analysis using DESeq2 revealed that ACADSB was significantly down-regulated in ccRCC tissues compared with normal kidney tissues in TCGA-KIRC (log2FC = -2.0, FDR < 0.001; Figure 2A), GSE36895 (log2FC = -1.7, FDR < 0.001; Figure 2B), and GSE53757 (log2FC = -2.2, FDR < 0.001; Figure 2C). Further, ROC analyses showed that ACADSB expression could be a single significant parameter for discriminating between normal and tumor tissues in TCGA-KIRC (AUC = 0.952, 95% CI = 0.926–0.977, Figure 2D), GSE36895 (AUC = 0.931, 95% CI = 0.862–1.0, Figure 2E), and GSE53757 (AUC = 0.966, 95% CI = 0.935–0.998, Figure 2F). A total of 84 paired tumor–normal samples were included in the IHC analysis, with six pairs of samples excluded due to slices escaping from the glass slide. For normal kidney tissues, most samples (75/84, 89.3%) showed high ACADSB expression, while all ccRCC samples (84/84, 100%) showed low ACADSB expression (Figure 2G). Typical pictures of staining in paired tumor and normal samples are shown in Figures 2H, I.




Figure 2 | Differential expressions of ACADSB in ccRCC datasets. Volcano plots showing the results of differential analyses in (A) TCGA-KIRC, (B) GSE36895, and (C) GSE53757. ROC curves showing the ability of ACADSB expression to discriminate between normal and tumor tissues in (D) TCGA-KIRC, (E) GSE36895, and (F) GSE53757. (G) The IHC result of ccRCC tissue microarray. Typical pictures of paired (H) tumor and (I) normal tissue.





Clinical Characteristics of Patients With ccRCC in the TCGA-KIRC Cohort

In the TCGA-KIRC cohort, there’re 530 cases with both RNA-seq data and clinical information. Four duplicated cases and 4 cases whose overall survival time was 0 days were excluded. Therefore, a total of 522 patients with both RNA-seq data and valid survival information were included in this study. The detailed clinical characteristics are listed in Table 1. Patients were divided into a high expression group and a low expression group based on ACADSB expression. Among the 522 participants, 341 (65.3%) were men and 181 (34.7%) were women, with a median age of 61 years at the time of initial diagnosis; 315 (60.7%) patients had stage I or stage II disease pathology, and 204 (39.3%) patients had stage III or stage IV disease pathology. Regarding histological grade, 236 (45.9%) patients were categorized into grade 1 or grade 2, and 278 (54.1%) patients were categorized into grade 3 or grade 4. Follow-up duration was 40 months on average (range, 0.1–151.2 months). At the time of the last follow-up, 344 (68.9%) patients were tumor-free, while 155 (31.1%) patients still had tumors.


Table 1 | Clinical characteristics of patients with ccRCC in TCGA.





Association Between ACADSB Expression and Clinicopathological Characteristics

The relationship between ACADSB expression and clinicopathological characteristics is shown in Figure 3. ACADSB expression was significantly associated with pathological T stage (T1-2 vs. T3-4, P< 0.001; Figure 3A), pathological N stage (N0 vs. N1, P< 0.01; Figure 3B), pathological M stage (M0 vs. M1, P< 0.001; Figure 3C), pathological stage (stage I-II vs. stage III-IV, P< 0.001; Figure 3D), tumor grade (grades 1–2 vs. grades 3–4, P< 0.001; Figure 3E), tumor status (tumor free vs. with tumor, P< 0.001; Figure 3F), and sex (P< 0.01; Figure 3G). The differences between groups stratified by age (<65 years vs. ≥65 years; Figure 3H) and race (white vs. black or African American vs. Asian; Figure 3I) did not attain statistical significance.




Figure 3 | The correlation between ACADSB expression and clinicopathological characteristics. (A) Pathological T stage. (B) Pathological N stage. (C) Pathological M stage. (D) Pathological stage. (E) Tumor grade. (F) Tumor status. (G) Sex. (H) Age. (I) Race *p< 0.05; **p<0.01; ***p<0.001.





Survival Outcomes and Cox Regression Analysis

Kaplan–Meier survival analysis showed that lower ACADSB expression was associated with a worse prognosis (P< 0.001; Figure 1E). The univariate Cox regression model revealed that age at diagnosis (HR = 1.03, 95% CI = 1.017–1.044, P< 0.001), pathological stage (HR = 3.927, 95% CI = 2.847–5.417, P< 0.001), histological grade (HR = 2.679, 95% CI = 1.895–3.787, P< 0.001), and ACADSB expression (HR = 0.421, 95% CI = 0.331–0.535, P< 0.001) were associated with the OS of patients with ccRCC. Multivariate Cox regression after adjustment indicated that age at diagnosis (HR = 1.027, 95% CI = 1.013–1.042, P< 0.001), pathological stage (HR = 2.695, 95% CI = 1.877–3.765, P< 0.001), histological grade (HR = 1.639, 95% CI = 1.137–2.364, P< 0.01), and ACADSB expression (HR = 0.577, 95% CI = 0.446–0.746, P< 0.001) were independent prognostic factors for OS in patients with ccRCC (Figure 4 and Supplementary Table 1).




Figure 4 | Forest plot of hazard ratios derived from Cox model. (A) Univariate analysis. (B) Multivariate analysis.





Gene Sets Enriched in the ACADSB High Expression Phenotype

In the hallmark dataset, 10 gene sets were significantly enriched in the ACADSB high expression phenotype, including TGF-β signaling, androgen response, UV response down, heme metabolism, bile acid metabolism, protein secretion, adipogenesis, FA metabolism, PI3K-AKT-mTOR signaling, and mitotic spindle (Figure 5 and Supplementary Figure 1C).




Figure 5 | Enrichment plots from gene set enrichment analysis. Gene sets enriched in ACADSB high phenotype: (A) TGF-β signaling. (B) Androgen response. (C) UV response down. (D) Heme metabolism. (E) Bile acid metabolism. (F) Protein secretion. (G) Adipogenesis. (H) Fatty acid metabolism. (I) PI3K-AKT-mTOR signaling.





GO and KEGG Analysis of ACADSB-Related Genes

In TCGA-KIRC, GSE36895, and GSE53757, 3093, 2111, and 594 respective genes had ACADSB expression with a Spearman correlation coefficient of >0.4. Two hundred and fourteen genes representing the intersection between all three datasets were defined as ACADSB-related genes (Figure 6A). At a false discovery rate (FDR) of 0.05, 47 GO biological processes, 13 GO cellular components, 14 GO molecular functions, and 15 KEGG pathways were significantly enriched for these genes (Figure 6B and Supplementary Table 2).




Figure 6 | GO and KEGG enrichment analyses of ACADSB-related genes and correlation between ACADSB with ferroptosis-related genes. (A) Identification of ACADSB-related genes. (B) GO and KEGG enrichment analyses of ACADSB-related genes. (C) Heatmap shows the correlation between ACADSB and ferroptosis driver gens.





ACADSB Expression Was Associated With the Expression of Ferroptosis-Related Genes

Ferroptosis-related genes were derived from the FerrDb database (18). A total of 108 genes were identified as ferroptosis driver genes. Correlation analysis revealed that the expression of ACADSB was significantly positively correlated with the expression of 62 ferroptosis diver genes in the TCGA-KIRC dataset (Figure 6C). Similar results were found in GSE36895 and GSE53757 (Supplementary Figure 1D, E).




Discussion

ACADSB is a member of the acyl-CoA dehydrogenase family of enzymes that catalyze the dehydrogenation of acyl-CoA derivatives in the metabolism of FAs and BCAAs (1). ACADSB is widely known to be associated with ACADSB deficiency (SBCADD), an autosomal recessive disorder characterized by seizures and psychomotor delay due to a defect in the catabolism of L-isoleucine (19, 20).

Recent studies have found that ACADSB plays an important role in the development and progression of malignant diseases, such as glioma (2), colorectal cancer (3), and hepatocellular carcinoma (HCC) (4, 5). Yu et al. (2) reported that ACADSB is lowly expressed in high-grade gliomas, and the lower expression of ACADSB may lead to the accumulation of short-chain acylcarnitines, which further facilitates the growth and progression of gliomas. Di et al. (3) reported that ACADSB is down-regulated in CRC, and its expression is positively correlated with the OS of patients with CRC. Their study also indicated that overexpression of ACADSB inhibits CRC cell proliferation, migration, and invasion, while knockdown of ACADSB has the opposite effect. Similar results were also found in HCC, in which the restoration of ACADSB expression caused mTORC1 activity and cell proliferation to significantly decrease (4). In this study, we first explored the expression levels of ACADSB in different types of cancer using independent datasets from TCGA and UALCAN. The downregulation of ACADSB was observed in almost all types of common cancer. Moreover, low expression levels of ACADSB also correlate with a poorer prognosis in many types of cancers, such as COAD, LGG, and ccRCC. Previous studies have reported the important role of ACADSB in COAD and LGG; however, it has not been reported in ccRCC. Thus, we focused on the role of ACADSB in ccRCC.

The differential expression analyses were performed in three independent datasets, and consistent results were obtained, indicating that ACADSB is down-regulated in ccRCC, and that ACADSB expression can be a single significant parameter to discriminate between normal and tumor tissues. The IHC results further validated the downregulation of ACADSB in ccRCC. We next investigated the correlation between ACADSB expression and the clinicopathological characteristics of patients with ccRCC using TCGA-KIRC data. Results showed that the level of ACADSB expression was negatively correlated with tumor stage and tumor grade; results also showed that ACADSB expression was an independent prognostic factor for OS independent of conventional prognostic factors, such as age at diagnosis, tumor stage, and tumor grade. These findings indicate an integral role of ACADSB in the underlying biological mechanisms of tumor development and progression of ccRCC.

To further investigate the potential functions of ACADSB in ccRCC, we conducted GSEA, GO, and KEGG analyses. The results of GSEA showed that 10 gene sets in the hallmark dataset, including FA metabolism, bile acid metabolism, heme metabolism, and adipogenesis, were differentially enriched in the ACADSB high expression phenotype. GO and KEGG enrichment analysis indicated that ACADSB-related genes were enriched in the regulation of FA degeneration and BCAA degeneration. Lip metabolism plays a critical role in the development and progression of renal cancer, and ccRCC is histologically defined by its lipid-and glycogen-rich cytoplasmic deposits (21). The tumorigenic role of lipid accumulation has been observed in many types of cancer (22, 23). ACADSB is known to regulate FA catabolism by catalyzing the dehydrogenation of acyl-CoA derivatives (1). Thus, the downregulation of ACADSB may contribute to tumor development by suppressing FA catabolism, resulting in lipid accumulation in ccRCC.

In addition to regulating FA catabolism, ACADSB also catalyzes the dehydrogenation of acyl-CoA derivatives in the metabolism of BCAAs. BCAA metabolism can influence multiple cancer phenotypes and serve as a marker of disease pathology (24). Previous studies have demonstrated that BCAA catabolism is reduced in many types of cancers, such as HCC (4), ccRCC (22), and breast cancer (25). Ericksen et al. (4) found that suppression of BCAA catabolic enzyme expression led to BCAA accumulation in liver tumors and that progressive loss of BCAA catabolism promoted tumor development and growth. Qu et al. (22) reported that BCAA accumulation in ccRCC induced the activation of mTORC1 and de novo FA synthesis and promoted cell proliferation. Therefore, the downregulation of ACADSB may also promote tumor development and growth by inhibiting BCAA catabolism.

Lipid metabolism is important for ferroptosis, an iron-dependent form of regulated cell death (RCD) that is driven by the lethal accumulation of lipid peroxidation (26, 27) and plays a key role in tumor suppression (28). In contrast, the glutathione peroxidase 4 (GPX4)/glutathione (GSH) antioxidation system acts as an endogenous antioxidant pathway to suppress ferroptosis (29, 30). Reduced FA metabolism due to inhibition of β-oxidation renders renal cancer cells highly dependent on the GPX4/GSH pathway to prevent lipid peroxidation and ferroptosis (31). Lu et al. (3) found that overexpression of ACADSB enhanced the concentrations of Fe+ and lipid peroxidation but reduced the concentration of GSH and the expression of GPX4 in CRC cell lines, suggesting a potential regulatory effect of ACADSB on CRC cell ferroptosis. In this study, GSEA indicated that FA metabolism and heme metabolism were enriched in the high-ACADSB phenotype, GO analysis revealed that ACADSB-related genes are enriched in the molecular function of metal cluster binding and iron-sulfur cluster binding, and KEGG analysis revealed that ACADSB-related genes are enriched in the peroxisome pathway. Taken together, these findings indicate the potential regulatory effect of ACADSB on ferroptosis in ccRCC.

Ferroptosis-related genes can be classified as either ferroptosis driver genes that promote ferroptosis or ferroptosis suppressor genes that prevent ferroptosis (18). Correlation analysis revealed that the expression of ACADSB was significantly positively correlated with the expression of ferroptosis driver genes, including PRKAA1, PRKAA2, and NCOA4. Song et al. (32) demonstrated that the inhibition of PRKAA1/AMPKα1 or PRKAA2/AMPKα2 by siRNA diminished erastin-induced BECN1 phosphorylation at S93/96, BECN1-SLC7A11 complex formation, and subsequent ferroptosis. Hou et al. (33) revealed that the genetic inhibition of NCOA4 inhibited ferritin degradation and suppressed ferroptosis. Taken together, ACADSB might also be a potential ferroptosis driver gene, and the downregulation of ACADSB in ccRCC may promote tumor progression by suppressing ferroptosis.

In conclusion, ACADSB is down-regulated in multiple types of cancers and shows good diagnostic and prognostic abilities in ccRCC. Bioinformatic analyses revealed that ACADSB might affect the development and progression of ccRCC by regulating FA catabolism, BCAA catabolism, and ferroptosis. These findings may offer new therapeutic approaches for the clinical treatment and prognostic assessment of ccRCC. However, there were some limitations to this study. This study was mainly conducted using data from the public databases, and the potential regulations between ACADSB and ferroptosis in ccRCC were analyzed by correlation analysis, which needs to be further elucidated by molecular experiments.
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Background

Dysfunctional transcription machinery with associated dysregulated transcription characterizes many malignancies. Components of the mediator complex, a principal modulator of transcription, are increasingly implicated in cancer. The mediator complex subunit 10 (MED10), a vital kinase module of the mediator, plays a critical role in bladder physiology and pathology. However, its role in the oncogenicity, metastasis, and disease recurrence in bladder cancer (BLCA) remains unclear.



Objective

Thus, we investigated the role of dysregulated or aberrantly expressed MED10 in the enhanced onco-aggression, disease progression, and recurrence of bladder urothelial carcinoma (UC), as well as the underlying molecular mechanism.



Methods

Using an array of multi-omics big data analyses of clinicopathological data, in vitro expression profiling and functional assays, and immunocytochemical staining, we assessed the probable roles of MED10 in the progression and prognosis of BLCA/UC.



Results

Our bioinformatics-aided gene expression profiling showed that MED10 is aberrantly expressed in patients with BLCA, is associated with high-grade disease, is positively correlated with tumor stage, and confers significant survival disadvantage. Reanalyzing the TCGA BLCA cohort (n = 454), we showed that aberrantly expressed MED10 expression is associated with metastatic and recurrent disease, disease progression, immune suppression, and therapy failure. Interestingly, we demonstrated that MED10 interacts with and is co-expressed with the microRNA, hsa-miR-590, and that CRISPR-mediated knockout of MED10 elicits the downregulation of miR-590 preferentially in metastatic UC cells, compared to their primary tumor peers. More so, silencing MED10 in SW1738 and JMSU1 UC cell lines significantly attenuates their cell proliferation, migration, invasion, clonogenicity, and tumorsphere formation (primary and secondary), with the associated downregulation of BCL-xL, MKI67, VIM, SNAI1, OCT4, and LIN28A but upregulated BAX protein expression. In addition, we showed that high MED10 expression is a non-inferior biomarker of urothelial recurrence compared with markers of cancer stemness; however, MED10 is a better biomarker of local recurrence than any of the stemness markers.



Conclusion

These data provide preclinical evidence that dysregulated MED10/MIR590 signaling drives onco-aggression, disease progression, and recurrence of bladder UC and that this oncogenic signal is therapeutically actionable for repressing the metastatic/recurrent phenotypes, enhancing therapy response, and shutting down stemness-driven disease progression and relapse in patients with BLCA/UC.
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Introduction

Bladder cancer (BLCA), with 573,278 new cases in 2020 and a projected 72.9% increase in incidence by 2040, ranks as one of the most diagnosed malignancies and a leading cause of cancer-associated mortality for both sexes and all ages, globally (1). Cigarette smoking, male sex, and advanced age contribute to the development of BLCA (1, 2). BLCA is characterized by high inter- and intra-tumor heterogeneity; more than 90% of BLCA cases are in some form transitional cell or urothelial, histologically, and localized bladder urothelial carcinoma (UC), occurring anywhere from the renal pelvis to the urethra, may either be non-muscle invasive (NMIBC, T1 stage) or muscle-invasive bladder cancer (MIBC, T2–T4), with ~3 in every 4 BLCA presenting as NMIBC (3–5). More so, up to 70% of all NMIBCs recurs and an estimated 20% progresses to MIBC, regardless of local therapy, with a persisting dismal prognosis for MIBC, which continues to be characterized by less than a 50% 5-year survival rate (4). Currently, treatment modality for BLCA includes cystoscopic surveillance, intravesical therapy, chemotherapy and/or radiation therapy, and immunotherapy; however, radical cystectomy remains the treatment of choice despite the risk of enhanced morbidity or probable overtreatment of low-risk patients (2, 6, 7). Diagnosis-wise, over the last decade, liquid biopsy including various urine-associated biomarkers, such as DNA methylation and mutations, protein-based assays, mRNA, and non-coding RNA signatures, has been touted as a clinically effective modality for patient selection, and a bio-tool for precision medicine, informing therapy choice and real-time monitoring of therapeutic effects (8). Moreover, there is accruing evidence of the exploitable role of circulating tumor cells (CTCs) as biomarkers of diagnosis and prognosticators of disease recurrence, progression, and poor survival in patients with BLCA/UC (9). Howbeit, the high incidence of recurrent NMIBC and poor survival rate of MIBC, despite these advances in diagnostic (8, 9) and therapeutic strategies (6, 7), necessitate the discovery and characterization of novel actionable molecular targets and development of new therapeutic approaches.

Transcription constitutes a vital part of the bio-cellular processes essential for protein production in eukaryotic cells, as such transcription is usually (not always) enhanced in cancerous cells, to facilitate their increased metabolic activity and proliferation (10). This highlights the exploitability of the transcriptional activity in malignant cells as a probable anticancer therapeutic strategy. The mediator of RNA polymerase II transcription subunit 10 (MED10) is a middle component of the highly conserved tetramodular (head, middle, tail, and cyclin-dependent kinase) Mediator complex in humans, and reports indicate that the Mediator complex serves as “a bridge between regulatory proteins and RNA polymerase II (Pol II), thereby regulating the Pol II-dependent transcription” (11). There is accruing evidence that altered expressions of components of the Mediator complex play important roles in tumor initiation and disease progression; however, these reports are largely divergent. Zhao et al. reported a high expression of MED15 in breast cancer tissues with enhanced TGFβ/Smad3 signaling, while inhibiting MED15 suppressed the metastatic potential of a highly aggressive breast cancer cell line (12). Conversely, the decreased expression of MED15 protein is implicated in uterine leiomyosarcomas regardless of mutational status (13) and MED15 is considered a tumor suppressor in oral/oropharyngeal cancers (14). In contrast, while MED1 expression is downregulated and inversely correlated with the expression of metastasis-related genes in melanoma (15), lung cancer (16, 17), and bladder cancer (18), enhanced MED1 activity has been reported in prostate and breast cancer, likely due to its function as a hub for nuclear hormone receptors (18, 19). Moreover, in spite of reports indicating that cyclin-dependent kinase (CDK)8-Mediator module is an oncogene, several studies support the tumor-suppressor role of CDK8, under certain conditions (20). This functional diversity of the Mediator and their divergent roles in different cancer types pique research interest and, howbeit controversial, may be exploited for the discovery of a surrogate biomarker of disease progression or development of inhibitors targeting candidate Mediator. Against the background of these contradictory reports, and the yet unknown role of MED10 in BLCA, the present study investigated the probable role of dysregulated or aberrantly expressed MED10 in the enhanced onco-aggression, disease progression, and recurrence of bladder UC, as well as the underlying molecular mechanism.



Material and Methods


Cell Culture and Chemicals

The normal human primary bladder epithelial BdEC (ATCC® PCS-420-010™) cell line was obtained from the ATCC (American Type Culture Collection, Manassas, VA, USA), and the human bladder transition cell carcinoma cell lines SW1738 and JMSU1 were kind gifts from CTY (Taipei Medical University - Shuang Ho Hospital, New Taipei City, Taiwan) and cultured in RPMI 1640 (Thermo Fisher Scientific Inc., Bartlesville, OK, USA). Culture medium was supplemented with 10% fetal bovine serum (FBS, #26140079, Thermo Fisher Scientific Inc., Bartlesville, OK, USA) and 100 U/ml of penicillin–streptomycin (Thermo Fisher Scientific Inc., Bartlesville, OK, USA). All cells used in the study were not greater than passage number 3 (≤P.3). Cells were subcultured at ≥98% confluence or culture media changed every 48 h. Stock solutions of 100 mM in 0.01% DMSO were stored at -20°C, until use.



Antibodies

Monoclonal antibodies against MED10 (C-2: #sc-393450), BAX (B-9: #sc-7480), BCL-xL (H-5: #sc-8392), Ki67 (#sc-23900), Vimentin (V9: #sc-6260), and SNAI1 (G-7: #sc-271977) were obtained from Santa Cruz Biotechnology (Dallas, TX, USA); OCT4A (#2840) and LIN28A (#8706) were purchased from Cell Signaling Technology, Inc. (CST, Beverly, MA, USA); and GAPDH (#sc-32233) was from Santa Cruz Biotechnology (Santa Cruz, CA, USA).



Colorimetric Cell Proliferation Assay

For cell proliferation, Invitrogen alamarBlue™ high-sensitivity cell viability reagent (#A50100, Thermo Fisher Scientific Inc., Bartlesville, OK, USA) was used strictly following the manufacturer’s instruction. Briefly, after 1 × 103 wild-type (WT) or MED10-silenced (shMED10) SW1738 or JMSU1 cell lines were seeded per well in triplicates with three biological replica for each assay in 96-well microtiter plates containing supplemented growth media and incubated at 37°C in humidified 5% CO2. After 24 h, the cells were incubated with alamarBlue™ for 2 h at 37°C. The number of dye-stained viable proliferating cells was read at 570-nm absorbance wavelength in the Molecular Devices SpectraMax M3 multimode microplate reader (Molecular Devices LLC., San Jose, CA, USA).



Silencing MED10 by RNA Interference

MED10-Human, 4 unique 29mer shRNA constructs in lentiviral GFP vector containing pGFP-C-shLenti (#TL303299; MED10 Human shRNA Plasmid Kit (Locus ID 84246; OriGene Technologies Inc., Rockville, MD, USA) were packaged and transfected into SW1738 or JMSU1 cells to silence MED10. Non-effective 29-mer scrambled shRNA cassette in pGFP-C-shLenti Vector, TR30021, served as negative control. Stably transfected monoclonal SW1738 or JMSU1 cells were selected using 2 μg/ml puromycin, as recommended by the manufacturer. The effect of the lentiviral infection was enhanced by adding Sigma-Aldrich® polybrene (#TR-1003, Merck KGaA, Darmstadt, Germany). MED10 knockdown in the cells was verified by Western blotting and quantitative real-time PCR. The shRNA sequences for MED10 are as follows: shMED10#1 5′-GACAGCAGCTTCATGATATTA-3′, and shMED101#2 5′-ATCGACACCATGAAGAAATTT-3′.



MED10 Ectopic Expression

We overexpressed MED10 in BdEC cells by transfecting the human MED10 (NM_032286.2) cDNA sequence cloned into pCMV6-Entry vector (pCMV-MED10; #V0529, GeneCopoeia, Inc., Rockville, MD, USA) using Lipofectamine™ LTX with PLUS™ reagent (#15338100, Life Technologies, Thermo Fisher Scientific Inc., NY, USA). BdEC cells were seeded and cultured in 35-mm-diameter dishes till they attained 60% confluence. On transfection day, 1 mg of DNA diluted in 100 μl of serum-free medium and 6 μl of Lipofectamine™ LTX with PLUS™ reagents were then added. The DNA-PLUS mix was incubated at room temperature for 20 min, and 4 μl of Lipofectamine reagent was added, followed by an additional 20-min incubation. After incubation, the BdEC cells were carefully washed twice with serum-free media and 800 μl of serum-free transfection medium. The cells were then incubated with DNA-PLUS–Lipofectamine reagent mix in 5% humidified CO2 incubator at 37°C for 3 h. Thereafter, recovery medium with 10% FBS was added to a final volume of 2 ml and incubated overnight. After this, the recovery medium was suctioned and fresh RPMI 1640 medium containing serum and antibiotics was added.



Bladder Cancer Tissue Damples

Bladder UC tissue samples (n = 79) were obtained from the Taipei Medical University - Shuang Ho Hospital tissue bank. The study was approved by the Institutional Review Board of the Taipei Medical University (approval number: N202102034) and compliant with recommendations from the Declaration of Helsinki for biomedical research involving human subjects. The requirement for patients’ signed informed consent was waived because of the retrospective nature of the study.



Immunohistochemical and Immunofluorescence Staining Assays

Immunohistochemical (IHC) staining was performed on formalin-fixed paraffin-embedded (FFPE) samples from our BLCA/UC cohort (n = 79) consisting benign (n = 21), T1 (n = 11), T2 (n = 17), T3 (n = 9), T4 (n = 5), and metastatic (M1, n = 16) bladder UC cases. Samples were probed with primary antibodies against MED10, MKI67/Ki67, OCT4, and LIN28A at 1:200 dilution following standard IHC protocol. Protein expression was scored by two independent pathologists using the quick-score (Q-score) formula Q = I × P, where I is staining intensity [0 (no staining), 1+ (weak), 2+ (moderate), and 3+ (strong)] and P represents percentage of stained cells. Maximum Q-score = 300. For immunofluorescence (IFC) staining, WT or shMED10 tumorspheres derived from corresponding SW1738 and JMSU1 cells were fixed with 4% paraformaldehyde after they were plated onto poly-L-lysine-coated glass coverslips, then they were washed carefully with cold PBS thrice, permeabilized with 0.1% Triton X-100/PBS solution for 10 min, and then incubated with primary antibodies against OCT4 and LIN28A at 1:400 dilution, followed by Cy5-labeled goat anti-mouse Alexa Fluor 488 secondary antibodies (#R37120, Thermo Fisher Scientific Inc.) for 1 h. DAPI (4′,6-diamidino-2-phenylindole; #D1306, Molecular Probes, Thermo Fisher Scientific Inc.) was used for nuclear staining. Cell visualization and imaging were performed using the Nikon E800 fluorescent microscope (Nikon Instruments Inc., Melville, NY, USA).



Western Blotting Assay

Protein blots derived from 20 µg of WT or shMED10 UC cell protein samples and separated by 10% sodium dodecyl sulfate polyacrylamide gel electrophoresis (SDS-PAGE) were transferred onto polyvinylidene fluoride (PVDF) membranes using the Bio-Rad Mini-Protein electro-transfer system (Bio-Rad Laboratories, Inc., Hercules, CA, USA). The PVDF membranes were blocked for 1 h with 5% non-fat milk in Tris-buffered saline with Tween 20 (TBST) and then probed overnight at 4°C with primary monoclonal antibodies against MED10 (1:1,000, Santa Cruz), BAX (1:1,000, Santa Cruz), BCL-xL (1:1,000, Santa Cruz), MKI67/Ki67 (1:1,000, Santa Cruz), Vimentin (1:1,000, Santa Cruz), SNAI1 (1:1,000, Santa Cruz), OCT4 (1:1,000, Cell Signaling Technology), LIN28A (1:1,000, Cell Signaling Technology), and GAPDH (1:1,000, Santa Cruz). Thereafter, the membranes were incubated with secondary antibodies conjugated with horseradish peroxidase (HRP) at room temperature for 1 h and carefully washed thrice with cold 1× PBS. The protein bands were detected with the enhanced chemiluminescence detection system (Thermo Fisher Scientific Inc., Waltham, MA, USA), and protein band densitometry was done using ImageJ software version 1.49 (https://imagej.nih.gov/ij/).



Tumorsphere Formation and Self-Renewal Assay

5 × 104 WT or shMED10 SW1738 and JMSU1 cells were seeded per well in ultra-low attachment 6-well plates (Corning, Corning, NY, USA) containing RPMI 1640 supplemented with Gibco™ B-27TM supplement (#17504044, Invitrogen, Carlsbad, CA, USA), 20 ng/ml basic fibroblast growth factor (bFGF; #13256029, Invitrogen), and 20 ng/ml epidermal growth factor (EGF; #PHG0311, Invitrogen). Cells were cultured at 37°C in a humidified 5% CO2 incubator for 6 days. Cultivated primary tumorspheres ≥ 100 µm were counted under inverted phase-contrast microscope, and then secondary tumorspheres were generated from the primary tumorspheres by dissociating them and reseeding the dissociated cells as per the primary tumorspheres, from single-cell suspension acquired using a sterile 22-G needle.



Scratch-Wound Healing Migration Assay

We used the scratch wound-healing assay to assess cell migration. Briefly, WT or shMED10 bladder UC cells were seeded and allowed to grow in 6-well plates (Corning, Corning, NY, USA) containing complete growth media with 10% FBS. Media in wells were changed to low-serum (1% FBS) growth media when cells attained >98% confluence. The median axes of the monolayered adherent cells were scratched using sterile yellow pipette tips and carefully washed with low-serum media to rid detached cells. Cell migration based on scratch-wound healing was monitored over time, and images were captured at 0 and 12 h after denudation under a light microscope using a ×10 objective lens. Thereafter, the images were analyzed using the National Institutes of Health ImageJ software version 1.49 (https://imagej.nih.gov/ij/).



Invasion Assay

Invasion assay was performed using the Corning® BioCoat™ Matrigel® invasion chambers with a 8.0−μm PET membrane in a two-24-well plate system (#354480, Corning, Corning, NY, USA). 1 × 105 WT or shMED10 JMSU1 cells were seeded per well in plates and incubated at 4°C overnight. The upper chambers contained low-serum (2% FBS) media while the lower chamber contained 600 ;μl high-serum (20% FCS) media. After 48-h incubation, the non-invaded cells in the upper chamber were carefully wiped off with sterile cotton swabs, while the invaded cells that penetrated through the membrane were fixed with ethanol, stained with crystal violet solution, and counted under light microscope from six random fields of vision.



Colony Formation Assay

2 × 104 WT or shMED10 SW1738 and JMSU1 cells were seeded into 6-well culture plates (Corning Inc., Corning, NY, USA) and incubated for 13–15 days at 37°C. Cells were then washed three times with cold 1× PBS, fixed with ice-cold methanol, stained with 0.005% crystal violet, washed with 1× PBS, and dried at room temperature. The colonies formed were assessed and counted under microscope, as well as digitally using the National Institutes of Health ImageJ software version 1.49 (https://imagej.nih.gov/ij/). In each well, the colonies with diameter ≥ 100 μm were counted over six randomly selected fields in triplicate assays.



Statistical Analysis

All data represent the mean ± standard deviation (SD) of assays performed at least 3 times in triplicates. The 2-sided Student’s t test was used for comparison between 2 groups, whereas one-way ANOVA with Tukey’s post-hoc test was used for comparison between 3 or more groups. Kaplan–Meier survival analyses aided comparison of survival rates between the control and test groups. All statistical analyses were performed using MS Excel (Microsoft Corporation. Microsoft Excel [Internet]. 2018. Available from: https://office.microsoft.com/excel) and GraphPad Prism version 8.0.0 for Windows (GraphPad Software, La Jolla, CA, USA). p-value < 0.05 was considered statistically significant.




Results


MED10 Is Aberrantly Expressed in Patients With BLCA, and This Has an Adverse Prognostic Implication

Bioinformatics-aided analyses of the GPL570 platform [HG-U133_Plus_2] Affymetrix Human Genome U133 Plus 2.0 Array (n = 162,085) (https://www.ncbi.nlm.nih.gov/geo/query/acc.cgi?acc=GPL570) revealed that the expression of MED10 transcripts was significantly higher in the BLCA patients than in their normal peers (1.66-fold, p = 0.002) (Figure 1A). This was corroborated by Cox PH modeling-based volcano plot visualization of differentially expressed genes in the TCGA BLCA cohort (n = 412), showing that the overexpression of the med10 gene was associated with increased hazard ratio (3.53-fold, p < 0.001) (Figure 1B). Survival analyses of the TCGA BLCA cohort showed that compared with their high MED10 counterparts (n = 333), patients with low MED10 expression (n = 56) enjoyed an 18% to 27% survival advantage from days 1,000 to 5,000 (concordance index = 48.67; hazard ratio HR = 1.78 (95% CI: 1.06–2.97), p = 0.028) (Figure 1C). Using the GPL570 platform [HG-U133_Plus_2], we also demonstrated that increased MED10 expression positively correlated with increased pathological tumor (pT) stage (Figure 1D). Our hazard ratio forest plot of BLCA/UC-relevant series in the GPL570 platform showed that high MED10 expression favors increased likelihood of disease-specific death (HR = 1.16 (95% CI: 0.85–1.58) and recurrence (HR = 1.07 (95% CI: 0.82–1.39) (Figure 1E). More so, MED10 expression was elevated in patients with high-grade BLCA compared to the low-grade peers, albeit statistically insignificant (Figure 1F). These data indicate that MED10 is aberrantly expressed in patients with BLCA and that this has an adverse prognostic implication.




Figure 1 | MED10 is aberrantly expressed in patients with BLCA, and this has an adverse prognostic implication. (A) Box plot of the tissue-wide differential gene expression profile across cancer experiments using the GPL570 platform (HG-U133_Plus_2)]. (B) Volcano plot of the hazard ratios of differentially expressed genes in the TGCA BLCA cohort. MED10 is indicated by the red circle. Volcano plot was plotted with log hazard ratio (HR) on the x-axis and p-value on the y-axis, using the Cox PH model. (C) Kaplan–Meier plot showing the effect of altered MED10 expression on the overall survival of patients in the BLCA cohort of the GPL570 platform. (D) Box and dot plots showing the association between MED10 expression and tumor stage in the GPL570 platform BLCA cohort (left). Chart showing the 2-sample t-test results for (D) (right). (E) Forest plot of hazard ratios showing the effect of MED10 on overall and recurrence-free survival on the GPL570 platform BLCA cohort. (F) Box and dot plots of the MED10 expression profile based on tumor grade in the GPL570 platform BLCA cohort.





MED10 Expression Is Positively Correlated With Disease Progression, Immune Suppression, and Therapy Failure

Having demonstrated the aberrant expression of MED10 in patients with BLCA and its association with poor prognosis, we sort to gain further insight into the probable role of MED10 in disease progression and therapy response. Reanalyzing the TCGA BLCA cohort data, we demonstrated that compared to patients without metastasis (M0), MED10 expression is upregulated in metastatic disease (M1) (Figure 2A). Similarly, MED10 expression is higher in patients with recurred or progressed disease, compared with their disease-free counterparts (Figure 2B). Also, MED10 transcript expression is positively correlated with increased American Joint Committee on Cancer (AJCC) tumor stage (T1 < T2 < T3 < T4) (Figure 2C). Interestingly, we also observed a higher median expression of MED10 in patients with progressive (PD) and stable (SD) disease, compared with their peers who had complete response/remission (CR), while the partial responders had the lowest MED10 expression (PD > SD > CR > PR) (Figure 2D). More so, our systematical analysis of immune infiltrates in BLCA across diverse platforms using the TIMER 2.0 algorithm (19) showed that CD8+ cytotoxic T cells were largely inversely correlated with MED10 protein expression (Spearman’s rhoTIMER = 0.23, p < 0.05; Spearman’s rhoEPIC = -0.09, Spearman’s rhoCIBERSORT = -0.04, Spearman’s rhoXCELL = -0.15, p < 0.05), and infiltration of CD8+ effector memory T cells showed a mild positive correlation with MED10 expression (Spearman’s rhoXCELL = ~0.11, p < 0.05); however, MED10 expression was positively correlated with suppressors of immune response, namely, regulatory T cells, Treg (Spearman’s rhoCIBERSORT = 0.03; Spearman’s rhoQUANTISEQ = 0.13, p < 0.05) and myeloid-derived suppressor cells, and MDSC (Spearman’s rhoTIDE = 0.34, p < 0.05) (Figure 2E). Our correlative somatic copy number alteration (sCNA) analyses showed that compared to its ambivalent association with CD8+ T cells with Spearman’s rho ranging from -0.78 to 0.18, high amplification of med10 gene is positively correlated with Treg infiltration (Figure 2F). Of clinical relevance, we also showed that patients with concurrent high MED10 expression and low CD8+ T cell levels in the EPIC cohort (n = 1575) exhibited the worst cumulative survival rate (R2 = 0.15, p = 4.21e-08) (Figure 2G). Using the TCGA BLCA cohort (n = 408), we observed that patients bearing high MED10 expression with or without high MDSC levels exhibited worse survival rates relative to those with concurrent low MED10 and low MDSC levels (R2 = 0.13, p = 3.67e-07) (Figure 2H). Moreover, patients with concurrent high MED10 and low Treg levels in the TCGA BLCA cohort (n = 408) exhibited the worst cumulative survival rate, compared to those with concomitantly high MED10 and Treg levels or those with low MED10 expression regardless of Treg level (R2 = 0.13, p = 7.86e-07) (Figure 2I). These data do indicate, at least in part, that MED10 expression is positively correlated with disease progression, immune suppression, and therapy failure.




Figure 2 | MED10 expression is positively correlated with disease progression, immune suppression, and therapy failure. Box plots showing the association between MED10 mRNA expression and (A) AJCC metastasis stage, (B) recurrence/progression or disease-free status of patients, (C) AJCC tumor stage, or (D) primary therapy outcome success type, in the TCGA BLCA cohort. (E) Dot plot of the tumor purity-adjust correlation between MED10 expression and level of tumor immune infiltrates. (F) Dot plot of the effect of high amplification of MED10 on the diploid-normalized immune cell infiltration level. Kaplan–Meier plot showing the effect of altered MED10 expression with or without altered (G) CD8+ T, (H) MDSC, or (I) Treg cell level on the cumulative survival.





MED10 Is Functionally Co-Expressed With hsa-miR-590 but Is Inversely Associated With Tumor-Suppressor MicroRNAs

Against the background that microRNAs (miRs) are critical regulators of gene expression, transcription, and translation (21, 22), seeking to gain some mechanistic insight into the oncogenic and immune-suppressing function of MED10 in BLCA/UC, we performed a MED10–miR association probe. Our MED10–miR association plot showed that MED10 was strongly associated with several miRs including a relatively unknown hsa-miR-590-5p (F-stat = 2.11, p = 1.93e-05) (Figure 3A). More so, using the TCGA BLCA cohort (n = 412), we demonstrated that upregulated expression of the med10 gene is positively correlated with several oncogenic miRs (oncomiRs) including hsa-miR-590 (Figure 3B) but is inversely correlated with expression levels of tumor-suppressor miRs, including hsa-miR-483, hsa-miR-29c, hsa-miR-100, and hsa-miR-143 (Figure 3C). We also demonstrated a significant positive correlation between MED10 and hsa-miR-590-5p transcript expression (r = 0.24, p = 6.29e-07) (Figure 3D). Consistent with this, using the GISTIC module (https://www.genepattern.org/modules/docs/GISTIC_2.0), we found that unlike in patients with diploid hsa-miR-590-5p, hsa-miR-590-5p copy number gain or amplification was associated with upregulated MED10 transcript expression in patients with BLCA/UC (Figure 3E). These data indicate that MED10 is functionally co-expressed with hsa-miR-590 but is inversely associated with tumor-suppressor microRNAs.




Figure 3 | MED10 is functionally co-expressed with hsa-miR-590 but is inversely associated with tumor-suppressor microRNAs. (A) Association plot of the relationship between the expression of MED10 and miRs in the TCGA BLCA cohort (left). Chart showing the 10 topmost miRs associated with upregulated or downregulated MED10 expression (right). Heatmaps showing (B) positively and (C) negatively correlated significant miRs in the TCGA BLCA cohort. (D) Line and dot plots showing the correlation between MED10 and hsa-miR-590-5p expression levels in the TCGA BLCA cohort. FPKM, fragmented per kilobase of transcript per million; RPM, reads per million total/mapped reads. (E) Box and whiskers plot showing the association between MED10 mRNA expression and hsa-miR-590-5p copy number alterations.





MED10 Interacts Directly With hsa-miR-590, a Modulator of Immune Infiltration and Survival

Since co-expression does not necessarily translate into molecular interaction, having shown that MED10 is functionally co-expressed with hsa-miR-590, we probed for a probable interaction between MED10 and hsa-miR-590. Using the mutual exclusivity test for MED10 and hsa-miR-590 in a pooled BLCA cohort (n = 786 patients, 806 samples) consisting of bladder cancer (MSK/TCGA, 2020 n = 476), bladder cancer (MSKCC, Eur Urol 2014 n = 109), bladder urothelial carcinoma (BGI, Nat Genet 2013 n = 99), bladder urothelial carcinoma (DFCI.MSKCC, Cancer Discov 2014 n = 50), and urothelial carcinoma (Cornell/Trento, Nat Gen 2016 n = 72), we confirmed the spatiotemporal association between the dyad (co-occurrence: log2 odds ratio >3, p = 0.02) (Figure 4A). To better understand the MED10/hsa-miR-590-5p relationship and for visualization of our hypothesized molecular interaction between MED10 and hsa-miR-590-5p in BLCA/UC cells, we employed a bioinformatics approach to generate the tertiary (3D) structure of MED10 based on sequence homology modeling (NCBI Reference Sequence: NP_115662.2) (https://www.ncbi.nlm.nih.gov/protein/NP_115662.2; Figure 4B). We also generated the 3D structure of hsa-miR-590 from its sequence (NCBI Reference Sequence: NR_030321.1)-derived “brackets and dots” linear structure and the minimum free energy (MFE) secondary (2D) structure (Figure 4C). Using the Schrödinger PyMOL 2.5 molecular interaction and visualization software (https://pymol.org/2/), we observed a high interaction propensity, broad conservation, and good complementarity between the 5′ end of hsa-miR-590 and the C-terminal RNA-binding motif of MED10, demonstrated by a shape complementarity/docking score of 14,146, atomic contact energy (ACE) of −802.59 kcal/mol, approximate MED10/hsa-miR-590-5p complex interface area of 1,990.70 Å2, root-mean-square deviation (RMSD) of atomic positions of 4.0 Å, and a p-value of 3.11e−04, with the 3D transformation data, consisting of three rotational angles (2.42°, 0.38°, 120.70°) and three translational parameters (−1.18, −53.27, −102.28) applied on the ligand molecule, hsa-miR-590 (Figure 4D). Furthermore, to confirm the functional and/or modulatory nature of the demonstrated MED10/hsa-miR-590-5p interaction, using agarose gel electrophoresis, we showed that the ectopic expression of MED10 in normal human primary bladder epithelial BdEC cells significantly upregulated the expression of hsa-miR-590, compared to the WT cells; more so, upon silencing MED10 (shMED10) in metastatic human bladder transition cell carcinoma SW1738 cells, hsa-miR-590 expression was markedly suppressed (Figure 4E). These findings indicate that MED10 interacts directly with and upregulates hsa-miR-590 expression in BLCA/UC cells. For functional insights, using the TIMER 2.0 algorithm (23), our correlative sCNA analyses showed that akin to MED10, high amplification of hsa-miR-590 was largely correlated with suppressed CD8+ T cell infiltration level but is positively correlated with Treg infiltration (Spearman rhoXCELL = 0.31) (Figure 4F). Moreover, survival analysis of the TCGA BLCA cohort (n = 454) showed that high hsa-miR-590 expression conferred survival disadvantage compared to low expression (t-stat = 0.85, p = 0.04) (Figure 4G). These data indicate, at least in part, that MED10 interacts directly with hsa-miR-590, a modulator of immune infiltration and survival.




Figure 4 | MED10 interacts directly with hsa-miR-590, a modulator of immune infiltration and survival. (A) Depiction of mutual exclusivity test data showing tendency and likelihood of MED10 and hsa-miR-590 to co-occur in pool of 5 BLCA/UC studies. (B) Sequence-derived 3D structure of MED10. (C) The optimal secondary structure in dot-bracket notation with a minimum free energy (MFE) of −31.20 kcal/mol (upper). The RNAfold-generated MFE secondary folding structure pattern of hsa-miR-590 (lower left). The hsa-miR-590 3D structure generated based on the secondary structure in dot-bracket notation (lower right). (D) Molecular docking showing the direct interaction between MED10 and hsa-miR-590. The 3D transformation data, consisting of three rotational angles (2.42°, 0.38°, 120.70°) and three translational parameters (−1.18, −53.27, −102.28) applied on the ligand molecule, hsa-miR-590. (E) Representative agarose gel electrophoresis image of the effect of altered MED10 protein expression on the expression level of hsa-miR-590 in BdEC and SW1738 cells. GAPDH served as loading control. WT, wild type. (F) Dot plot showing the effect of high amplification of hsa-miR-590 on the immune cell infiltration levels. (G) Kaplan–Meier plot of the effect of altered hsa-miR-590 expression in the TCGA BLCA cohort.





Targeting MED10 Elicits Downregulation of hsa-miR-590-5p Expression Preferentially in Metastatic, Transitional Cell (Urothelial) Carcinoma Cells

Reaffirming previous data, we demonstrated similarity in the cancer-normal differential expression profile of MED10 (fold change, FC = 1.76, p = 5.7e-06) and hsa-miR-590-5p (FC = 5.78, p = 1.4e-30) in the TCGA BLCA cohort (Figures 5A, B). To rule out multifactorial inter-sample inconsistencies/variation and establish replicability of the observed expression profile, our gene detectability power analysis of the GSE81157 aggressive BLCA cohort (n = 9) showed that variation in the true abundance of MED10 (biological coefficient of variation, BCOV = 0.17, power = 0.99) or hsa-miR-590 (BCOV = 0.45, power = 0.02) between replicate RNA samples was apparently insignificant (Figure 5C). Bioinformatics-aided evaluation of CRISPR-induced loss of MED10 function (criMED10) in 29 BLCA cell lines showed that increased suppression of med10 elicited increased downregulation of hsa-miR-590 copy number in metastatic cell lines 253J, UMUC1, UMUC13, UMUC14, and JMSU1 (Spearman r = 0.30) compared with the apparent non-effect in primary tumor cell lines (Spearman r = -0.003) (Figure 5D). Furthermore, in a non-stratified CCLE–Broad–MIT pool of BLCA cells, criMED10 had no apparent effect (Pearson r = 0.03); however, upon extraction and probe of only transitional cell carcinoma/UC cells, we found that criMED10 elicits suppressed expression of hsa-miR-590-5p in the BC3C, UMUC1, RT112, TCCSUP, BFTC905, UMUC3, VMCUB1, KU1919, 639V, and CAL29 UC cell lines (Figure 5E). These data indicate that targeting MED10 elicits downregulation of hsa-miR-590-5p expression preferentially in metastatic, transitional cell (urothelial) carcinoma cells.




Figure 5 | Targeting MED10 elicits downregulation of hsa-miR-590-5p expression preferentially in metastatic, transitional cell (urothelial) carcinoma cells. Box and whisker plots of the differential expression of (A) MED10 or (B) hsa-miR-590-5p in cancer and normal samples from the TCGA BLCA cohort. (C) Scatter-plot of the biological coefficient of variation (BCOV) against the average abundance of MED10 and MIR590 in the GSE81157 aggressive bladder cancer cohort. (D) Graphical representation of the effect of MED10 loss of function on hsa-miR-590 copy number in 29 metastatic or primary BLCA cell lines from the 21Q2 Public cohort (left). Chart showing the spatial distribution of the BLCA cell lines according to metastasis status (right). Visualization of the effect of MED10 knockout on hsa-miR-590-5p expression in (E) mixed pool of BLCA cell lines (left), or purely bladder transitional/UC cell lines (right).





shRNA-Mediated Targeting of MED10 in Bladder Urothelial Carcinoma Cells Significantly Attenuates Their Oncogenicity and Metastatic and Cancer Stemness Phenotypes

Having shown that targeting MED10 elicits downregulation of hsa-miR-590-5p expression preferentially in metastatic, transitional cell (urothelial) carcinoma cells, for functional characterization of the effect of altered MED10/hsa-miR-590-5p signaling in UC cells, we performed several functional assays. We observed that shMED10 significantly suppressed the proliferation of SW1738 (4.47-fold, p < 0.001) and JMSU1 (4.88-fold, p < 0.01) cells (Figure 6A). Results of our migration assays demonstrate that shMED10 markedly attenuated the migration of JMSU1 cells (2.11-fold, p < 0.01) (Figure 6B). shMED10 also significantly inhibited the invasive capability of JMSU1 cells (4.35-fold, p < 0.01) (Figure 6C). Similarly, we demonstrated that shMED10 profoundly suppressed the ability of the SW1738 (9.58-fold, p < 0.001) and JMSU1 (3.28-fold, p < 0.01) cells to form colonies (Figure 6D). In parallel assays, we found that shMED10 significantly downregulated the expression levels of MED10, anti-apoptosis BCL-xL, proliferation marker MKI67/Ki67, biomarkers of metastasis VIM and SNAI1, and stemness/pluripotency markers OCT4 and LIN28A, while concomitantly upregulating pro-apoptosis BAX protein in both the SW1738 and JMSU1 cells (Figure 6E). Because of the association of onco-aggression and disease recurrence with cancer stemness (21), we assessed for probable effects of altered MED10/hsa-miR-590 signaling on cancer stem cell activities in UC cells. Reanalysis of the AFFY_HG_U133_PLUS_2, GSE31684 UC cohort (n = 93) showed that MED10 is co-overexpressed with stemness markers CD44, SOX2, PROM1/CD133, KLF4, NANOG, and LIN28A in patients with urothelial recurrence and is concomitantly upregulated with NANOG and CD44 in patients with local recurrence, but profoundly suppressed, akin to the other stemness/pluripotency markers, in patients with non-recurrent disease (Figure 7A). Interestingly, using our in-house bladder UC tissue samples (n = 79), we showed that compared with the benign tissue samples, MED10 expression, alongside Ki67, OCT4, and LIN28A, is disease progression from non-muscle invasive bladder cancer (NMIBC: pT1) to muscle-invasive bladder cancer (MIBC: pT2–pT4) and more so in patients with distant metastatic disease (M1) (benign < T1 < T2 < T3/4 < M1) (Figure 7B). Reminiscent of the loss of self-renewal capability, we demonstrated that shMED10 significantly suppressed the ability of the SW1738 and JMSU1 cells to form primary and subsequently secondary tumorspheres, quantitatively and qualitatively (Figure 7C), with concomitant inhibition of the nuclear translocation and co-localization of the pluripotency/stemness markers OCT4 and LIN28A (Figure 7D). This is further corroborated by our biological function gene ontology (GO) enrichment analysis showing that MED10 networks with hsa-miR-590, KLF4, SOX2, OCT4/POU5F1, LIN28A, and NANOG and is implicated in “stem cell population maintenance” (GO:0019827: FDR-adjusted p = 5.0e-10), “somatic stem cell population maintenance” (GO:0035019: FDR-adjusted p = 7.2e-09), “maintenance of cell number” (GO:0098727: FDR-adjusted p = 5.0e-10), and “cell fate commitment” (GO:0045165: FDR-adjusted p = 3.3e-04) (Supplementary Figure 1). These data demonstrate that targeting MED10 in bladder UC cells significantly attenuates their oncogenicity and metastatic and cancer stemness phenotypes.




Figure 6 | shRNA-mediated targeting of MED10 in bladder urothelial carcinoma cells significantly attenuate their oncogenicity and metastatic phenotype. Photomicrographs and histograms showing the effect of knocking down MED10 on the (A) proliferation, (B) migration, (C) invasion, and (D) colony formation of SW1738 and JMSU1 cells. (E) Representative Western blot images showing the effect of shMED10 on the expression of MED10, BAX, BCL-xL, VIM, SNAI1, OCT4, or LIN28A protein expression level in SW1738 and JMSU1 cells. GAPDH serve as loading control. ns, not significant; **p < 0.01; ***p < 0.001.






Figure 7 | shRNA-mediated targeting of MED10 in bladder urothelial carcinoma cells significantly attenuate their cancer stemness phenotype. (A) Heatmap showing the correlation between the expression of MED10, and stemness markers NANOG, SOX2, POU5F1/OCT4, CD44, PROM1/CD133, KLF4, and LIN28A in patients with urothelial recurrence or local recurrence from the AFFY_HG_U133_PLUS_2, GSE31684 cohort. Columns with similar annotations are collapsed by taking mean inside each group. Rows are centered; unit variance scaling is applied to rows. Both rows and columns are clustered using correlation distance and average linkage. 24 rows, 4 columns. (B) Immunohistochemistry photomicrographs of the differential expression of MED10, MKI67, OCT4, and LIN28A in benign, T1, T2, T3/4, or M1 tissue samples from the TMU-SHH UC cohort. Scale bar 200 μm. (C) Photomicrographs and histograms showing the effect of shMED10 on the formation of primary or secondary tumorspheres from SW1738 and JMSU1 cells. (D) Representative immunofluorescence images showing the effect of knocking down MED10 on the nuclear translocation and co-localization of OCT4A and LIN28A. DAPI served as nuclear marker. Scale bar 50 μm. *p < 0.05; **p < 0.01; ***p < 0.001.






Discussion

Bladder UC, one of the most frequently diagnosed cancers globally, is increasingly characterized by early metastasization, unabated disease recurrence after initial response, and dismal prognosis in spite of diagnostic and therapeutic advances. This necessitates the identification and characterization of probable molecular mechanisms underlying its progression as a prelude for discovery of novel actionable diagnostic and prognostic biomarkers, and development of new efficacious therapeutic strategies for patients with UC.

The Mediator complex plays an essential role in the transduction of signals from enhancer region-bond activators of transcription to promoter site-associated RNA Pol II basal transcription machinery, to activate or repress transcription factors at distant genomic regions (10, 11, 24). This alteration of transcription factor activity with associated alterations in gene expression is characteristic of human health and diseases, including BLCA (25–27). In the present study, we provide preclinical evidence that MED10, a regulator of transcription, is aberrantly expressed in patients with BLCA and this has an adverse prognostic implication. This is consistent with accruing evidence of the tumor-promoting roles of components of the multi-protein Mediator complex, including reports that Mediator subunit CDK19 is specifically expressed in prostate cancer, with upregulated expression being associated with disease progression, as observed in patients with metastatic and castration-resistant disease (28). More so, several reports indicate that other subunits of the Mediator complex, which are actively involved in regulating estrogen and androgen receptor gene expression, are altered in some endocrine malignancies, such as prostate and breast cancer (19, 20, 29). We also show, for the first time to the best of our knowledge, that MED10 expression is positively correlated with disease progression, immune suppression, and therapy failure. This is in part corroborated by reports that the upregulation of MED28 expression by FOXD3-AS1, with concomitant suppression of miR-127-3p, promoted non-small cell lung cancer (NSCLC) cell proliferation and invasion, in vitro, and enhanced xenograft tumor growth (30). Considering the systemic nature of cancer, and the significant alteration observed in the global immune landscape of patients with refractory, metastatic, and/or recurrent cancer, our data showing that elevated MED10 expression is associated with low levels of tumor-infiltrating CD8+ T cells and high MDSC and Treg levels is of therapeutic relevance, especially as the peripheral immune system is an essential driver of effective innate and treatment-induced anticancer immune responses (31). Tregs are required to maintain host immune tolerance and often cross talk with conventional T cell signaling, including those from the principal mediator of anticancer immunity, CD8+ T cells; however, Foxp3+ Tregs suppress anticancer immunity, facilitate evasion of immunosurveillance, hamper efficient anticancer immune response, and confer resistance to therapy (31, 32). Consistent with accruing evidence that sensitivity to anticancer therapy is favored by the pooling and activity of activated CD8+ T cells within the tumor microenvironment, with associated enhanced CD8+ T cell-based immune response, we posit that MED10 induces an immunosuppressive tumor microenvironment, by upregulating Treg and/or MDSC activity, dysregulating associated immune regulatory molecules, hampering lymphocyte homing, and depleting metabolites required for CD8+ T cell differentiation and function, all of which are implicated in reduced sensitivity or resistance to anticancer therapy (32 – 33). Thus, targeting MED10 may represent an alternative approach to inducing effective immune responses and/or re-invigorating preexisting anticancer immune responses.

Furthermore, against the background of the just emerging role of the Mediator complex in the regulation of non-coding RNAs, we demonstrated that MED10 is co-expressed with hsa-miR-590 and interacts directly with hsa-miR-590 but is inversely associated with tumor-suppressor microRNAs and that this interaction modulates immune infiltration and survival. The broadly documented differential expression of miRs in malignancies is increasingly considered a tenet of cancer initiation, progression, and therapy response (34). Corollary to our finding, it was recently reported that increased expression of Mediator subunit MED1 induces upregulation of the miR-191/425 cluster (namely, miR-100-5p, miR-191-5p, miR-193b-3p, miR-205-5p, miR-326, miR-422a and miR-425-5p), in breast cancer, and that this promotes cell proliferation and migration (35). More so, concordant with our finding that high hsa-miR-590 expression conferred survival disadvantage compared to low expression, a recent study based on single-sample gene-set enrichment analysis (ssGSEA) and least absolute shrinkage and selection operator (LASSO) Cox regression modeling suggested that certain miRs are significantly associated with immune-related response and pathways that are critical for initiation and progression of head and neck squamous cell carcinoma (HNSCC) (36). In addition, the expression of these immune-related miRs was shown to be strongly correlated with immune cell infiltration and expression of immune checkpoints, thus implicating probable immunosuppressive microenvironment in patients’ poor prognoses (36).

Despite common knowledge that nearly all bladder UC-specific deaths follow from metastatic disease, the genomic bio-drivers of disease progression and metastatic recurrence remain poorly understood. Interestingly, and of clinical relevance especially in the context of patient stratification for precision medicine, we demonstrated that targeting MED10 elicits downregulation of hsa-miR-590-5p expression preferentially in metastatic, transitional cell (urothelial) carcinoma cells and significantly attenuates their oncogenicity and metastatic and cancer stemness phenotypes. We posit that this preferential downregulation of the hsa-miR-590-5p sequel to MED10 inhibition is suggestive of a putative role for altered MED10/hsa-miR-590-5p signaling in the management of patients with metastatic or recurrent bladder UC, and in the light of other data present herein, we speculate that MED10 is a promising molecular candidate for urothelial cancer immunotherapy. Howbeit thematically different, the team of Lewis Chodosh in a contextually analogous study (37) demonstrated that certain genes, namely, MYLK, PEAK1, SLC2A4RG, EVC2, XIRP2, PALB2, and ESR1, and pathways such as WNT/β-catenin, PI3K/mTOR, CDK/RB, and cAMP/PKA are mutated or exhibit sCNA preferentially in metastases, compared with paired primary tumors. Pooled together with ours, these findings provide some genomic bases for developing efficacious targeted or immune-based therapy for metastatic disease. Our finding is also reminiscent of the oncogene addiction concept (38); inferring from our data, it is rationally conceivable that metastatic/recurrent bladder UC are addicted to MED10/hsa-miR-590-5p signaling, thus representing a therapeutic Achilles’ heel that makes these metastatic UC cells particularly susceptible or sensitive to inhibition of MED10 singly.

Moreover, concurring that “cancer stem cells are the leading power behind tumor growth, with the ability of self-renewal, metastasis, and resistance to conventional chemotherapy” (39), our data showing that MED10 is co-overexpressed with stemness markers CD44, SOX2, PROM1/CD133, KLF4, NANOG, and LIN28A in patients with urothelial recurrence and concomitantly upregulated with NANOG and CD44 in patients with local recurrence, but profoundly suppressed, akin to the other stemness/pluripotency markers, in patients with non-recurrent disease, are also clinically relevant. This finding is also corroborated, in part, by studies showing that the master pluripotency transcription factors Oct4, Sox2, and Nanog bind to cis-acting enhancers and recruit Mediator to activate most of the pluripotent embryonic stem cell (ESC) gene expression program (40). It thus may be inferred that the reduced expression of MED10 (and by inference, pluripotency factors) “cause preferential loss of expression of super-enhancer-associated genes” which are essential for maintaining “cancer cell identity” and promoting oncogene transcription (40, 41). Once again, this bio-event is suggestive of how MED10-induced or -mediated alteration in gene (stemness, oncogenic) expression may be exploited for development of an efficacious anti-metastasis, anti-recurrence therapeutic strategy in bladder UC clinics.



Conclusions

These data provide preclinical evidence that dysregulated MED10/MIR590 signaling drives onco-aggression, disease progression, and recurrence of bladder UC and that this oncogenic signal is therapeutically actionable for repressing the metastatic/recurrent phenotypes, enhancing therapy response, and shutting down stemness-driven disease progression and relapse in patients with BLCA/UC.
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The tumor microenvironment (TME) is variable across tumor types and has diverse effects on malignant progression, based on the type and number of infiltrating stromal cells. In particular, TME effector genes and their competitive endogenous RNA (ceRNA) networks play a critical role in regulating malignant tumor progression. However, the core effector molecules involved in TME modulation of kidney renal papillary cell carcinoma (KIRP) are poorly understood. To address this question, a cohort containing 233 KIRP patients was derived from The Cancer Genome Atlas (TCGA) database, and the data were processed using the ESTIMATE algorithm. We further evaluated the relationship between immune scores (ISs) and stromal scores (SSs) and disease progression and found that high SSs were associated with a poor prognosis in KIRP. Differentially expressed genes (DEGs) were therefore screened based on SS scores, resulting in 2509 DEGs, including 1668 mRNAs, 783 long noncoding (lnc)RNAs, and 58 micro (mi)RNAs. DEGs were then filtered using the random variance and subjected to hierarchical clustering using EPCLUST. Weighted gene co-expression network analysis (WGCNA) was used to assess the prognostic capacity of these DEGs and identify target ceRNA networks, and lncRNA GUSBP11/miR-432-5p/CAMK2B in the turquoise module was selected as a promising ceRNA network. From this analysis CAMK2B was selected as the core gene predicted to be involved in stromal TMA regulation. We therefore explored the expression and function of CAMK2B in vitro and in vivo and provide evidence that this protein promotes stromal TME remodulation and inhibits proliferation in KIRP. Lastly, we show that vascular endothelial growth factor (VEGF), transforming growth factor (TGF)β, and close homolog of L1 (CHL1) act as downstream effectors of CAMK2B in KIRP. Thus, in this study, we show that the TME determines prognosis of KIRP patients via the core effector molecule CAMK2B, which mediates both microenvironmental remodeling and tumor progression. Based on these findings, we propose that remodeling of the stromal microenvironment could represent an improved therapeutic approach relative to immunotherapy for KIRP.




Keywords: kidney renal papillary cell carcinoma (KIRP), tumor microenvironment, CAMK2B, lncRNA GUSBP11, miR-432-5p



Introduction

According to estimates from the World Health Organization (WHO) and Chinese National Cancer Center, cancer is the leading cause of death and consequently, represents a major public health problem in a majority of countries, showing increasing incidence and mortality rates (1, 2). Kidney renal papillary cell carcinoma (KIRP) accounts for 10–20% of Renal Cell Carcinoma (RCC). However, efficacy data for drugs available in clinical practice remain largely unsatisfactory for KIRP, as patients with KIRP are often excluded from common RCC histological subtypes in clinical trials. Furthermore, the regulatory factors that mediate KIRP progression remain largely unidentified (3, 4). In recent years, the emergence of immune checkpoint inhibitors and combination treatment strategies has brought hope to patients with advanced RCC. However, additional insight into the driver and passenger alterations in KIRP-associated genes will be key to improving both management of this disease and patient prognosis.

The tumor microenvironment (TME) strongly influences clinical outcome of patients with malignant tumors, and the TME landscape varies considerably in different tumor types (5). Critically, characteristic features of the TME and the precise effect of key TME-associated genes in KIRP remain unclear. Emerging studies suggest that noncoding competing endogenous RNAs (ceRNAs), including microRNAs (miRNAs) (6) and long noncoding RNAs (lncRNAs) (7), play a critical role in the efficiency of messenger RNA (mRNA) translation in tumors (8). These noncoding RNAs modulate gene expression at both the transcriptional and post-transcriptional levels and act as master regulators for key mRNAs. However, the target genes and related effector proteins involved in TME-mediated modulation of KIRP are poorly understood.

In the present study, we aimed to explore the role of TME subtype in malignant progression of KIRP and to identify the core effectors involved in KIRP progression. Unexpectedly, we found that overall survival was associated with stromal scores (SSs), but not immune scores (ISs), derived using the ESTIMATE algorithm. We then identified and screened differentially expressed genes (DEGs) in patients with high vs. low SSs using weighted gene co-expression network analysis (WGCNA), leading to identification of the lncRNA GUSBP11/MiR-432-5p/CAMK2B network, based on the results of correlation strength and survival analysis. Lastly, we investigated the role of CAMK2B, a core network gene, and found that it inhibits proliferation and modulates the TME via downstream effector genes, including vascular endothelial growth factor (VEGF), transforming growth factor (TGF)β, and close homolog of L1 (CHL1), which mediate in stromal microenvironment regulation. Thus our findings suggest that TME remodeling may represent a possible therapeutic approach for KIRP.



Materials and Methods


Data Acquisition and Estimation of Stromal Scores and Immune Scores

The Cancer Genome Atlas (TCGA) database contains multi-omics datasets, including gene transcript, miRNA, and lncRNA expression data from numerous cancer types. We downloaded all KIRP datasets from TCGA (https://portal.gdc.cancer.gov/) using the TCGAbiolinks package in R software (version 3.5.1), including lncRNA, mRNA, and miRNA expression profiles from KIRP samples and the corresponding clinical follow-up data. Next, we used the ESTIMATE algorithm to output stromal scores (SSs) and immune scores (ISs) and compared the differentially expressed lncRNAs, mRNAs, and miRNAs in samples with high and low SSs and ISs (high >0 and low <0) (9).



Weighted Gene Co-Expression Network Analysis

We utilized the weighted gene co-expression network analysis (WGCNA) package in R to analyze the co-expression network of selected lncRNAs and mRNAs (10). The gene expression profile matrix was first transformed into a similarity matrix based on the Pearson test between pairwise genes. Next, the similarity matrix was converted into an adjacency matrix, and scale-free gene co-expression networks were constructed by the WGCNA package. The topological overlap matrix (TOM) and dissimilarity TOM (dissTOM) were then obtained by TOM similarity and dissimilarity on the basis of the adjacency matrix. Lastly, after hierarchical clustering analysis based on dissTOM, modules were generated from the Dynamic Tree Cut method for Branch Cutting.



Tissue Samples and Clinical Data Collection

Two independent cohorts of KIRP samples were acquired for this study from patients that underwent surgery at the Air Force Military Medical University Tangdu Hospital (Xi’an, China). From cohort A, 30 paired KIRP tissues and adjacent non-tumor tissues were gathered and used for reverse transcription (RT)-PCR and immunoblotting. From cohort B, 80 KIRP specimens were collected and used for constructing tissue microarrays and performing immunohistochemistry (IHC). This study was approved by the Ethics Committee on Human Research of Tangdu Hospital, and written informed consent was obtained from all patients.



Vector Construction, Transfection, and Lentivirus Transduction

Human full-length CAMK2B cDNA (NM_001220.5) was obtained from VectorBuilder (Guangzhou, China). This fragment was cloned into the pCDH lentiviral expression vector (System Biosciences, Palo Alto, CA, USA) and inserted between the XbaI and EcoRI sites, using the In-Fusion HD Cloning Kit (Takara, Tokyo, Japan). Plasmid constructs expressing CAMK2B shRNA and scramble shRNA were generated using the lentiviral expression plasmid PLKO.1 and obtained from Vectorbuilder. Lentiviral shRNA target sequences were as follows: CCGGAAGCAGGAGATCATTAA (sh1), GACCAGATGTGATTTGTTAAA (sh2), and ATAGAGGATGAAGACGCTAAA (sh3). Stable cell lines were created by antibiotic selection with puromycin for one week, beginning 72 h after transduction.



Quantitative RT-PCR Analysis

Total RNA was isolated from KIRP tissues and adjacent non-tumor tissues using TRIzol Reagent (Invitrogen, Thermo Fisher Scientific, Waltham, MA, USA). Isolated RNA was reverse transcribed using the PrimeScript RT Reagent Kit (TaKaRa, Shiga, Japan), and mRNA expression was determined by quantitative (q) qRT-PCR using SYBR Premix Ex Taq II (TaKaRa). Primers used for amplification of human genes were as follows: lncRNA GUSBP11 forward primer 5’-TCCCCTGTCCCGAAGGATTAC-3’ and reverse primer 5’ -TAAGGGACTAACGGCTTCGCT-3’; miR-432-5p forward primer 5’-ACTCAAACACTTCGGACATGG-3’ and reverse primer 5’-CAAAGAGCAACAGAGAGTAGCA-3’; CAMK2B forward primer 5’-CAGTGTACTTCAGTTGGTG-3’ and reverse primer 5’-TCAGGTTTTGCTCTTC TC-3’; GAPDH forward primer 5’-AGGTCGGAGTCAACGGATTTG-3’ and reverse primer 5’-TGTAAACCATGTAGTTGAGGTCA-3’.



Immunohistochemistry and Immunoblotting

Tumor tissue was fixed, embedded in paraffin, and sliced into 5-μm thick sections. IHC staining and immunoblotting were performed using primary antibodies to CAMK2B (1:100 dilution, Proteintech, Chicago, IL, USA), according to standard protocols, as previously described (11). Relevant bioinformatics methods, Culture conditions for cell lines, and the various functional assays for CAMK2B in vivo (animal models with subcutaneous xenografts) and in vitro (migration, proliferation, and antibodies and cell lines information) are described in the Supplementary Materials and Methods (Doc. S1).



Statistical Analysis

Statistical analyses were performed using SPSS 15.0 for Windows (SPSS, Inc., Chicago, IL, USA). IHC and qRT-PCR experiments were performed at least three times, and statistical quantitative data were evaluated by Student’s t-tests, with P <0.05 considered statistically significant.




Results


High SSs Are Associated With Poor Prognosis in KIRP

We analyzed a patient cohort containing 233 KIRP patients for whom expression data were available in TCGA database. These data were analyzed using the ESTIMATE algorithm, as described in the flowchart in Figure 1A. Infiltrating cells in the tumor tissue were assessed by incorporating two gene signatures within the ESTIMATE algorithm. SSs were designed to capture the presence of stromal cells in tumor tissue, and ISs were calculated to determine the infiltration of immune cells in tumor tissue. Based on ISs, 233 samples were divided into an IS-high (178 samples) group and an IS-low (22 samples) group. We detected no difference in overall survival (OS) between patients in the IS-high and IS-low group (Figure 1B, a). We then divided patients into SS-high (27 samples) and SS-low (206 samples) groups, and found a significant difference in survival between patients in these groups, with SS-high patients showing decreased survival relative to SS-low patients (P = 1×10-4, Figure 1B, b). Based on these findings, we compared gene expression profiles in the SS-high and SS-low groups.




Figure 1 | Overview of the data preparation, processing, analysis, and validation pipeline for this study and association between prognosis and both stromal scores (SCs) and immune scores (ISs). (A) Flowchart describing the bioinformatics analysis pipeline and experimental validation strategy in this study. (B, a) Survival analysis for patients in the IS-high and IS-low groups and (b) for patients in the SS-high and SS-low groups, using the R package Survival Analysis. High SSs are associated with a poor prognosis, whereas no survival difference was observed for those with high vs. low ISs.





Analysis of DEGs in SS-High vs. SS-Low Patients and WGCNA

Identification of DEGs in KIRP samples with high vs. low SSs using the methods described above and in Figure 1A revealed 1668 differentially expressed mRNAs, 783 differentially expressed lncRNAs, and 58 differentially expressed miRNAs. All DEGs in each independent dataset were analyzed using unsupervised hierarchical clustering analysis. The cluster analysis heat map shows the correlation between expression maps and group conditions (Figure 2A). We further performed gene ontology (GO) and Kyoto Encyclopedia of Genes and Genomes (KEGG) pathway enrichment analyses of 1189 upregulated mRNAs in SS-high subjects and identified immune response and cytokine-cytokine receptor interactions among the top pathways. Analysis of 479 downregulated mRNAs yielded oxidation-reduction process and metabolic pathways as top hits (Supplementary Figure 1).




Figure 2 | Differentially expressed genes (DEGs) in patients with high vs. low SSs were evaluated using weighted gene co-expression network analysis (WGCNA), and the turquoise module was selected based on positive pathological roles in KIRP. (A) Unsupervised hierarchical clustering analyses for DEGs, including differentially expressed messenger (m)RNAs, long noncoding (lnc)RNAs, and micro (mi)RNAs, in SS-high and SS-low KIRP tissue samples. The cluster analysis heat map shows the correlation between expression maps and group conditions. The rows represent differentially expressed miRNAs, lncRNAs, and mRNAs, and the columns represent the samples. (B) Sample clustering detection revealed no outlier samples. (C) Soft-threshold power (β) for co-expression of lncRNAs/mRNAs was determined by analyzing the network topology with a soft-threshold power ranging from 1 to 20. (D) Different modules were identified by the Dynamic Tree Cutting method, and each module was assigned a color as an identifier. Six modules were generated after merging based on the correlation of modules with WGCNA. (E) Heatmap plot of the adjacencies in the hub gene network; red represents positive correlation with high adjacency, and blue represents negative correlation with low adjacency. Squares of red color along the diagonal represent the meta-module. (F) Matrix of module–trait relationships and P-values for selected traits. Each column corresponds to a module eigengene, and each row corresponds to a histopathological trait. Each cell contains a corresponding correlation and P-value. The table is color-coded by correlation according to the color legend. (G, a) Gene ontology (GO) enrichment analyses of turquoise mRNAs; significant top 20 GO terms are shown. (G, b) Kyoto Encyclopedia of Genes and genomes (KEGG)-pathway enrichment analyses of turquoise mRNAs; significant top 20 signaling pathways are shown.



We next performed sample clustering detection of lncRNAs and mRNAs and found no outlier samples, indicating it was not necessary to remove any samples in our co-expression analyses (Figure 2B). The most important step in this process is selection of the value for soft-threshold power (β). To determine the relative equilibrium between scale independence and mean connectivity, we analyzed the network topology with soft-threshold power from 1 to 20, eventually confirming a β value of 8 for lncRNAs and mRNAs (Figure 2C). Next, we identified co-expression modules by hierarchical clustering and Dynamic Branch Cutting and assigned a unique color as an identifier in each module using WGCNA (Figure 2D).

To identify interactions among these co-expression modules, we analyzed the connectivity of eigengenes in a cluster analysis. Seven modules (turquoise, blue, grey, brown, yellow, green, red) were generated, with the grey module representing a gene set that was not assigned to any of the modules. We then generated a heatmap plot of the adjacencies in the hub gene network, wherein red represents positive correlation with high adjacency, and blue represents negative correlation with low adjacency (Figure 2E). The eigengene dendrogram and heatmap were used to identify groups of correlated eigengenes, and the dendrogram revealed a significant association between these modules and KIRP clinical traits. Notably, the turquoise module was found to be negatively correlated with pathological stage of the tumor and was chosen as the focus of research for this study (Figure 2F). This module contained a total of 1004 differentially expressed RNAs, including 364 mRNAs, 600 lncRNAs, and 40 other noncoding RNAs. GO enrichment analyses of the 364 mRNAs in the turquoise module identified negative regulation of apoptotic process as a top function, with the largest number of enriched genes (Figure 2G, a), and KEGG-pathway enrichment analyses found metabolic pathway as a key mechanism (Figure 2G, b).



Selection of CAMK2B as a Key Gene Based on Correlation Strength and Survival Analyses With the Selected ceRNA Network

Through our predefined strategy based on SSs, DEGs in the turquoise module were found to be mainly associated with favorable survival outcomes in KIRP patients. We then analyzed co-expression of ceRNA networks in the turquoise module by WGCNA and built multiple groups, including RP3-416H24.1/hsa-miR-127-5p/ITGB8, SNHG11/hsa-miR-214-3p/ARVCF, SNHG11/hsa-miR-214-3p/HDAC11, SNHG11/hsa-miR-214-3p/KAZN, SNHG11/hsa-miR-214-3p/MRPS25, SNHG11/hsa-miR-214-3p/PRR15L, and GUSBP11/miR-432-5p/CAMK2B (Figure 3A).




Figure 3 | Regulation and co-expression of competing endogenous (ce)RNA networks in the turquoise module by WGCNA and selection of CAMK2B as a key gene based on results of correlation strength and survival analyses. (A) Co-expression of ceRNA networks in the turquoise module, including lncRNA GUSBP11/miR-432-5p/CAMK2B, was analyzed by WGCNA. Diamonds represent miRNAs, circles represent mRNAs, and cones represent lncRNAs. Upregulated genes are shown in red, and downregulated genes are shown in green. (B) Hazard ratios and corresponding 95% confidence intervals were estimated using the Cox proportional hazard regression model, and the prognostic effects of these (a) lncRNAs, (b) miRNAs, and (c) mRNAsare presented in a forest plot. (C, a) The prognostic impact of CAMK2B in 33 types of human tumors was analyzed using GEPIA2, revealing that high expression of CAMK2B is associated with poor prognosis in KIRP, liver hepatocellular carcinoma (LIHC), and ovarian cancer (OV). (b) Kaplan–Meier plotter was used to analyze survival, and high expression of CAMK2B was found to be associated with longer overall survival (OS) and recurrence-free survival (RFS).



The prognostic effects of these DEGs were analyzed and presented in a forest plot, and eight lncRNAs, including GUSBP11, IQCH-AS1, MTHFD2P1, RP11-12A2.3, RP3-416H24.1, SNHG11, TMEM51-AS1, and RP11-567M16.6, were found to exhibit pro-survival functions with longer overall survival (OS) (Figure 3B, a). A total of seven miRNAs, including mir-432-5p, mir-145-5p, mir-143-5p, mir-127-5p, mir-214-3p, and mir-134-5p, were correlated with a poor prognosis and shorter OS (Figure 3B, b). In addition, 15 mRNAs were correlated with better prognosis, including CAMK2B, MACC1, PKHD1, PTPRD, RAB36, ZNF320, FLRT3, ITGB8, ARVCF, HDAC11, KAZN, MRPS25, P4HTM, PAX8, and DACT2 (Figure 3B, c). We then plotted Kaplan–Meier curves using the Cox proportional hazard regression model for SS-related lncRNAs, miRNAs, and mRNAs in KIRP and confirmed that all these genes are associated with survival (Supplementary Figure 2). Based on results of correlation strength and survival analyses, CAMK2B was selected as one of the most promising target genes.

We then assessed the prognostic impact of CAMK2B in 33 types of human tumors using GEPIA2 (12), and found that high expression of CAMK2B is associated with improved prognosis in KIRP, liver hepatocellular carcinoma (LIHC), and ovarian cancer (OV, Figure 3C, a). To further confirm this finding, we used Kaplan–Meier plotter and found that that high expression of CAMK2B is associated with longer OS and recurrence-free survival (RFS) in KIRP (Figure 3C, b).



Expression and Clinical Role of CAMK2B in KIRP Samples

We next measured expression of the selected ceRNA network in KIRP tissue by qRT-PCR. We detected lower levels of lncRNA GUSBP11 (P=0.0618) and CAMK2B (p=0.0447) in tumor tissue samples than in the normal tissue adjacent to the carcinoma, whereas levels of miR-432-5p were found to be higher in tumor tissue (P=0.0097; Figure 4A). Upon further exploration, we found that high expression of lncRNA GUSBP11 is associated with no metastasis (P=0.0023; Figure 4B, a), early-stage disease (P=0.0023; Figure 4B, b), and small tumor size (P=0.0249; Figure 4B, c). Similarly, high expression of CAMK2B mRNA is associated with no metastasis (P = 0.002; Figure 4D, a), early-stage disease (P=0.0299; Figure 4D, b), and small tumor size (P=0.0226; Figure 4D, c). In contrast, high expression of mir-432-5p is associated with tumor metastasis (P=0.0037; Figure 4C, a), late-stage disease (P=0.007; Figure 4C, b), and large tumor size (P=0.027; Figure 4C, c).




Figure 4 | Expression and clinical role of CAMK2B and its associated ceRNA network in KIRP samples. (A) Expression of the selected ceRNA network, including CAMK2B, mir-432-5p, and lncRNA GUSBP11, was measured using quantitative reverse transcription (qRT)-PCR in KIRP tissue and normal tissue adjacent to the carcinoma. Ns, no significance. (B, a) In cancer patients, high expression of lncRNA GUSBP11 is associated with no metastasis, (b) early-stage disease, and (c) small tumor size. (C, a) High expression of mir-432-5p was associated with tumor metastasis, (b) late-stage disease, and (c) large tumor size. (D, a) High expression of CAMK2B is associated with no metastasis, (b) early-stage disease, and (c) small tumor size. (E) Protein levels of CAMK2B were measured by immunohistochemistry (IHC) using tissue microarrays. (F a, b) Protein levels of CAMK2B are lower in tumor tissue than in paired tumor-adjacent tissue. (c) Expression of CAMK2B is higher in tumors <3 cm in size than in tumors >3 cm in size. (d) High expression of CAMK2B is positively correlated lower tumor grade. (e) High expression of CAMK2B is negatively correlated with tumor metastasis.



We further confirmed these findings by analyzing KIRP tumor samples and adjacent non-tumor tissues by IHC using tissue microarray (Figure 4E, F). Indeed, we found that protein levels of CAMK2B are lower in tumor tissue than in paired tumor-adjacent tissue (P=0.0227, Figure 4F, a, b). Further, expression of CAMK2B in tumors <3 cm in size is significantly higher than in tumors >3 cm in size (P=0.0005, Figure 4F, c, Confirm whether the insertion of the Ethics Statement section is fine. Note that we have used the statement provided at Submission. If this is not the latest version, please let us know.). High expression of CAMK2B was also found to be associated with lower tumor grade (P=0.0328, Figure 4F, d) and low metastasis (P=0.0375, Figure 4F, e). Thus, these data confirm the expected pattern of CAMK2B expression and suggest it acts as a protective factor in KIRP.



Upregulation of CAMK2B Is Associated With Decreased Proliferation and Inhibition of the Tumor Stromal Microenvironment in KIRP

To evaluate the function of CAMK2B, we stably overexpressed and silenced CAMK2B expression in the KIRP SK-RC-39 cell line (Figure 5A). We found that upregulation of CAMK2B significantly inhibits cell proliferation (Figure 5B, a), whereas the reverse occurs in response to CAMK2B silencing (Figure 5B, b). Moreover, we confirmed the inhibition of proliferation in response to CAMK2B overexpression using sphere formation assays, and showed that CAMK2B silencing has the opposite effect (Figure 5C). Migration assays further showed that a lower number of CAMK2B overexpressing cells cross the basement membrane relative to SK-RC-39 control cells, whereas migration is enhanced after CAMK2B silencing (Figure 5D).




Figure 5 | Upregulation of CAMK2B is associated with decreases in proliferation and fibroblast infiltration, as well as inhibition of angiogenesis. (A) CAMK2B was overexpressed or subjected to by short-hairpin (sh) RNA-mediated silencing in SK-RC-39 cells using lentiviral transfection. (B) CAMK2B inhibits cell proliferation (a), and this is reversed by CAMK2B silencing, as determined using the CCK8 assay (b). (C) Upregulation of CAMK2B inhibits cell proliferation ability in a sphere formation assay (a), and this is reversed by CAMK2B silencing (b). (D) CAMK2B inhibits cell migration ability (a), whereas migration is enhanced after CAMK2B silencing (b), as measured using the Boyden Chamber migration assay. (E) Diminished subcutaneous tumor growth is observed in mice injected with SK-RC-39-CAMK2B cells relative to those injected with SK-RC-39 cells. (F) Immunohistochemical staining confirms significantly decreased expression of CD34, α-SMA, and PCNA in subcutaneous tumor tissues derived from SK-RC-39-CAMK2B cells vs. tissue from control cells. (G) Negative correlation is observed between expression of CAMK2B and both α-SMA and CD34 in human KIRP tissue from TCGA database using GEPIA2. (H) Significant negative correlations are observed between expression of CAMK2B and both endothelial cells (R=-0.455) and cancer-associated fibroblasts (R=-0.384) using Xcell and EPIC, whereas the correlation with immune cells is weak.



In nude mouse models, diminished subcutaneous tumor growth was observed in mice injected with SK-RC-39 cells stably overexpressing CAMK2B (P=0.0351, Figure 5E) as compared to mice injected with SK-RC-39 control cells. Immunohistochemical staining further revealed that SK-RC-39-CAMK2B subcutaneous tumors from these animals show significantly decreased expression of CD34 (P=0.0363), α-SMA (P=0.0451), and PCNA (P=0.0177, Figure 5F) relative to SK-RC-39 tumors. We also confirmed this negative correlation between expression of CAMK2B and both α-SMA (R=-0.26, Figure 5G, a) and CD34 (R=-0.35, Figure 5G, b) in human KIRP tissue using the GEPIA2 database (12), indicating that elevated CAMK2B levels are associated with decreased infiltrating fibroblasts and vascular endothelial cells. Additionally, the negative correlation between expression of CAMK2B and endothelial cells (R=-0.455) and cancer-associated fibroblast (R=-0.384) was confirmed using Xcell and EPIC. In contrast, only a weak correlation is observed between CAMK2B and immune cells (Figure 5H). Thus, the above findings suggest that upregulation of CAMK2B decreases proliferation and inhibits tumor stromal cell infiltration in KIRP.



CHL1, VEGF, and TGFβ Act as Downstream Effectors of CAMK2B in KIRP

In order to identify potential target genes downstream of CAMK2B, we screened for CAMK2B co-expressed genes in KIRP from TCGA database using LinkedOmics (13) and Metascape (14). We then constructed a volcano plot to visualize genes that are positively and negatively correlated with CAMK2B and identified CHL1 as the most positively correlated gene and VEGFA as the most negatively correlated gene (Figure 6A). Using Metascape, we found that the top 100 genes correlated with CAMK2B are significantly enriched in cellular component organization and biogenesis (Supplementary Figure 3). To confirm the relationship between CAMK2B, VEGFA, and CHL1 in KIRP, we measured the levels of these proteins in frozen tissue samples from KIRP patients by immunoblotting, revealing a positive correlation between CAMK2B and CHL1 and a negative correlation between CAMK2B and VEGF (Figure 6B). Further evaluating their expression in KIRP tissue using GEPIA2 confirmed a significant positive correlation between expression levels of CAMK2B and CHL1 (R=0.7433), as well as a negative correlation between expression of CAMK2B and both VEGF (R=-0.3) and TGFβ1 (R=-0.23, Figure 6C). Finally, we examined expression of several effector molecules in SK-RC-39 cells stably overexpressing CAMK2B or subjected to shRNA-mediated CAMK2B silencing. Notably, we found that expression of CHL1 and E-cadherin are significantly increased, whereas TGFβ1, VEGF, vimentin, and PCNA are significantly downregulated, in SK-RC-39 cells overexpressing CAMK2B. Conversely, when CAMK2B expression in SK-RC-39 cells is silenced using specific shRNA, the opposite expression pattern is observed (Figure 6D). Thus, we identify CHL1, VEGF, and TGFβ1 as downstream effectors of CAMK2B, and provide further evidence that enhanced CAMK2B expression inhibits proliferation and stromal cell infiltration.




Figure 6 | CHL1, VEGF, and TGFβ act as downstream effectors of CAMK2B. (A) Genes co-expressed genes with CAMK2B in KIRP tissue were screened in TCGA database using LinkedOmics and Metascape and visualized in a volcano plot. (B) The protein levels of CAMK2B, CHL1, and VEGF in tissue from KIRP patients were evaluated by immunoblotting. (C) The correlation between the expression levels of CAMK2B and CHL1 (a), CAMK2B and CHL1 (b), and CAMK2B and TGFβ1 (c) were evaluated in TCGA database using GEPIA2. (D) Expressed of several predicted effector molecules, including TGFβ1, VEGF, vimentin, PCNA, CHL1, and E-cadherin were measured in KIRP cells overexpressing or silenced for CAMK2B.






Discussion

Renal papillary cell carcinoma is insensitive to conventional radio- and chemotherapies, and consequently, surgical excision is the only useful clinical intervention that demonstrably prolongs patient survival in early-stage disease. For unresectable KIRP at an advanced stage, targeted therapy [e.g., tyrosine kinase inhibitors [TKIs)] is recommended (15). However, resistance to targeted therapy, including adaptive resistance, intrinsic resistance, and acquired resistance, remain major obstacles to treatment success (16, 17). The emergence of immune checkpoint inhibitors has further provided hope to advanced-stage KIRP patients, and studies aimed exploring strategies for immunotherapy, either alone or in combination with TKI inhibitors, in KIRP patients are urgently needed. In parallel, much remains unknown about the tumor microenvironment and molecular characteristics in KIRP, and this is therefore an important area of investigation.

During cancer progression, a series of genetic and phenotypic changes occur that, in addition to tumor-cell derived cytokines, chemokines, and metabolites, have been reported to significantly impact the TME (18). The TME is mainly composed of various immune cells, vascular endothelial cells, and fibroblasts, which generate permissive niches for tumor progression (19). Heterogeneous features of the TME determine both the diverse fates and drug responses of tumors, and the TME also has strong predictive value for tumor prognosis (20). In particular, the importance of immune cell populations, reflecting the capacity of the immune system to sense tumor cells, has been recognized for prognosis (21). The field of cancer immunotherapy is evolving rapidly. Notably, response to immunotherapy has been shown to be dynamically regulated by the TME via cell-cell interactions and paracrine signals emanating from the tumor. Ipilimumab, a monoclonal antibody against CTLA-4, demonstrates response rates between 5–12.5%, but no complete responses or durable regressions were seen in renal cell carcinoma (22). Nivolumab, a monoclonal antibody that blocks the PD-1 pathway demonstrated complete responses in only 1% of renal cell carcinoma patients (23). Zhou et al. found increased number of tumor-infiltrating lymphocytes in high-risk KIRP patients based on expression 14 immune-related genes, but detailed materials revealed that total levels of immune cells in tumor tissues were not high (24). In this study, we surprisingly found no difference in survival for patients with high vs. low IS, suggesting a rationale for why immunotherapy is not effective in KIRP patients.

Tumors are supported by a complex microenvironment that is characterized by the presence of many stromal cell populations. For example, fibroblasts and endothelial cells create a desmoplastic tumor niche that plays an essential role in malignant tumor progression (25, 26). Therefore, we further explored the factors that influence KIRP progression from this perspective. To this end, we divided patients into SS-high and SS-low groups and found a significant difference in survival between patients with high vs. low SS, suggesting that non-immune stromal cells may play important roles in tumor progression. We further identified 1668 mRNAs, 783 lncRNAs, and 58 miRNAs that are differentially expressed in SS-high compared to SS-low tumors and analyzed these three independent datasets by WGCNA. Using these data, we then constructed co-expression networks of ceRNAs. Previous studies have demonstrated that ceRNAs affect the proliferation, growth, differentiation, apoptosis and other biological behaviors of cancer cells (27). In this study, we focused on co-expression ceRNA networks in the turquoise module, as this was found to be negatively correlated with pathological stage of the tumor.

We evaluated the expression and clinical roles for the members of the selected ceRNA network lncRNA GUSBP11/miR-432-5p/CAMK2B and identified a close correlation with KIRP patient survival, suggesting that the effector gene CAMK2B may be leveraged for prognostic and therapeutic purposes. CAMK2B belongs to the serine/threonine protein kinase family and to the Ca(2+)/calmodulin-dependent protein kinase subfamily. This protein was shown to promote neuronal survival (28), although a role in cancer has not been demonstrated. Here, to evaluate the precise function of CAMK2B, we stably overexpressed and silenced CAMK2B expression in a KIRP cell line and found that upregulation of CAMK2B inhibits both proliferation and tumor stromal cell infiltration in vivo and in vitro. We then screened for genes co-expressed with CAMK2B in KIRP tissues using Metascape and identified CHL1 as a putative CAMK2B target gene with the highest correlation. CHL1 is a member of the L1 gene family of neural cell adhesion molecules, which may also play negative role in the growth of certain cancers (29, 30). In this study, we found that expression of CAMK2B and CHL1 is positively correlated with resisting cell death, and negatively correlated with induction of angiogenesis and fibrogenesis. We therefore propose that CHL1 acts downstream of CAMK2B, and this mechanism may represent one of the targetable nodes in KIRP patients. VEGF and TGFβ1 have shown positive correlation with cancer (31), and the expression of both are negative correlated with CAMK2B, suggesting they also act as downstream effectors of CAMK2B in KIRP.

In summary, here we show that the SS-related network lncRNA GUSBP11/miR-432-5p/CAMK2B exhibits prognostic potential in KIRP, and CAMK2B may represent an effective therapeutic target. The cellular mechanism of action for CAMK2B mainly relates to inhibiting proliferation and remodeling angiogenesis and fibrogenesis. Thus, we further speculate that anti-fibrosis or anti-angiogenic therapy could be a better therapeutic approach than immunotherapy for KIRP, with CAMK2B as one possible target. However, several fundamental questions remain to be answered concerning the ability of CAMK2B to remodel stromal TMA. Therefore, cirrhosis mouse models with a blood vessel-rich background should be established to further elucidate the relationship among CAMK2B, fibroblasts, and vascular endothelial cells. In future studies, we will also determine if anti-angiogenesis therapy shows efficacy for clinical treatment of KIRP.
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Objectives

To test the hypothesis that patients under active surveillance (AS) for Non-muscle Invasive Bladder Cancer (NMIBC) who were negative on longitudinal re-testing by the Xpert® Bladder Cancer Monitor (Xpert BC Monitor) assay may avoid unnecessary cystoscopies and urine cytology (UC).



Subjects/Patients (or Materials) and Methods

This is a prospective cohort study of patients enrolled in the AS protocol for recurrent NMIBC (Bladder Cancer Italian Active Surveillance, BIAS project), whose urine samples were analyzed by Xpert BC Monitor upon entry in the study (T0). Patients who had a negative Xpert test and did not fail AS, underwent additional Xpert tests after 4 (T1), 8 (T2), and 12 (T3) months. The clinical utility of Xpert was assessed by determining the number of cystoscopies and UC that could be avoided within 1 year.



Results

Overall, 139 patients were tested with Xpert at T0. Median follow-up was 23 (IQR 17–27) months. Sixty-eight (48.9%) patients failed AS, 65 (46.7%) are currently on AS, and 6 (4.3%) were lost at follow-up. At T0 57 (41.0%) patients had a negative test and 36 (63.2%) are still in AS. In patients with 2 consecutives negative Xpert tests, we could have avoided 73.9% of unnecessary cystoscopies, missing 26.4% failure, up to avoid all cystoscopies with 4 negative tests missing only 12% of failure. All the patients with negative Xpert had negative UC. Failure-free-survival at median follow-up (23 month) stratified for having 0, 1, or ≥2 negative tests was 67.0, 55.1. and 84.1, respectively.



Conclusion

Our findings suggest that Xpert BC Monitor assay, when it is longitudinally repeated, could significantly reduce the number of unnecessary cystoscopies and UC during their follow-up.





Keywords: BIAS, active surveillance, Xpert BC, NMIBC, biomarker, cystoscopies, urine cytology



Introduction

Bladder cancer (BC) is one of the most common cancers, with non-muscle invasive bladder cancer (NMIBC) accounting for about 75% of new diagnoses (1). Progression to muscle-invasive, metastatic lethal disease occurs in approximately 15% of patients (2).

Due to the high relapse rate after treatment, patients with NMIBC typically undergo intensive follow-up based on urine cytology (UC) and in-office cystoscopy, which make BC one of the most expensive cancers per patient. In addition, UC is poorly sensitive for BC detection.

Some cancers are considered indolent, as they are either stagnant or “grow too slowly to be life threatening in even the longest of lifetimes” (2, 3). For this reason, active surveillance (AS) has been suggested as a safe “treatment” strategy for prostate and thyroid cancers that are both examples of cancers that are sometimes indolent and can be detected early through increased use of screening (4). For the same reason, the increasing detection of renal masses as an incidental finding has led to the adoption of this strategy for selected patients with small renal tumors (5, 6)

Following the same idea, in 2003 Soloway et al. suggested AS for selected recurrent LG NMIBC as a safe alternative to transurethral resection of bladder tumor (TURBT) treatment and this strategy has been successively widely adopted (7–9). Although TURBT is still the gold standard treatment, having both a diagnostic and therapeutic role, it is not devoid of complications. At the same time, AS protocols include frequent in-office cystoscopies, which are invasive procedures leading to discomfort of patients and risk of infections. For these reasons, new biomarkers for a less invasive, more sensitive, and more cost-effective diagnosis of BC are urgently needed in order to replace the low sensitivity of urinary cytology (UC) and the invasiveness of cystoscopy (10).

Xpert BC Monitor is a new mRNA-marker assay for BC follow-up after primary diagnosis and measures the levels of five target mRNAs from a cleared urine sample by real-time RT-PCR. Xpert BC Monitor automates and integrates sample processing, nucleic acid amplification, and the detection of target sequences outperforming cytology with a sensitivity and specificity of 73 and 90%, respectively (11, 12). The Xpert BC Monitor test is a CE-IVD test available in some but not all European countries and is not available in the United States.

In addition to biomarkers, imaging tools such as ultrasound and magnetic resonance imaging have been developed for the diagnosis of BC (NMIBC vs MIBC) and for recurrence (13). The use of a MRI-based standardized reporting system, the Vesical Imaging Reporting and Data System (VI-RADS) has been suggested to further improve the characterization of the tumor and peer-to-peer communication (14–17). MRI contraindications, cost, and availability is limiting the diffusion of this technique (18–21). An integration of imaging and biomarkers could improve test accuracy to select who could potentially avoid cystoscopy screening (22–24). Recently, the possibility of deferring cystoscopies and even TURBT using genetic panels has been investigated by Shkolyar et al. and Hurle et al. reported the preliminary data of the application of the Xpert BC monitor in patients enrolled in the Bladder Cancer Italian Active Surveillance (BIAS) project showing promising results (25–27).

In this study, we tested the hypothesis if a persistently negative Xpert BC Monitor test, may avoid unnecessary cystoscopies and replace UC in patients enrolled in the BIAS project for NMIBC.



Materials and Methods


Study Design and Population

This is a monocentric, prospective cohort study, conducted within our Institutional AS protocol for recurrent NMIBC (BIAS project-BIAS_V1.2_27.01.2018). We included patients who met the BIAS inclusion criteria and performed at least one Xpert® BC Monitor test (Cepheid, Sunnyvale, CA, USA) (8). The BIAS inclusion criteria are recurrence of 1–5 tumors, tumors size <1 cm, absence of gross hematuria and negative UC for high-grade (HG) carcinoma). Exclusion criteria of this study were: previous history of a HG carcinoma, carcinoma in situ (CIS), positive UC or invalid test. All patients signed written informed consent and were able to withdraw from the protocol at any time and be offered the standard treatment.

The AS follow-up protocol consisted of UC and an in-office flexible cystoscopy every 3–4 months in the first year, and then every 6 months annually (28).

Urine samples were collected and analyzed with Xpert BC Monitor upon BIAS entry or in patients who meet the inclusion criteria during the follow-up cystoscopies. This study period was defined starting time (T0), then, if the test was negative and the patient did not fail AS, urinalyses were performed after 4 (T1), 8 (T2), and 12 (T3) months. To be tested consecutively, patients must have a negative test and still be enrolled on AS.

Cystoscopies were performed or supervised by two senior urologists and all images were stored in a digital repository archive. At each cystoscopy, new images were compared with the previous ones.



“Xpert Bladder Monitor Test” Characteristics

Urinalysis was performed with Xpert BC Monitor at each surveillance set point if they met the criteria mentioned above. The urine biomarker tests measured the gene expression levels of five targets (ABL1, CRH, IGF2, UPK1B, and ANXA10) by RT-PCR according to the manufacturer’s protocol. Xpert BC Monitor results (called LDA—linear discriminant analysis) depend on a regression algorithm that utilizes the cycle threshold results of the five mRNA targets (11, 12). Each test cartridge contains internal controls to assess the quality of starting material and PCR reaction. The time to result is about 90 min. For the analyses the cut point of the manufacturer (positive test if LDA ≥0.5) or a stricter alternative (≥0.4) was used (26).



Pathology Characteristics

All surveillance UC were performed according to the Paris classification system by experienced pathologists of our institution (29).

In cases of failure, patients underwent TURBT and all pathological specimens were reviewed by two experienced genitourinary pathologists according to the WHO and Classification of Tumors and staging according to the TNM (International Union against Cancer, 2009) (30).

The primary endpoint was to test clinical performance of the Xpert BC Monitor test, performed longitudinally, to predict AS failure free, according to the previously described criteria. Clinical utility was assessed by determining the number of in-office cystoscopies and UC that could be safely avoided within 1 year.



Statistical Analysis

Categorical variables were represented as frequencies, while continuously coded as median and interquartile range (IQR). Patient groups were compared with chi-squared tests for categorical variables. Failure was defined as achieving one of the following criteria: increased number and/or size of lesions, occurrence of hematuria, positive/suspected UC, voluntary withdrawal from the protocol, any reason to undergo TURBT even if it resulted in negative histology. Death from other causes or loss to follow-up was not considered a failure. A sub-analysis was performed considering patients who voluntarily withdrew or had a negative TURBT result as non-fail to show a more accurate test performance.

The frequency of avoided cystoscopies was determined as the number of negative Xpert calls at one time point divided by the total number of patients with 2, 3, and 4 negatives tests, respectively. The frequency of missed failure was determined as number of failures associated with a negative test divided by the total number of negative tests.

Failure-free-survival (FFS) was estimated with life-table product limit estimates. Kaplan–Meier curves were used to describe failure free survival. Log-rank test was used to compare the distribution among patients grouped based on the number of negative tests. Univariate and multivariate logistic regression model (LRM) were used to test factors associated with failure. All p-values were two sided, and statistical significance was assumed at p <0.05. All analyses were performed using STATA® (version Stata/IC 16.1; StataCorp LLC, TX, USA).




Results


Patients Baseline Characteristics

Overall, 139 patients performed Xpert test at T0, and were therefore enrolled in the current analysis. The median age was 73.0 years (IQR 66.0–78.0) and median follow-up from the enrolment in the study to last follow-up was 23 months (IQR 17–27). Overall, 135 (97.1%) were pTa and 4 (2.9%) pT1 at first diagnosis, and all were LG. Forty-eight patients (34.5%) had a history of bladder instillations. No patient underwent instillation in the 6 months prior to the test. Regarding last tumor recurrence, 49 (35.3%) patients were enrolled in the BIAS protocol at their first recurrence, 25 (18.0%) recurred within one year and 48 (34.5%) recurred after more than one year (Table 1).


Table 1 | Baseline characteristics of the whole population.





AS Outcome Characteristics

Sixty-one (43.9%) were already part of the BIAS project at study enrollment, while 78 (56.1%) were newly enrolled in the protocol at beginning of this study.

A total of 68 (48.9%) patients failed AS, while 65 (46.8%) did not fail AS and 6 (4.30%) were lost at follow-up or died from other causes. There was no difference in the failure rate between those already in BIAS or just enrolled in the AS protocol (p = 0.494). Causes of failure are summarized in Table 2. Of those who did not fail on AS, 55 (84.6%) had a stable lesion, 6 (9.23%) had no lesions found at cystoscopy, and 4 (6.15%) died from other causes (Table 2).


Table 2 | BIAS outcome details, pathological features and Xpert test results by active surveillance outcome.



Of patients who failed, 64 (94.1%) out of 68 underwent surgery in our institution. Forty-six (67.7%) were confirmed to have pTa LG, 6 (8.8%) had pTa HG, 3 (4.4%) had pT1 HG, and 9 (13.2%) patients had a negative finding (Table 2). No patient experienced a progression to pT2 stage BC.



Xpert Test Characteristics

At the study enrolment (T0) 57 (41.0%) patients had a negative test (manufactured LDA) and of these 36 (63.2%) are still on AS. At second surveillance (T1) 34/46 (73.9%) were still negative and of those 25 (73.5%) still on AS. At third follow up (T2) 25/29 (86.2%) remained negative and of those 21 (84.0%) still on AS. At final urine detection (T3) 25/25 were negative and 21 (84.0%) currently under AS (Figure 1).




Figure 1 | Flow chart of enrolled and who dropped out of the study. To access the next “time point”, each patient had to have tested negative on the Xpert Bladder Cancer Monitor test and had none of the active surveillance failure criteria.





Avoiding Cystoscopies at Different LDA Cut Point and Sub-Analysis

Using the manufacturer’s LDA (>0.5), in patients with 2 consecutive negative tests, we could have avoided 73.9% of unnecessary cystoscopies, missing 26.4% of patients who failed, while after 3 negative tests can avoid 86.2% cystoscopies, missing only 16.0% of patients who failed AS. Finally, after 4 negatives tests, all of follow-up cystoscopies could have been safely avoided, missing only 12.0% of patient who failed.

Using a stricter LDA (>0.4), in patients with 2 consecutive negative tests, we could have avoided 52.2% of unnecessary cystoscopies, missing 16.7% of patients who failed, while after 3 negative tests can avoid 55.2% cystoscopies, missing only 12.5% of patients who failed AS. Finally, after 4 negative tests, 68.0% of follow-up cystoscopies could have been avoided, missing only 11.8% of patients who failed. A sub-analysis of the stratified group is shown in Table 3. No correlation between lesion size and LDA was found (p >0.05).


Table 3A–B | The data are displayed with two different LDA cut points.



All the patients with negative Xpert had negative UC, supporting the clinical utility of the test versus UC.

Considering the kinetics of LDA between time periods T0–1, T1–2, and T2–3: 69.6, 65.5, and 72.0% of patients, respectively, had a higher value.

FFS at 23 months (median FU) stratified for having 0, 1, or ≥2 negative test was 67.0% (95%CI 57.7–77.2), 55.1% (95%CI 31.2–73.7), and 84.1 (95%CI 65.9–93.1) respectively, (Log-rank p = 0.003, Figure 2). Median time to failure was 13 (IQR 5–23) months.




Figure 2 | Kaplan–Meier showing failure-free frequencies by group of patient having 0 negative test, 1 negative test or ≥2 negative tests. T1 = 4 months, T2 = 8 months, T3 = 12 months.



Basic characteristics such as age, biological-sex, smoking habits, and the number of negatives were tested at univariate and multivariate LRM for AS failure prediction. Having ≥2 negative Xpert tests was protective against failure and the only variable associated with failure in both models OR 0.25 (95%CI 0.105–0.614, p = 0.002), OR 0.25 (95%CI 0.103–0.643, p = 0.004), respectively.




Discussion

In this study, the hypothesis was that having a persistently negative test could predict AS non-failure and that Xpert BC Monitor could replace UC and even avoid cystoscopy or at least extend cystoscopy follow-up interval.

In fact, our major finding is that for patients with two negative tests, cystoscopies could have been avoided in 74% of cases, missing only 26% of the tumors, and for patients with three negative tests, even up to 84% of cases, missing only 16% of cancers. Furthermore, we did not find a single patient with negative tests and positive UC.

UC is a diagnostic test whose accuracy remains limited. The introduction of the new Paris classification improved both UC sensitivity (SE), which is ranging from 34 to 95%, and negative predictive value (NPV), ranging from 46 to 86%. However, specificity (SP) remains lower than 70% (31, 32). Accuracy varies with the experience of pathologists in interpreting the findings of urinary cytology (33). For these reasons, a lot of effort has been made in developing new tools with high precision and, at the same time, a low cost, such as UC (34).

Xpert BC Monitor has an added value because it does not require an interpretation, especially in those low-volume laboratories where the experience of the cytopathologist can influence the result of UC.

As a new low-cost test, Xpert BC Monitor has been developed with the intent of increasing accuracy of BC diagnosis (35). It is proven that Xpert BC Monitor has high SE for HG NMIBC, as reported by a study by Elsawy et al., involving 181 patients. That study shows a 73.7% SE, 79.6% SP, 29.8% positive predictive value (PPV), and 96.3% NPV, demonstrating superior diagnostic performance in detecting relapses for NMIBC patients compared to UC (36). Similarly, the study of D’Elia et al. on a cohort of 230 patients demonstrates that Xpert BC Monitor SE for HG NMIBC is significantly higher than UC (57.1% vs 85.5%) (37). Additionally, a study by van Valenberg et al. shows that Xpert BC has a higher NPV for bladder cancer patients during follow-up than both UC and another molecular test, Urovysion, with a NPV of 93, 86, and 88%, respectively (38).

Thus, our study is concordant with previous literature findings and extends the results to a specific population of patients under active surveillance. In fact, we demonstrated the superiority of Xpert BC Monitor in detecting low-grade tumors over UC.

In the era of the SARS-CoV-2 pandemic, a urinary biomarker that reduces the discomfort of patients and risk becomes essential, especially for frail elderly patients with BC (39).

Furthermore, in-office flexible cystoscopy is costly, invasive, unpleasant, and carries the risk of severe urinary tract infections and urethral strictures (40, 41). It also has low SE and SP for small and/or flat lesions, such as CIS, depending on the experience of the operator (42).

Besides Xpert BC Monitor, other mRNA-based biomarkers have been validated, like Cxbladder monitor, that Koya et al. show can reduce follow-up cystoscopies by 77.8%, confirming the utility of urinary molecular biomarkers (43). In our study, by replacing the UC with Xpert BC Monitor performed over time, we could have avoided up to 73%, 86.2%, or even up to all unnecessary cystoscopies, depending on whether the patient had two, three, or four consecutive negative tests. The panorama of emerging urinary biomarkers in the diagnosis and surveillance of NMIBC is wide, but none are currently included in daily clinical practice probably due to the availability, the cost that limits their use (44–47).

In the study of Shkolyar et al., the utility of Xpert BC Monitor is evaluated for risk stratification in cystoscopy triaging for patients presenting with hematuria, allowing for early identification of patients with intermediate and high-risk BC (25). Differently, in our study, we used it in a longitudinal follow-up setting for patients with AS, demonstrating its clear superiority over UC, and to the best of our knowledge, our study has the longest AS cohort follow-up, and is the only one using the bladder-biomarker in a repeated setting (46, 48).

The use of MRI including functional sequences has been suggested to be able to discriminate between NMIBC and MIBC (14, 15, 49–51). This imaging technique could potentially result in overstaging as tumor-associated fibrosis or inflammation can mimic the low signal intensity of the muscularis propria (52). To overcome these limitations, the VI-RADS score has been developed to help defining and standardizing the grade of BC invasion (14, 15, 51). However, potential drawbacks MRI have to be considered, such as costs and causes of artifacts (53). Recent studies also showed concordance between experienced and inexperienced readers (50), and a prospective analysis has also been published confirming the previous results (51).

Additionally, we found a fairly high failure-free survival at median time of follow up for patients with 2 or more negative tests (84.1%), which further supports the real possibility of a safe referral to cystoscopy when a patient has at least two persistently negative tests.

There are some limitations to acknowledge. First, the sample size is relatively small. Second, the population is a low-risk BC sub-cohort, so the results cannot be extended to all BC patients. However, our cohort represents patients with AS quite appropriately, including both newly enrolled patients for the BIAS project and long-time enrolled patients. In addition sub-analyses at different LDAs may be biased by the fact that only patients with a negative manufacturer’s cut point have repeated the test.
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Renal cell carcinomas (RCC) are usually asymptomatic until late stages, posing several challenges for early detection of malignant disease. Non-invasive liquid biopsy biomarkers are emerging as an important diagnostic tool which could aid with routine screening of RCCs. Circular RNAs (circRNAs) are novel non-coding RNAs that play diverse roles in carcinogenesis. They are promising biomarkers due to their stability and ease of detection in small quantities from non-invasive sources such as urine. In this study, we analyzed the expression of various circRNAs that were previously identified in RCC tumors (circEGLN3, circABCB10, circSOD2 and circACAD11) in urinary sediment samples from non-neoplastic controls, patients with benign renal tumors, and clear cell RCC (ccRCC) patients. We observed significantly reduced levels of circEGLN3 and circSOD2 in urine from ccRCC patients compared to healthy controls. We also assessed the linear variant of EGLN3 and found differential expression between patients with benign tumors compared to ccRCC patients. These findings highlight the potential of circRNA markers as non-invasive diagnostic tools to detect malignant RCC.
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Introduction

Renal cell carcinoma (RCC) is the most common malignancy of the kidney, accounting for approximately 2% of global cancer diagnoses and deaths in 2020 (1, 2). Survival with RCC is dependent on clinical stage at first diagnosis, with 5-year survival rate around 90% for localized disease and 12% for metastatic disease (3). RCC tumor subtypes range from less aggressive chromophobe, papillary type I (pRCC type I) to more aggressive pRCC Type II and clear cell RCC (ccRCC) (4). Among these, ccRCC constitute the major tumor subtype (~70%) with high metastatic potential (5).

Early detection of ccRCC is challenging as more than 50% of RCC tumors are asymptomatic and frequently detected as an incidental finding during abdominal imaging for other conditions (6). Approximately 30% of ccRCC patients are first diagnosed with metastatic disease with poor overall prognosis and survival (7). RCC is often treated with surgery based on imaging and/or needle biopsy diagnosis; however, current imaging techniques cannot accurately predict tumor histopathology (6). Furthermore, tissue-based immunohistochemical markers are insufficient for differential diagnosis (8). Several tissue-based miRNA and protein markers have been identified, but none have impacted patient management to date (9). Identifying molecular markers in liquid biopsies (i.e. serum, urine) is a promising approach, which can potentially circumvent issues of tumor tissue heterogeneity and overcome limitations in tissue availability (10). In this regard, non-invasive biomarkers that could be routinely used to screen for RCC at an early stage would be important for the clinical management of RCC.

Circular RNAs (circRNAs) are a class of endogenous noncoding RNAs associated with wide-ranging functions including regulation of key cancer driver genes (11). They are distinct from linear RNA and are produced by covalent linking of 5’ and 3’ ends of an RNA molecule (12). CircRNAs are abundant, stable and associated with tissue-specific and cell-specific expression patterns (13). Differential expression of these circRNAs has been demonstrated in multiple cancer types and can be detected in a variety of sources, including tumor tissue and biofluids (14–17). Several circRNAs have already been identified as differentially expressed in ccRCC tumors compared to matched benign tissue (18–21). These altered circRNAs could potentially serve as diagnostic markers to facilitate early detection of malignant disease. In this study, we selected circRNAs that were previously shown to be upregulated in ccRCC tumors and assessed whether these markers could be detected in urine samples from patients with confirmed diagnosis of ccRCC.



Materials and Methods


Patient Cohort and Urine Sample Collection

All patients were previously recruited by the University Health Network (UHN) McCain genitourinary biobank (MGB). Informed written consent was obtained in accordance with approved research ethics board protocols by UHN and Sinai Health System (SHS). Urine samples were collected from 19 healthy non-neoplastic/normal patients, 8 patients with benign renal tumors and 76 patients with confirmed diagnosis of ccRCC. For ccRCC patients, all samples were collected prior to any surgical intervention. Each patient provided approximately 20-90mL of urine, which was then spun at 400 x g for 10 minutes at 4°C. The urinary sediment was stored with 2mL of supernatant in cryovials and snap frozen in liquid nitrogen. Patients’ clinical data at diagnosis (sex, clinical and pathological stage, Fuhrman grade) and follow-up metastasis status were also collected (summarized in Table 1).


Table 1 | Summary of cohort clinical characteristics.





Purification of Total RNA and cDNA Conversion

Frozen urinary sediment samples were thawed, and total RNA was extracted using the QIAamp Circulating Nucleic Acid Kit (Qiagen, Hilden, Germany), specifically using the protocol for urine miRNA extraction. Contaminating DNA was digested using the Qiagen RNase-Free DNase Set followed by clean-up with the RNeasy mini kit according to manufacturer’s protocol. All samples were eluted with 15μL of elution buffer and reverse transcribed using the Superscript VILO cDNA synthesis kit (ThermoFisher Scientific, Waltham, MA, USA).



qPCR Assays and Data Analysis

Using previously published datasets, we selected circRNA candidates and a linear RNA candidate that were shown to be upregulated in ccRCC tumor tissue compared to matched benign tissue (18–21). These included: circEGLN3, linear EGLN3, circABCB10, circSOD2, and circACAD11. We also selected circHIPK3, which is dysregulated in multiple cancer types, including colorectal cancer and gastric cancer (22–24). We used GAPDH mRNA as an internal control to normalize expression for each candidate RNA marker (25). Primer sequences for circRNA or linear RNA targets were either previously published or designed specifically for this study (Supplementary Table 1) and qPCR assays were optimized with RNA from HEK 293 cell lines. For circRNA candidates, all primers were divergent, with some specifically located on the circRNA junctional sites.

For qPCR assays, 1μL of converted cDNA sample was used for each assay, with two replicates per sample. The Power SYBR green master mix (ThermoFisher Scientific) was used, with 300nM of primers per reaction. All qPCR assays were performed on the ThermoFisher Scientific QuantStudio6Flex real-time PCR system (95°C for 10 min, 40 cycles of 95°C for 15 sec and 60°C for 1 min, followed by melt-curve analysis). GAPDH was used as a normalizing control, with HEK 293 derived cDNA as the positive control. Non-template controls were utilized for all assays. Detection of circRNA junctional sequences were confirmed by Sanger sequencing (service provided by The Centre for Applied Genomics, Hospital for Sick Children).

The delta Ct for each candidate circRNA/linear RNA was calculated using GAPDH to assess relative expression between normal, benign and ccRCC samples. If there was no amplification of a candidate marker in a sample, the marker was considered as non-detectable and Ct value was set to the maximum (Ct 40). The Kruskal-Wallis test was used to compare delta Ct values between the three groups, followed by pairwise comparisons with Benjamini-Hochberg FDR correction. For each candidate RNA marker, the delta-delta Ct method was next used to assess differences between benign and ccRCC patients, with normal patients serving as the control group. Significantly altered markers between benign and ccRCC patients were identified by the Mann-Whitney test. Receiver operating characteristic (ROC) curve analysis was performed using the ROCR package. All statistical tests were two-sided and conducted using R v4.1.1.




Results


Optimization of Candidate circRNA Detection Assays in Urinary Sediment Samples

We first assessed whether the candidate markers could be detected in HEK 293 cells and urine samples from 8 ccRCC patients. We confirmed detection of the unique junction sites of all circRNA candidates using Sanger sequencing (Supplementary Figure 1). Additional variants of circEGLN3 and circABCB10, as well as another candidate circRNA (circAGAP1) were also tested but not detectable in urinary sediment samples (20, 21, 26). Interestingly, two circRNA candidates, circABCB10 and circACAD11, were detectable in genomic DNA (gDNA) from HEK 293 cell lines. We assessed urine-derived gDNA samples from RCC patients and saw similar melt curve profiles for circABCB10 and circACAD11 as the equivalent RNA/cDNA samples (Supplementary Figure 2). The circRNA junction sequences for circABCB10 and circACAD11 were also confirmed in gDNA samples by Sanger sequencing. To eliminate the possibility of RNA contamination, gDNA samples were treated with RNase A, which would digest linear RNA and circRNA. However, these junctional sequences were still detectable in DNA samples post RNase A treatment (data not shown). Although these results are interesting and potentially indicative of circular DNA, we performed DNase digestion of all RNA samples from patients to mitigate any potential DNA contamination.



Assessment of circRNA Expression in Urinary Sediments From Normal, Benign and ccRCC Patients

We next performed qPCR analysis of all urinary sediment samples from 19 healthy control/normal patients, 8 patients with benign tumors, and 76 patients with ccRCC. While certain candidates (linear EGLN3, circHIPK3, and circSOD2) demonstrated detectable levels in all urinary sediment samples analyzed, circABCB10 was detected in 97% of samples, circEGLN3 in 69% of samples, and circACAD11 in 60% of samples.

The expression levels of each candidate marker relative to GAPDH (delta Ct) is summarized in Figure 1. When comparing all three patient groups, circEGLN3 levels were significantly different between the normal (non-neoplastic) group versus ccRCC patients (Kruskal-Wallis test, p < 0.05) (Figure 1A). Interestingly, the median delta Ct value of circEGLN3 (normalized by GAPDH) was higher in ccRCC patient urine samples compared to normal samples. That is, there were lower detectable levels of circEGLN3 in ccRCC urine samples compared to normal controls. This was a surprising finding since increased expression of circEGLN3 has been observed in tumor tissue from ccRCC patients compared to matched benign tissue (18, 21). Similarly, there were lower levels of circSOD2 in urine samples from benign and ccRCC patients compared to healthy controls (Figure 1E).




Figure 1 | Summary of expression levels of all candidate markers for each patient group. The delta Ct for each candidate RNA marker was calculated using GAPDH Ct values for all urine samples analyzed. Boxplots show the median delta Cts as well as the first and third quartile for (A) circEGLN3, (B) linear EGLN3, (C) circHIPK3, (D) circABCB10, (E) circSOD2, and (F) circACAD11. Kruskal-Wallis analysis was performed to compare all patient groups, with pairwise comparisons for significantly altered RNA markers (*p < 0.05).



Using normal samples as a control group, we calculated the relative fold-change for each candidate and compared expression levels between the benign and ccRCC groups (Figure 2). We observed increased linear EGLN3 expression in urine from patients with benign tumors (relative to healthy controls) compared to ccRCC patients (Figure 2B). In addition, we performed ROC analysis to assess the diagnostic potential of these candidate markers. We found that detected circEGLN3 and circSOD2 levels had an AUC of 0.71 and 0.68, respectively, for separating cancer patients versus non-neoplastic patients (Supplementary Figure 3). These markers would need to be validated in additional cohorts to confirm their utility as diagnostic tools.




Figure 2 | Relative expression of all RNA candidates between benign and ccRCC groups. The relative fold-change (FC) for each RNA candidate was calculated for benign and ccRCC samples using normal samples as the control group. Boxplots show the median FC, first and third quartile for (A) circEGLN3, (B) linear EGLN3, (C) circHIPK3, (D) circABCB10, (E) circSOD2, and (F) circACAD11. Mann-Whitney test results are shown (*p < 0.05).



We further examined expression levels among ccRCC patients using additional clinical parameters, including Fuhrman grade, TNM staging at diagnosis, and current metastasis status. For Fuhrman grade, there was no significant difference in detection levels of any candidate circRNAs (Supplementary Figure 4). Similar findings were observed when analyzing clinical T stage at first diagnosis of ccRCC (Supplementary Figure 5). We also obtained metastasis status at first diagnosis of ccRCC for 56 patients (Table 1). We found significantly less circACAD11 in urine from patients with metastasis at the time of diagnosis compared to those without metastasis (p<0.05, Mann-Whitney Test) (Supplementary Figure 6). We next examined post-diagnosis metastasis status and found no significant differences in circRNA or linear RNA levels (Supplementary Figure 7).




Discussion

Liquid biopsies offer promising minimally invasive strategies to detect malignancies, track molecular alterations associated with disease progression, and potentially predict therapeutic response (27–32). In particular, detection of circulating DNA and RNA markers in blood and urine samples are an area of active study in ccRCC (10, 33, 34). Our study has demonstrated that select RCC-related circRNAs can be detected in urine samples from ccRCC patients, and their differential expression is associated with ccRCC status. We have also demonstrated that these markers can be successfully analyzed in patients’ urine samples thereby providing a non-invasive strategy for future studies. This work highlights the diagnostic potential of circSOD2, circEGLN3 and linear EGLN3 for early detection of ccRCC.

In this study, we focused on urinary samples collected around first diagnosis of ccRCC and prior to surgical intervention. We found decreased levels of circELGN3 and circSOD2 in urine from ccRCC patients compared to healthy controls. These candidates were previously shown to be upregulated in ccRCC tissue compared to matched control tissue, especially circEGLN3, which has demonstrated dysregulated expression in a few studies (18, 21, 26). The reason for these divergent expression profiles between urine and tumor tissue is unclear. Furthermore, the relative abundance of these circRNAs in non-neoplastic tissues from ccRCC patients compared to normal renal tissue from non-cancer patients is not known. Such a comparison may shed light on variations observed in circRNA expression levels in tumor tissue versus urine samples from ccRCC patients. Further separation of exosomes in urine may also help to improve detection of these markers and the ability to distinguish ccRCC from benign tumors (35).

The precise functional role(s) of these circRNAs in the development of malignant disease remain to be characterized. However, recent evidence suggests that silencing of circEGLN3 could reduce RCC cell proliferation and invasion (36). Another interesting observation was the presence of circRNA junctions in DNA from HEK 293 cells and urine samples. This could be an example of extrachromosomal circular DNA (37), but additional studies are required to further explore any connection between circRNA and circDNA. Overall, our exploratory study has found that circRNAs may serve as diagnostic markers and their detection in urine samples offer a non-invasive strategy to identify ccRCC. Additional validation in a larger series of patients is needed to confirm the utility of these circRNAs in the clinical management of aggressive disease.
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Purpose

To investigate the role of circulating rare cells (CRCs), namely, circulating tumor cells (CTCs) and circulating endothelial cells (CECs), in aiding early intervention, treatment decision, and prognostication in bladder cancer.



Methods

A total of 196 patients with pathologically confirmed bladder cancer, namely, 141 non-muscle invasive bladder cancer (NMIBC) and 55 muscle invasive bladder cancer (MIBC) patients. There were 32 patients who received cisplatin-based neoadjuvant chemotherapy (NAC) followed by radical cystectomy (RC). Subtraction enrichment combined with immunostaining-fluorescence in situ hybridization (SE-iFISH) strategy was used for CTC/CEC detection. Kaplan–Meier analysis and Cox regression were used to evaluate the overall survival (OS) and recurrence-free survival (RFS). Receiver operator characteristic analysis was used to discriminate NAC sensitivity.



Results

CTCs and CECs were related to clinicopathological characteristics. Triploid CTCs, tetraploid CTCs, and total CECs were found to be higher in incipient patients than in relapse patients (P = 0.036, P = 0.019, and P = 0.025, respectively). The number of total CECs and large cell CECs was also associated with advanced tumor stage (P = 0.028 and P = 0.033) and grade (P = 0.028 and P = 0.041). Remarkably, tumor-biomarker-positive CTCs were associated with worse OS and RFS (P = 0.026 and P = 0.038) in NMIBC patients underwent TURBT. CECs cluster was an independent predictor of recurrence in non-high-risk NMIBC patients underwent TURBT (HR = 9.21, P = 0.040). For NAC analysis, pre-NAC tetraploid CTCs and small cell CTCs demonstrated the capability in discriminating NAC-sensitive from insensitive patients. Additionally, tetraploid CTCs and single CTCs elevated post-NAC would indicate chemoresistance.



Conclusion

CTCs and CECs may putatively guide in diagnosis, prognosis prediction, and therapeutic decision-making for bladder cancer.





Keywords: circulating tumor cells, circulating endothelial cells, bladder cancer, prognosis, neoadjuvant chemosensitivity



Introduction

Bladder cancer is a heterogeneous disease associated with various clinical outcomes. Non-muscle invasive bladder cancer (NMIBC) accounts for roughly 70–80% of bladder cancer and requires routine cystoscopy or even repeated resection (1). Muscle invasive bladder cancer (MIBC) patients have poor prognosis with approximately 50% of patients ultimately suffering from the disseminated micro-metastasis (2). To prevent early dissemination, medically fit patients with clinically localized MIBC are suggested to receive cisplatin-based combination neoadjuvant chemotherapy (NAC). Nonetheless, it still lacks solid biomarkers that can be used to determine whether NAC is necessary or beneficial.

Tissue biopsy is one of the most widely used diagnostic methods for determining the molecular phenotypes of tumors. However, invasive surgical intervention might result in trauma, metastatic risk, and high financial and time cost (3, 4). Liquid biopsy, defined as the capture of tumor-related biomarkers in a liquid sample, has been extensively explored because of its minimal intrusion, low consumption, and convenience of application. When compared to tissue biopsy, the liquid biopsy had the advantage of being easier to repeat over time in order to dynamically monitor disease progression (5). While liquid biopsies have shown potential in identifying MIBC patients for NAC, prospective trials investigating their true clinical applicability for therapy decision making are urgently needed (6, 7).

Circulating tumor cells (CTCs) and circulating endothelial cells (CECs) are the most representative of liquid biopsy due to their minimally invasively detection of cells in carcinoma patients (8). CTCs are malignant epithelial cells derived from primary tumors, representing micro-metastatic disease from the primary tumor or the propensity of evolving disease dissemination (9). CTCs have shown promise for predicting recurrence in high-risk NMIBC (10), evaluating prognosis of RC, and guiding decision-making in bladder-cancer adjuvant chemotherapy (11). However, the relevance of CTCs in NAC decision making remains unclear. CECs originate from the endothelial-cell detachment of the vessel wall and reflect endothelial injury. They have also been proposed as surrogate biomarkers for malignant cancers including colorectal, breast, pancreatic and lung cancers (12). Apart from CTCs/CECs, circulating free DNA (cfDNA) and exosomes are also significant targets for liquid biopsy (13). In bladder cancer patients, cfDNA and exosomes have been implicated in indicating cancer progression or even predicting the drug sensitivity (14, 15).

The most widely used techniques for detecting CTC/CECs include reverse transcriptase-polymerase chain reaction (RT-PCR), immunocytochemistry, flow cytometry immunofluorescence, cytomorphological criteria, and second-generation sequencing (16). Compared with subtraction enrichment combined with immunostaining-fluorescence in situ hybridization (SE-iFISH), these traditional detection techniques have different defects like RNA degradation or contamination during RT-PCR, reduced detection sensitivity in flow cytometry and high cost of second-generation sequencing. SE-iFISH integrates all three elements of nucleic acids, proteins, and cell morphology along the cellular bio-chain, allowing for the in situ phenotypic identification of tumor biomarkers (TBMs), cell-size identification and karyotypic characterization of chromosomal ploidy in CTCs/CECs (17). According to SE-iFISH analysis, CTCs/CECs are classified into diverse subtypes by chromosome ploidy and their identified TBMs including EpCAM and vimentin (8).

What remains unknown is the relationship between the CTCs/CECs and clinical diagnosis and also pathoanatomical responses to NAC in bladder cancer. The purpose of this study is to explore the utility of CTCs/CECs in the diagnosis and treatment of bladder cancer.



Materials and Methods


Study Population

Between November 2016 and October 2019, we enrolled a total of 196 patients at the First Affiliated Hospital of Nanjing Medical University. Patients have to fulfill the following criteria for inclusion: (1) pathologically confirmed bladder cancer, and (2) aged over 18. The major exclusion criteria were as follows: (1) developed other malignancies including upper tract urothelial carcinoma, and (2) refused to sign informed consent. CTC detection was performed on all patients, while CEC detection was performed simultaneously on 133 patients. Peripheral blood (6 ml) was collected prior to any treatment. Written informed consent forms were signed by all patients. The study was approved by the affiliated hospital of Nanjing Medical University (Ethical approval number: 2017-SRFA-016) and performed according to the Declaration of Helsinki principles. The pathological diagnosis was performed by the Union for International Cancer Control TNM classification system (2009), and grade was determined according to the World Health Organization (WHO) 2004 grading of urothelial papilloma (18). High-risk tumors were defined as including any of the following: ① T1 tumor, ② high-grade tumor, ③ CIS, and ④ multiple, recurrent, and large (>3 cm) TaG1G2/LG tumors (all features must be present) (19).



CTC and CEC Enrichment, Identification and Classification

SE-iFISH approach was utilized to enrich and identify CTCs and CECs. SE-iFISH is a novel approach for detection CTCs/CECs that combines differential phase enrichment, tumor-labeled immunofluorescence staining and i-FISH techniques. It utilizes differential phase enrichment to separate and enrich CTCs/CECs. The enriched CTCs/CECs were then subjected to tumor-labeled immunofluorescence staining and chromosomal fluorescence in situ hybridization simultaneously.

CTCs/CECs were enumerated as non-hematopoietic that had not CD45 expressed on the cell surface (CD45−) while aneuploid CECs showed positive CD31 expression on the cell surface (CD31+) and aneuploid CTCs did not express CD31 (CD31−) but TBMs. The identification criteria of CTCs were as follows (Figure 1D): aneuploid chromosome 8 with nucleus DAPI+/CD45−/CD31− or diploid chromosome 8 with nucleus DAPI+/CD45−/CD31− but positively immunofluorescent with two tumor TBMs (EpCAM+/vimentin+ and EpCAM+/vimentin−). Diploid chromosome 8 cells with EpCAM−/vimentin+ were not defined as CTCs due to vimentin being expressed often in white blood cells. The identification criteria of CECs included the following: aneuploid chromosome 8 with nucleus DAPI+/CD45−/CD31+. Two or more single CTCs or CECs grouped to produce a circulating tumor microembolus (CTM) or CEC cluster. CTC can be divided into large-cell and small-cell CTCs depending on their size in comparison to white blood cells and the same for the CECs. CTCs were classified as monoploid CTC, triploid CTC, tetraploid CTC, and polyploid CTC (≥5 ploidy CTC) according to the karyotypes of chromosomes 8. Depending on whether TBMs can be detected, CTCs can be divided into tumor-biomarker (TBM)-positive CTCs and TBM-negative CTCs. TBM-positive CTCs are EpCAM positive and/or vimentin positive CTCs. CTC positive was defined as CTC number ≥3 and/or CTM ≥1, whereas CEC positive was defined as CECs number ≥2 and/or CEC cluster ≥1.




Figure 1 | Detection+ and characteristics of CTCs and CECs by SE-iFISH in bladder-cancer patients. (A) Quantitative composition of diverse CTC subtypes among the total number of CTCs. (B) Detective rate distribution of CTC subtypes among all bladder-cancer patients. (C) Quantitative composition of CEC subtypes among the total number of CECs. (D) Identification of CTCs by SE-iFISH. Line a: Polyploid, large cell, and TBM negative CTCs; Line b: Polyploid, large cell, and TBM-positive (EpCAM+) CTCs; Line c: Monoploid, small cell, and TBM-positive (vimentin+) CTCs; Line d: Diploid, small cell, and TBM-positive (EpCAM+/vimentin+) CTCs; Line e: CTM.





Neoadjuvant Chemotherapy Regimen and Assessment

Generally, 70 mg/m2 cisplatin-based NAC regimens consisting of cisplatin combined with 1.0 g/m2 gemcitabine protocols were administered. NAC was recommended for patients with extravesical disease (≥cT2N0M0). At least two cycles of NAC were performed before RC. Blood was collected from patients prior to or after two cycles of NAC. To evaluate the clinical response, Response Evaluation Criteria in Solid Tumors guideline (Version 1.1) was used. Magnetic resonance imaging was conducted to determine the diameter and volume of tumors prior to and after NAC. Two radiologists were involved to assess tumor response using MRI. T2-weighted imaging, diffusion weighted imaging (DWI), and apparent diffusion coefficient (ADC) were implemented to evaluate therapeutic response to NAC.



Follow-Up Regimen

Outpatient service and phone calls were used for follow-up. For RC, patients were usually seen every 3 months during the first year following surgery, and every 6 months from the second to fifth years. Follow-up included history, serum, and urine chemistry evaluation, and also physical examination. Every 6 months, abdomen imaging including the urinary tract (CT or MRI of the abdomen/pelvis with intravenous contrast) and chest radiography were conducted. For TURBT, patients received an additional cystoscopy and urinary cytology every 3 months in the first year following surgery and every 6 months from the second to fifth years. The endpoints of the study were as follows: (1) overall survival (OS), defined as the time period between operation and death from any cause, and (2) recurrence-free survival (RFS), defined as the time period between operation and local failure or distant metastases.



Statistical Analysis

IBM SPSS package (SPSS Inc., Chicago, IL, United States) and GraphPad Prism software (GraphPad Prism Software Inc., San Diego, CA, United States) were used for all statistical analyses. Correlations between the CTC/CEC-positive rate and clinicopathological variables were analyzed by chi-square test. For continuous variables, Student’s t-test was used to compare normally distributed variables or the Wilcoxon rank-sum test was used to compare not normally distributed variables. The area under the curve (AUC) of different CTC subtypes in discriminating chemosensitivity was determined using receiver operator characteristic (ROC) analysis. The change in CTCs between pre- and post-NAC was analyzed by the paired-sample t-test. Kaplan–Meier survival plots were generated based on the numbers of different subtypes of CTCs/CECs, and survival curves were compared using log-rank tests. Hazard ratios (HRs) were derived from univariate and multivariate Cox proportional-hazard regression models. P <0.05 was statistically significant, and all statistical analyses were two-sided.




Results


Analysis of Quantified CTC and CEC Subtypes

The quantitative distribution of CTC subtypes according to different classification criteria among the entire CTCs is depicted in Figure 1A. The detected rate of CTC subtypes distribution indicated that CTCs, small cell CTCs, CTM, and TBM-positive CTCs were present in 94.90, 83.67, 21.94, and 17.86% of all 196 patients, respectively (Figure 1B). The distribution of CECs subtypes is depicted in Figure 1C.



CTCs and CECs in Relation to Clinicopathological Characteristics

Positive CTCs were present in 163 patients (83.2%), while positive CECs were detected in 105 patients (78.9%). No significant association was found between CTC/CEC positive rates and clinicopathological variables (Table 1). However, subgroup analyses revealed that incipient patients exhibited a higher level of triploid and tetraploid CTCs than relapse patients (P = 0.036 and P = 0.019) (Figure 2A).


Table 1 | Relationship between CTC/CEC positive rate and clinicopathological variables.






Figure 2 | CTC and CEC subtypes correlated with different clinical characteristics and prognosis. (A) Distribution of CTC subtypes in incipient and relapse bladder-cancer patients. (B) Distribution of CEC subtypes in incipient and relapse bladder-cancer patients. (C) Distribution of CEC subtypes in bladder-cancer patients according to tumor stage. (D) Distribution of CEC subtypes in bladder-cancer patients according to tumor grade. (E) TBM-positive CTC number ≥1 showed poor prognosis with shorter OS in NMIBC patients receiving TURBT. (F) TBM-positive CTC number ≥1 showed poor prognosis with shorter RFS in high-risk NMIBC patients receiving TURBT. (G) CEC cluster number ≥1 showed poor prognosis with shorter RFS in high-risk NMIBC patients receiving TURBT. (H) CECs number ≥6 showed poor prognosis with shorter RFS in MIBC patients receiving RC.



Incipient patients also had an increased CECs level compared to relapsing patients (P = 0.025) (Figure 2B). In addition, the number of total CECs and large-cell CECs were also associated with higher tumor stage (P = 0.028 and P = 0.033) (Figure 2C) and grade (P = 0.028 and P = 0.041) (Figure 2D).



CTCs and CECs Contributed to Predicting Oncological Outcomes

Among the 196 patients, 22 were lost to follow-up, 55 patients (31.6%) experienced recurrence and 24 patients (13.8%) died. CTCs demonstrated no significant association between NMIBC and MIBC patients, however, the number of CECs elevated significantly in MIBC patients (Supplementary Table 1).


TBM-Positive CTCs Predicted Poor Prognosis in NMIBC Patients Receiving TURBT

TBM-positive CTCs served as an unfavorable predictor of OS in NMIBC patients treated with TURBT (Figure 2E). Subsequently, we respectively evaluated the prognostic significance in high-risk NMIBC patients and non-high-risk NMIBC patients (Supplementary Table 2). As for high-risk NMIBC patients undergoing TURBT, RFS was significantly reduced in the TBM-positive CTC group (Figure 2F). While for non-high-risk NMIBC patients undergoing TURBT, there was no significant association between CTCs and prognosis (Supplementary Table 3).



CEC Cluster Showed a Reduced RFS in NMIBC Patients Receiving TURBT

Univariate analysis of CECs for OS and RFS prediction in all NMIBC patients receiving TURBT failed to reach statistical significance (Supplementary Table 4). Whereas, in non-high-risk NMIBC patients receiving TURBT, survival analysis demonstrated that positive CEC cluster did shorten RFS further (Figure 2G). While for MIBC patients treated with RC, CECs number ≥6 also showed a shorter RFS but without statistical difference (Figure 2H).



Association Between CTCs and NAC Response Rate

CTCs were quantified in a total of 32 patients prior to NAC followed by RC. A total of 18 of 32 patients were considered responsive, while the remaining 14 were considered insensitive. Pre-NAC single CTCs (P = 0.016), tetraploid CTCs (P = 0.001), and small cell CTCs (P = 0.031) were positively correlated with sensitivity to NAC (Figures 3A, B). ROC analysis was also performed to evaluate the ability of tetraploid CTCs, small cell CTCs, and CTCs in discriminating NAC-sensitive patients from resistant patients (Figure 3C). Results showed that the potential AUCs were 0.80 for tetraploid CTCs (95%CI = 0.62–0.92, P <0.001), 0.72 for small cell CTCs (95%CI = 0.54–0.87, P = 0.015), and 0.77 for CTCs (95%CI = 0.59–0.90, P = 0.002).




Figure 3 | Analysis of CTC subtypes in correlation with NAC sensitivity in 32 bladder-cancer patients. (A, B) NAC-sensitive patients had an increasing quantity of pre-NAC CTCs, tetraploid CTCs, and small cell CTCs compared with NAC-insensitive patients. (C) Receiver operator characteristic (ROC) curves analysis showed that pre-NAC CTCs, tetraploid CTCs, and small cell CTCs could differentiate NAC-sensitive patients (n = 18) from NAC-insensitive ones (n = 14). (D) Distribution of CTC subtypes before and after NAC.



Afterwards, a total of 22 patients received CTC detection after two cycles of NAC. A total of 14 of 22 were considered responsive, and the remaining 8 were considered insensitive. The proportion of polyploid CTCs elevated with the other three karyotypes CTC numbers declined (Figure 3D). Compared to 45 patients receiving RC without NAC, NAC group was associated with a decreased number of triploid, tetraploid and small cell CTCs (P = 0.032, P = 0.004, and P = 0.022) (Supplementary Table 5). Then we evaluated the consistency between CTC dynamics pre- and post-NAC with the NAC response rate, but no significant association was observed in the 22 patients (Supplementary Table 6). Increased count of tetraploid CTCs and single CTCs following NAC indicated its ineffectiveness (P = 0.042 and P = 0.031) (Table 2).


Table 2 | CTC subtypes and dynamics in bladder-cancer patients with neoadjuvant chemotherapy.







Discussion

The detection of CTCs/CECs is the most representative of liquid biopsy in carcinoma patients (20). The clinical implications of CTCs have been reported in bladder cancer; however, most of them are based on conventional strategies and provide conflicting results (21). CellSearch®, which utilized an immunomagnetic technique to detect EpCAM+ CTCs, was the only FDA-approved CTC-detection platform (22), but it was always associated with a low CTC detection rate (23, 24). Additionally to this method, size-based filtration technique could considerably improve the detection efficiency (25). While all these EpCAM based techniques inevitably underestimate the quantity of CTCs due to missing EpCAM− CTCs (26). Therefore, additional molecule markers like vimentin were investigated and exploited during CTCs detection (26, 27). In present study, SE-iFISH is anticipated to facilitate elucidating how these distinct categories CTCs/CECs functionally interplay with tumor angiogenesis and therapy (8).

With regard to clinical characters analysis, we found that incipient bladder-cancer patients exhibited more triploid CTCs, tetraploid CTCs and total CECs than relapsing patients. One possible explanation is that relapsing patients might receive more routine review than incipient ones, allowing physicians to detect tumors earlier. Of note, our data highlighted the positive correlation between CECs and advanced tumor stage and grade. These data indicated that CECs were more easily detected in more advanced bladder cancer.

As reported, the epithelial to mesenchymal transition (EMT) has been proven to play a role in the tumorigenic process (28). EMT may facilitate the cancer cells to disseminate from local tumors penetrate blood vessels to become CTCs (29–31). CTCs could be classified as epithelial, mesenchymal, or epithelial–mesenchymal hybrids (32). Epithelial markers (EpCAM and E-cadherin) and mesenchymal markers (vimentin and Twist) were used frequently in CTCs detection (33, 34). In the present study, TBM-positive CTCs were defined in the study as EpCAM positive and/or vimentin-positive CTCs. Consistent with a previous study, our results also indicated a relatively low detection rate of TBM-positive CTCs (<20%) (35). To our knowledge, the present study had the largest sample size focusing exclusively on NMIBC rather than T1HG or high-risk NMIBC only. We discovered for the first time that TBM-positive CTCs might be used to predict the prognosis of NMIBC patients. The NMIBC patients receiving TURBT who harbored detectable TBM-positive CTCs were at significantly increased risk of overall mortality. Gazzaniga et al. stated similar results that the presence of CTCs is associated with a short time to the first recurrence in 44 NMIBC patients (36). Notably, NMIBC is heterogeneous cancer and most CTC-related studies on NMIBC have concentrated on T1HG or high-risk NMIBC patients (10, 37). Consistently, according to our analysis on high-risk NMIBC patients receiving TURBT, TBM-positive CTC number ≥1 showed poor prognosis with shorter RFS. Other new biomarkers like PD-L1 expression in CTCs are also in hopes of expanding the role of liquid biopsy in cancer patients (38). Interestingly, BCa patients with type 2 diabetes mellitus (T2DM) suffered a higher risk of recurrence (39). T2DM and hyperglycemia have been shown to facilitate EMT process in various cancers (40–42). Therefore, we speculate that hyperglycemia may interfere with the production and detection of CTCs.

However, results data on the actual predictive and prognostic value of CECs in bladder cancer are scarce. Cox regression analysis in our study indicated that positive CEC cluster was an independent risk factor for non-high-risk NMIBC patients treated with TURBT. Intriguingly, although not statistically significant, CEC subtypes predicted poor prognosis of patients receiving RC. Hence, CEC subtypes would also be key players in bladder-cancer diagnosis and prognosis. And our report is also the first research to explore the utility of CECs in bladder cancer.

The cisplatin-based NAC is recommended, while it could provide a minor OS benefit of 5–6% after 10 years (43). Besides, non-responder patients with MIBC have a poor overall survival and are delayed in receiving effective treatment (44). Soave et al. found that bladder cancer patients with the presence of CTCs are more likely to receive adjuvant chemotherapy (11). Our results showed that tetraploid CTCs were the most predictive of NAC sensitivity, followed by single CTCs and small cell CTCs. We also investigated the predictive value of CTC dynamic variation before and after NAC treatment, and found that NAC-insensitive patients possessed an evident elevation of CTCs post-NAC. The number of polyploid CTCs increased most remarkably post-NAC. Thus, we postulated that polyploid CTCs could be an important factor in NAC insensitivity as it was more difficult to eliminate than other CTC subtypes. Interestingly, the most CTC subtypes were elevated post-NAC, which might be attributed to NAC induced shedding of tumor cells into the circulatory system. Several focal tumor cells will necrotize during the initial chemotherapy cycles, which could result in decreased tumor cell adhesion. Thus, the residual tumor cells might be discharged into the bloodstream. This phenomenon was also observed in breast cancer studies (45, 46). Besides, in metastatic urothelial carcinoma, Fina et al. also found that unfavorable trend of CTCs number alterations during chemotherapy may be useful to predict worse prognosis (47). From the above, CTCs may enable the evaluation of NAC response and may hold promise in screening of NAC sensitive patients, thereby allowing NAC insensitive patients to undergo RC earlier. To our knowledge, this study is the first to explore the association between CTCs and bladder cancer NAC.

The Vesical Imaging-Reporting and Data System (VI-RADS) has been demonstrated to accurately predict muscle invasion of BCa before operation (48–51). Although no correlation between CTCs/CECs and BCa stage was observed, the combination of VI-RADS and CTCs/CECs detecting may offer us a more valid judgment basis prior to surgery, particularly for patients with a VI-RADS score of 3. Apart from BCa, other prognostic factors also played a significant role in other hematuria-related genitourinary diseases, such as prostate cancer (52) and prostate surgery associated bleeding (53).

It should be noted that the results of relevant Cox analyses may be insufficiently significant due to the limited number of patients included, especially those who received NAC. While SE-iFISH is a novel CTC detection technique, its application is still limited compared to more established detection methods. As a result, the detection stability and consistency need to be further verified.



Conclusion

Taken together, based on SE-iFISH strategy, the amounts of single CTCs, small cell CTCs, and tetraploid CTCs could predict NAC sensitivity. Furthermore, the present study established for the first time a relationship between CECs and their subtypes with pathological stage, grade, and clinical outcome. Overall, our findings revealed that various CTCs/CECs subtypes may have diverse potential to guide the diagnosis, prognosis prediction, and therapeutic decisions in bladder cancer, but further analytical validations are still required.
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N6-methyladenosine (m6A) has emerged as one of the most important modifications of RNA. Based on the expression of 23 different modes of m6A regulatory factors, we identified three different m6A modification patterns in bladder cancer. The effects of the three different modes of m6A modification on clinicopathological characteristics, immune cell infiltration levels and expression levels of immune checkpoint genes were comprehensively analyzed. In addition, the effects of different modes of m6A modification on the therapeutic efficacy of anti-PD-L1 immunotherapy (atezolizumab) are also discussed. Our results confirm that m6A methylation plays an important role in immune cell recruitment in the tumor microenvironment of bladder cancer, which influences the efficacy of anti-PD-L1 therapy for bladder cancer. We further confirmed the important role of FTO protein in the biological function of bladder cancer cells by performing in vitro experiments. FTO functions as an oncogene in bladder cancer cells, and upon FTO knockdown, the level of m6A enzyme activity in bladder cancer cells was significantly increased, apoptosis was increased, and cell proliferation and cell invasion were reduced. In addition, our study also confirmed that K216H and K216E are probably important targets for regulating FTO. We provide new insights into the regulatory pathways of the immune microenvironment and the methylation function of m6A in bladder cancer, which will help in designing novel diagnostic methods, prognostic tools, and therapeutic targets.
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Introduction

Bladder cancer is the most common cancer of the urinary system and is characterized by a difficult early diagnosis, rapid metastasis, and resistance to treatment. Immune checkpoint therapy (ICT) targets immune pathway effectors such as cytotoxic lymphocyte antigen-4 (CTLA-4), programmed cell death protein 1 (PD-1), or programmed death-ligand 1 (PD-L1) (1). Anti PD-L1 immunotherapy has been approved by the Food and Drug Administration (FDA) for the treatment of metastatic bladder cancer (2, 3). Immunotherapeutics that target PD-1 or PD-L1 have significantly improved the survival outcomes for some patients, showing an astonishing effect in a small number of patients with sustained efficacy. The improved clinical efficacy for the detection of cancer of the urinary system including advanced-stage bladder cancer has changed the intervention measures used (4); however, some patients with bladder cancer undergoing immunotherapy show no response to ICT or display resistance to drugs, and this scenario does not meet the clinical needs of these patients (5, 6). At present, multiple studies have confirmed that the immune response resulting due to many tumors, including those found in bladder cancer, is related to the level of immune cell infiltration in the tumor microenvironment, the expression of PD-1/PD-L1, and the tumor mutation burden (TMB) (7, 8).

The microenvironment in which tumor cells grow and survive is called the tumor microenvironment (TME), which includes stromal cells such as cancer-related fibroblasts and macrophages, immune infiltrating cells (myeloid cells and lymphocytes), bone marrow-derived cells (BMDCs) such as endothelial progenitor cells and hematopoietic progenitor cells, and secretory factors such as cytokines (9). There is mounting evidence that TME plays a crucial role in tumor progression, immune escape, and has an impact on the response to immunotherapy (10, 11). A comprehensive analysis of the heterogeneity and complexity of the TME is a key step in improving the success rate of existing ICTs and the development of new immunotherapy strategies. Further exploration of the regulatory mechanisms underlying TME cell infiltration will improve the ability to guide and predict the response to immunotherapy, and may help identify new therapeutic targets.

N6-methyladenosine (m6A) is the most common and abundant RNA modification in eukaryotes. As a reversible epigenetic modification, m6A is found in almost all types of RNAs, including mRNAs, ribosomal RNAs (rRNAs), long noncoding RNAs (lncRNAs), microRNAs (miRNAs), small nuclear RNAs (snRNAs), and circular RNAs (circRNAs), and are dynamically regulated in many physiological processes (12, 13). The m6A modification is a dynamic and reversible process in mammalian cells and is regulated by various methyltransferases, demethylases, and binding proteins, also known as writers, erasers, and readers, respectively. The process of m6A methylation is catalyzed by methyltransferases such as RBM15, ZC3H13, METTL3, METTL14, WTAP, and KIAA1429, and the removal process is mediated by demethylases such as FTO and ALKBH5 (14). Further, a group of specific RNA binding proteins, such as YTHDF1/2/3, YTHDC1/2, HNRNPA2B1, and IGF2BP1/2/3 can recognize the m6A motif, thus affecting the function of m6A (15). Results from various studies have shown that the abnormal expression and changes to gene expression for m6A regulatory factors are related to the dysregulation of multiple biological processes essential for the initiation, progression, metastasis, drug resistance, recurrence, and immune regulation of cancer (16).

Many studies have confirmed the special correlation between m6A modification and changes in the TME. Li et al. (17) observed that when METTL3 was depleted, the steady-state growth of T cells was blocked and was maintained at a slow rate. Further, their research showed that METTL3 deletion resulted in a decrease in the level of m6A, and an increase in the mRNA stability and protein levels of SOCS1, SOCS3, and CISH, thus negatively regulating the IL-7 signal production in CD4+T cells. Results from another study (18) revealed the role of m6A in dendritic cell activation, in which METTL3 mediated the m6A modification of the transcripts for the adaptor Tirap for CD40, CD80, and TLR4. Signal adaptors enhanced the translation of METTL3 in dendritic cells, thereby enhancing TLR4/NF-κB signal transduction, producing cytokines, and stimulating T cell activation. From the perspective of immune checkpoint therapy, the m6A binding protein YTHDF1 can be used to modulate antitumor immunity and improve immunotherapy, as it can regulate the expression of lysosomal proteinase in an m6A dependent manner. YTHDF1 can recognize the transcription of m6A modified transcripts and encodes a lysosomal protease to increase translation in dendritic cells. Moreover, the deletion of YTHDF1 enhances the cross-presentation of tumor antigens and the cross initiation of CD8+T cells in vivo. Further, Wang et al. confirmed that the deletion of YTHDF1 enhances the therapeutic effect of the PD-L1 checkpoint blockade (19).In melanoma, elevated FTO expression levels promote tumor growth by reducing the methylatin of m6A in the mRNA for PD-1 (PDCD1), CXCR4, and SOX10 and preventing their RNA decay mediated by YTHDF2. Knockout of FTO in melanoma cells induces tumor cells to become sensitive to interferon-gamma (IFNγ) in vitro and promotes a sensitizing response of melanoma cells to anti-PD-1 antibody in mice (20). Together, these data prove that the m6A modification plays an important role in regulating the tumor immune microenvironment, and the combined use of m6A modulators and PD-1/PD-L1 drugs may prove to be a new strategy to enhance the clinical efficacy of tumor immunotherapy.

In this study, we examined the effect of the m6A methylation modification on the invasion characteristics of immune microenvironment cells and the effect of anti-PD-L1 therapy on bladder cancer. Our study helps elucidate the molecular mechanism underlying the regulation of the immune microenvironment in bladder cancer and provides new predictors, potential auxiliary targets, and directions for more effective immunotherapy strategies for combating bladder cancer.



Materials and Methods


Datasets

The gene expression profile was measured experimentally using the Illumina HiSeq 2000 RNA Sequencing platform at the University of North Carolina The Cancer Genome Atlas (TCGA) genome characterization center. Level 3 data were downloaded from the TCGA data coordination center. This dataset shows the gene-level transcription estimates, i.e., the log2 (x+1) transformed RSEM normalized counts, and somatic mutation data was downloaded from the site https://portal.gdc.cancer.gov/. IMvigor 210 cohort is a multicenter, single-arm phase II clinical study for evaluating the safety and efficacy of Tecentriq, a PD-L1 inhibitor, in patients with advanced urothelial carcinoma (21, 22). The complete processed expression data, detailed clinical annotations, and somatic mutation data were obtained from IMvigor210CoreBiologies, which is a complete documentation software and data package for the R statistical computing environment. The software package is available free of charge under the Creative Commons 3.0 License.



Consensus Clustering for 23 m6A Regulators

We identified 23 m6A regulators from published literature (23, 24), including 2 erasers (ALKBH5, FTO), 13 readers (FMR1, HNRNPA2B1, HNRNPC, IGF2BP1, IGF2BP2, IGF2BP3, YTHDC1, YTHDC2, YTHDF1, YTHDF2, YTHDF3, ELAVL1, LRPPRC), and 8 writers (KIAA1429, METTL14, METTL3, RBM15, RBM15B, WTAP, ZC3H13, CBLL1). The consensus clustering algorithm determined the optimal number of clusters (K value) as 3. Based on the expression of the 23 m6A modulators, different m6A modification patterns were identified by using k-means (based on Euclidean distance), and the patients were classified into three groups for further analysis. We used the consusclusterplus R package to perform the above steps, and performed 1000 iterations (50 iterations, resampling rate of 80%) to ensure the stability of the classification (25).



Common Molecular Typing of Bladder Cancer

We used several published subtype classification systems for bladder cancer, including the Baylor subtype described by Mo et al. (26), who defined urothelial differentiation based on 18 gene markers, thus dividing the muscle-invasive bladder cancers (MIBC) and non-MIBCs (NMIBC) into basal and differentiated subgroups. Damrauer et al. (27) identified basal and luminal cancer subtypes by consensus cluster analysis and further identified 47 genes as predictors of these subtypes. The MDA subtype (28) was analyzed by using 2252 genes (2697 probes) from 73 freshly frozen primary MIBC samples, including p53 like, luminal, and basal cancer. The Lund group (29) presented a six-class system based on global mRNA expression, including the urothelial-like, genomically unstable, epithelial infiltrated, SCC-like/Mes-like, SCC-like/UroB, and Sc/NE-like cancer. TCGA genotyping (30) used 2707 genes to conduct unsupervised cluster analysis on 129 patients with MIBC. The patients were classified into four subtypes (I, II, III, and IV), using the Cartes d’Identitédes Tumeurs (CIT)-Curie subtypes (31). These classifiers were combined into an R package (BLCA subtyping) (32), which can be found at https://github.com/cit-BioInfo/BLCAsubtype. We applied these classifiers independently to the TCGA-BLCA cohort and the IMvigor210 cohort to analyze the relationship between the subtypes of different classification methods and three different m6A modification patterns. Further, we interpreted the differences among the three different m6A modified subtypes.



Estimation of TME Cell Infiltration

We used the single-sample gene set enrichment analysis (ssGSEA) algorithm to quantify the relative abundance of cell infiltration in TME. We obtained gene sets from the data of Qingzhu Jia et al. (33) to label the different types of TME infiltrating immune cell types. As demonstrated by Jia et al. (33), we calculated the antitumor-immunity-score as the sum of the immune cell scores of various antitumor cells. Further, the pro-tumor-immunity-score is the sum of the scores of tumor-promoting immune cells, and we define the tumor immunity score as the difference between the pro-tumor-immunity score and the antitumor-immunity-score for unified analysis. In addition, we also used the ESTIMATE algorithm (34) to estimate the ratio of the immune matrix components of each sample in the TME to further explore the differences of TME components including immune cells and stromal cells scores among different m6A modification patterns. The results were presented in three forms: immune score, stromal score, and the ESTIMATE score; the higher the score from the immune score or stromal score, the more immune or matrix components in TME. The ESTIMATE score is the sum of the immune score and stromal score, which represents the level of the two components in TME.



Identification of Differentially Expressed Genes (DEGs) Among Three Types of m6A Modified Patterns

DEGs were identified via the Bayesian method between different m6A modification patterns using the limma R package (35), the absolute value of logFC > 1 as the significance criteria. We used the ssGSEA method to score the samples based on the 23 m6A regulatory factors. Based on the median value of the m6A score, the patients were classified into a high m6A score group or a low m6A score group. The difference between the two groups was analyzed by the empirical Bayes method using the limma R package, taking the corrected p-value < 0.05, and the absolute value of logFC > 1 as the significant criteria and 647 DEGs were obtained for subsequent signal pathway analysis.



Differential Signaling Pathway Enrichment Among the Three m6A Modified Modes

The enrichment of signaling pathways for the DEGs expressed relative to the different phenotypes of m6A were analyzed using the metascape website (36) http://metascape.org. We determined the statistically rich terms, accumulated hypergeometric p values, and enrichment factors, and used these in a filtering step. Next, according to the Kappa statistical similarity between the gene members, the remaining important terms were clustered in a hierarchical structure, and the kappa score of 0.3 was used as a threshold to convert the terms to clusters (36). We selected the genes with the best p-value in each cluster as its representative term and displayed them in the heatmap. The databases for the KEGG pathway, GO biological processes, Reactor gene sets, Canonical pathways, and the CORE resources were used for pathway and process enrichment analysis applying a p-value < 0.01, a minimum count of 3, and an enrichment factor > 1.5 (the enrichment factor is the ratio between the observed count and the chance expected count). The GSEA analysis (37) evaluates the skewness of the two distributions for the selected gene set in the gene list sorted by a specific phenotype. The analysis gene set was obtained from the hallmark gene sets provided by the Molecular Signatures Database (https://www.gsea-msigdb.org/). In this study, we used the clusterProfiler R package to implement the GSEA analysis (38).



Construction of a Scoring System to Evaluate the Level of m6A Modification in Individual Samples

To quantify the m6A modification pattern in a single patient. Based on the mRNA expression level of the 23 identified m6A regulatory molecules in each sample, we constructed a scoring system called m6Ascore by single sample Gene Set Enrichment Analysis (ssGSEA, based on GSVA R package).



Analysis of Copy Number Variation in Different Subtypes of Somatic Cells

For copy number variation analysis, we used the GISTIC.2 to identify significantly amplified or missing parts of the genome. The burden of copy number loss or gain was calculated as the total number of genes with copy number changes at the focal and arm level.



Relationship Between Methylation of m6A and the Core Biological Pathways Impacted Due to Bladder Cancer

We analyze a set of gene sets for storing genes related to certain biological processes, and further, to reveal the association between the m6A gene signature and some related biological pathways, including: (1) the immune-checkpoint; (2) antigen processing machinery; (3) CD8 T-effector signature; (4) epithelial-mesenchymal transition (EMT) markers including EMT1, EMT2, and EMT3; (5) the angiogenesis signature; (7) pan-fibroblast TGF-β response signature (Pan-F-TBRS); (8) WNT targets; (9) DNA damage repair; (10) mismatch repair; (11) Nucleotide excision repair; (12) DNA replication; (13) and antigen processing and presentation.

The differential gene expression of the core biological pathway genes between the different m6A phenotypes of the IMvigor210 cohort was displayed in the form of a heatmap, including: (A) FGFR3 gene signature; (B) CD8 Teff signature; (C) antigen-processing machinery; (D) immune checkpoint signature; (E) MKI67 and cell cycle genes; (F) DNA replication-dependent histones; (G) DNA damage-repair genes; (H) TGFβ receptor and ligand; (I) F-TBRS genes; (J) EMT markers; (K) angiogenesis signature.



Cell Lines and Cell Culture

The human bladder cancer cell lines were obtained from the Oncology Institute of Central South University. The cell lines were incubated at 37°C under a humidified atmosphere with 5% CO2 and cultured in DMEM (Invitrogen, CA), supplemented with 10% fetal bovine serum (FBS) (GIBCO, NY), 1 mmol/L glutamine, and 1% penicillin/streptomycin.



Cell Viability, Apoptosis, and Invasion Assays

Cell proliferation was analyzed using a commercial CCK-8 assay kit (#C0038, Beyotime). We employed fluorescence-activated Cell Sorting (FACS) to assess apoptosis with the Annexin V-FITC/PI staining kit (Mbchem). According to the manufacturer, the transwell assay was used to measure cell invasion with the 6-well insert devices (8 μm pore size; Corning Life Sciences, Bedford, MA) and Biocoat Matrigel (BD Biosciences). We counted the cells from the middle and surrounding 5 fields of view and averaged the counts.



Western Blotting

Western blotting was performed as described previously (39). Briefly, total protein was extracted with RIPA lysis buffer and estimated using the bicinchoninic acid (BCA) Protein Assay Reagent Kit. The proteins were separated using 10% SDS-PAGE and electrophoretically transferred on a polyvinylidene fluoride (PVDF) membrane. The membranes were blocked with 5% skimmed milk and incubated overnight at 4°C with primary antibodies targeting FTO (27226-1-AP) and β-actin (1:2000, Ptgcn, 66009-1-Ig) and anti‐GAPDH (Abcam, ab125247), followed by incubation with the appropriate secondary antibodies for one hour. Positive bands were visualized using an enhanced chemiluminescence system.



Measurement of Total m6A

Total m6A content was measured in the aliquots of 200-ng of total RNA extracted from cells using an m6A RNA methylation quantification kit (cat. no. P-9005; Epigentek) according to the manufacturer’s instructions.



Statistical Analysis

The non-paired t-test was used to compare the normally distributed variables between the two groups; the Mann-Whitney U test (also known as the Wilcoxon rank-sum test) was used to estimate the statistical significance of the non-normal distribution variables. The Kruskal-Wallis test and a one-way ANOVA were used as nonparametric and parametric analysis methods (40). The correlation coefficient between TME infiltrating immune cells and the expression of m6A regulatory genes was calculated using the Pearson correlation method. We used the univariate Cox regression model to calculate the risk ratio (HR) for the m6A regulatory genes. The survminer R software package was used to determine the cut-off point for the correlation between the m6A scores and patient survival in each data set subgroup. The “surv-cut point” function of the maximum rank statistic was used to double score the m6A score by repeatedly testing all possible cut-off points, and further, the patients were classified into “high” and “low” subgroups, according to the maximum selected log-rank statistic, to reduce the batch effect in the calculations. The Kaplan-Meier method was used to plot the survival curve for prognosis analysis, and a log-rank test was used to determine the significance of the difference. The waterfall diagram of the maftools software package was used to show the mutations in the 23 m6A regulatory factors in the TCGA-BLCA cohort. The thermograms of the 23 mutations for the m6A regulatory factors were plotted. All statistical P-values were bilateral, and P < 0.05 was considered to be statistically significant.




Results


Survey of 23 m6A Regulatory Factors in Bladder Cancer

In this study, we analyzed 23 m6A regulatory factors related to bladder cancer, including 2 erasers (ALKBH5, FTO), 13 readers (FMR1, HNRNPA2B1, HNRNPC, IGF2BP1, IGF2BP2, IGF2BP3, YTHDC1, YTHDC2, YTHDF1, YTHDF2, YTHDF3, ELAVL1, LRPPRC), and 8 writers (KIAA1429, METTL14, METTL3, RBM15, RBM15B, WTAP, ZC3H13, CBLL1). We first mapped the network for the 23 m6A regulatory factors in bladder cancer (Figure 1A), and examined the interactions and their significance for the prognosis of bladder cancer patients. We found that there were significant correlations between the expression of m6A regulatory factors in writers, erasers, and readers, and most of the correlations were positive (Supplementary Table 1). Based on these correlations, the 23 m6A regulatory factors were divided into four categories (Clusters A-D). Figure 1B summarizes the somatic mutation frequency of the 23 m6A regulators. In 116 out of 412 patient samples, a mutation in m6A regulators was observed, with a frequency of 28.16%. Most of the mutations were missense mutations, and the regulators KIAA1429, METTL3, and ZC3H13 had the highest mutation frequency (4%), while HNRNPC, YTHDF3, and FMR1 did not harbor any mutations. Subsequently, we found that FMR1 and YTHDF2, YTHDF1 and KIAA1429, YTHDF2 and KIAA1429, WTAP, and METTL3, ZC3H13 and LRPPRC, and ZC3H13 and YTHDC2 had significant symbiotic relationships (Figure 1C, P < 0.05). The differential expression analysis for the 23 m6A regulatory factors in bladder cancer and its adjacent tissues is shown in Figure 1D. The expression of ALKBH5, FTO, METTL14, WTAP, YTHDC1, YTHDF3, and ZC3H13 in adjacent cancer tissues was significantly higher than that in cancer tissues, while the expression of METTL3, YTHDF1, YTHDF2, ELAVL1, IGF2BP1, IGF2BP3, and HNRNPA2B1 in cancer tissues were significantly higher than those in non-cancerous tissues. However, due to the small sample size of the paracancerous tissues, this result needs further verification. A univariate Cox regression analysis was performed to study the effect of the 23 m6A regulatory factors on the overall survival (OS) of bladder cancer patients (Figure 1E). It was observed that six m6A regulatory factors had a significant effect on the prognosis for bladder cancer patients. YTHDC1 and WTAP may be protective factors (HR < 1, P < 0.05), while IGF2BP2, ALKBH5, IGF2BP3, and FTO are risk factors for bladder cancer (HR > 1, P < 0.05).




Figure 1 | Genetic and expression characteristics of the 23 m6A regulatory genes in bladder cancer. (A) Depending on the correlation among the 23 m6A regulatory genes, these were divided into four groups: Cluster A, red; Cluster B, blue; Cluster C, green; Cluster D, purple. The dot in the middle of each circle represents the influence of the m6A regulator on OS, the favorable factors for OS are shown in green, and the risk factors are shown in black. The size of each circle represents the log-rank test p-value of the influence of the m6A regulator on OS (expressed as log10 value). The line connecting the two m6A regulatory factors represents the interaction between the factors; the red connection represents the positive correlation, and the light blue represents the negative correlation between the two factors. (B) Waterfall diagram showing 23 mutations of m6A regulator in bladder cancer. Each column represents the patient, each color represents the mutation type, and gray indicates that there is no mutation in the gene in the sample. The bar graph above shows the TMB, and the number on the right shows the mutation frequency of each regulator. (C) The mutation mode of 23 m6A regulatory factors; azure represents co-occurring mutations, brown represents mutually exclusive mutations, * P < 0.05, · P < 0.1. (D) The expression levels of 23 m6A regulatory factors in cancer and normal tissues. Tumor, red; normal, blue. The top and bottom of the box indicate the quartile range of the value, the lines in the box represent the median value, and the black dot represents the abnormal value. *P < 0.05; **P < 0.01; ***P < 0.001; ****P < 0.0001; ns P > 0.05. (E) The forest map shows the univariate Cox analysis results for the impact of 23 m6A regulatory factors on the OS of bladder cancer patients. Red represents risk factors, and the green represents protective factors.





Three Different m6A Modification Patterns Defined by the 23 m6A Regulatory Factors

Based on the gene expression of the 23 m6A regulatory factors, 407 patients with bladder cancer were classified using the R-package ConsensusClusterPlus. Our analysis showed that 3 clusters were optimal (Figures 2A, B and Supplementary Figure 1A–D) and the principal component analysis showed that all patients could be well classified into three subtypes (Figure 2C), and we identified three different m6A modification patterns in 407 patients with bladder cancer, which we named Cluster 1-3. We plotted a heatmap (Figure 2D) and boxplot (Figure 3A) for the expression of the 23 m6A regulatory factors in Cluster 1-3 and found that the expression of IGF2 BP1, IGF2BP2, IGF2BP3, KIAA1429, and RBM15 in Cluster 2 was lower than in the other clusters (P < 0.01), while the expression of METTL3, RBM15B, YTHDC1, YTHDC2, YTHDF1, YTHDF2, YTHDF3, and ELAVL1 was higher in Cluster 2 than the other clusters. Significantly higher overall survival was observed in the patients who had m6A modifications from cluster 2 (Figure 3B). To better understand the potential differences between the three m6A modification patterns, we compared them with the published molecular typing of bladder cancers, including Baylor, MDA, CIT-Curie, and UNC (Figure 3C). Using the CIT classification, Cluster 1 and Cluster 3 showed more of MC7 subtypes; whereas, more MC1 subtypes were seen in Cluster 2; Using the Baylor classification, Cluster 1 and Cluster 3 had more basal subtypes, and Cluster 2 contained more differentiated subtypes; based on the UNC classification, the basal subtype was more frequent in Cluster 1 and Cluster 3 than the luminal subtype, while Cluster 2 showed the opposite result. To further characterize the molecular differences between the RNA based subtypes, we analyzed the expression of 23 regulatory genes associated with bladder cancer (41–47), including the steroid hormone receptors ESR1/2, AR, and PGR, the nuclear receptors PPARG, three RARs (A/B/G), and three RXRs (A/B/G), the receptor tyrosine kinases ERBB2/3 and FGFR1/3, and the transcription factors FOXA1, FOXM1, GATA3/6, HIF1A, KLF4, STAT3, and TP63, We found significant differences in the expression of most regulators between Cluster 2 and the other two m6A subtypes. The expression of RARG, FGFR3, RXR3, FOXA1, ERBB3, AR, ERBB2, PPARG, GATA3, ESER2, and RXRB in Cluster 2 was significantly higher than that in Cluster 1 and Cluster 3, while the opposite relation was found for STAT3, FOXM1, EGFR, HIF1A, GATA6, FGFR1, and RARB (Figure 3D). Further, we identified differences in the mutation of 20 genes in the three m6A modification patterns as shown in the waterfall diagram (Supplementary Figure 1E). and we analyzed the difference in Copy number alterations across three m6A modification patterns. (Supplementary Figures 2, 3).




Figure 2 | The expression of 23 kinds of m6A regulatory factors identified three different methylation patterns. (A, B) According to the expression of 23 m6A regulatory factors, we classified 407 bladder cancer patients, and 3 was the optimal cluster number. (C) Principal component analysis showed that that all patients could be well classified into three subtypes. (D) Heatmap display showing the expression of 23 m6A regulatory factors among three different m6A modification patterns. The relationship between different m6A modification patterns and clinical features such as OS, m6Ascore, MDA typing, TCGA typing, status, gender, stage, etc.






Figure 3 | Characteristics of three different methylation patterns of m6A. (A) The expression of 23 m6A regulatory factors varied among the three different m6A modification patterns. The upper and lower end of the box indicates the quartile range of the value, the lines in the box represents the median value, the black dot represents the abnormal value, and the asterisk represents the statistical p-value, *P < 0.05; **P < 0.01; **P < 0.001, ***P < 0.0001, ****P < 0.0001. (B) The KM curve shows the difference in the effects of the three m6A modification patterns on OS. (C) Comparative analysis of three different m6A modification patterns and molecular typing of bladder cancer, including Bayol classification, MDA typing, CIT Curie typing, and UNC typing. (D) The upper and lower ends of the box represent the quartile range of values, the lines in the box represent the median value, and the black dots represent the abnormal values. The asterisk represents the statistical p-value, *P < 0.05; **P < 0.01; *P < 0.001, ***P < 0.0001, ****P < 0.0001, ns P > 0.05.





Difference in Immune Cell Infiltration Characteristics in the Tumor Immune Microenvironment for Different m6A Modification Patterns

To reveal the role of m6A modification patterns in TME immunoregulation, we calculated the abundance of 28 cellular subsets in each patient sample. The heatmap shows the average difference in the infiltration level of 28 types of immune cells in the three different m6A modification patterns (Figure 4A, Supplementary Tables 2, 3), We found significant differences in the characteristics of cellular infiltration in the TME; Cluster 2 is characterized by immunosuppression, and most of the infiltrating cells are immune cells. The infiltration level was significantly lower than that of cluster1 and cluster3 (Supplementary Figure 4A). In addition, the anti-tumor immunity score and the pro-tumor immunity score of Cluster 2 were significantly lower than that of Cluster 1 and Cluster 3 (Supplementary Figures 4B, C), and the pro-tumor score of Cluster 2 is significantly higher than in Cluster 1 and Cluster 3 (Figure 4B). The ESTIMATE algorithm can estimate the ratio of the immune and matrix components of each sample in the TME, which is presented in the form of three scores: the immune score, stromal score, and the ESTIMATE score. We found that the three scores in Cluster 2 were significantly lower than those in Cluster 1 and Cluster 3 (Figure 4C), suggesting that m6A methylation may be involved in regulating the type of TME infiltrating cells and play a central role in immune regulation. However, the mechanism for how m6A modification affects the immunophenotype is unclear. Therefore, we analyzed the correlation between the 23 m6A regulatory factors and the 28 types of immune cells (Figure 4D). A heatmap of the correlation showed that the m6A regulators were highly correlated with most of the immune cells, and WTAP, IGF2BP2, and IGF2BP3 showed the most significant correlation with most immune cells. Further, YTHDF2, YTHDC1, METTL3, and ELAVL1 showed a high negative correlation with most immune cells, indicating that these regulators may play an important role in the differentiation and recruitment of immune cells. To further explore the possible role of m6A related phenotypes in immunotherapy, we studied the difference in the expression of the immune checkpoint related genes CD274, PDCD1LG2, CTLA4, LAG3, PDCD1, HAVCR2, TIGIT, and the CD8+T cell marker genes including CD8A, GZMB, CXCL9, CXCL10, PRF1, TBX21, and CD8B in the three different m6A modification patterns (Figure 4E, F). Our results showed that the expression of these genes in Cluster 2 was significantly lower than that in Cluster 1 and Cluster 3 (P < 0.0001). The results suggest that m6A methylation affects the type of TME infiltrating cells, and Cluster 2 had a significantly lower level of immune cell infiltration related to the immune checkpoint than the other two modification patterns. The gene expression in Cluster 2 is significantly low, and we speculated that the response to immunotherapy in patients showing Cluster 2 type m6A modifications may be worse than that of Cluster 1 and Cluster 3.




Figure 4 | Effect of m6A modification on immune cell infiltration and immune checkpoint expression in the tumor immune microenvironment. (A) The thermogram shows the difference in the average level of 28 kinds of immune cell infiltration among three different m6A modification patterns, the asterisk represents the statistical p-value (*P < 0.05; **P < 0.01; ****P < 0.0001). (B) The violin box chart shows the difference in Pro-tumor score, the asterisk represents the statistical p-value (*P < 0.05; **P < 0.01; ****P < 0.0001, ns P > 0.05). (C) The ESTIMATE algorithm estimates the ratio of immune and matrix components of each sample in TME. The histogram shows the difference in immune score, stromal score, and the ESTIMATE score among the three different m6A modification patterns. The asterisk represents the statistical p-value (*P < 0.05; **P < 0.01; ****P < 0.0001). (D) Thermogram showing the 23 m6A regulatory factors that were correlated with 28 kinds of immune cells. The darker color indicates a higher correlation. The asterisk represents the statistical p-value (*P < 0.05, **P < 0.01). (E, F) The Box plot shows the immune checkpoint-related gene (E) and the CD8+T cell marker gene (F) among the three different m6A modification patterns.





Enrichment of DEGs and Signaling Pathways Involved in the Different Modes of m6A Modification

To reveal the biological differences among the three different m6A modification patterns, we undertook expression profiling of the patient tissue samples and identified 403 DEGs (Figure 5A). The Circos diagram shows the overlap of the DEGs obtained by pairwise comparison of the three different m6A modification patterns. Cluster 2 had more DEGs than did Cluster 1, and there are more common genes in the list of DEGs obtained for Cluster 1 than that obtained for Cluster 2, and between Cluster 3 and Cluster 2 (Figure 5B). In Figure 5B, the blue lines connect genes belonging to the same ontology term showing the number of functional overlaps between different groups.




Figure 5 | Enrichment of different gene signaling pathways in different m6A modification patterns. (A) Heatmap showing the expression of different genes in three different m6A modification patterns. (B) Circos diagram showing the overlap of differentially expressed genes by pairwise comparison of three different m6A modification patterns. Each arc in the outer circle represents the comparison group, and each arc in the inner circle represents a gene list. Each gene has a point on the arc. Dark orange represents the genes that appear in multiple lists, and light orange represents the only gene in the list. The purple line indicates the overlap between genes. The more purple links and the longer the dark orange arc, the higher the overlap between input gene lists, where they fall into the same ontology term (the term has to be statistically significantly enriched and with a size no larger than 100). (C) The thermogram shows the enrichment of gene signaling pathways with different m6A modification patterns. The heat map cells are colored by their p-values, and the white cells indicate that the term lacks enrichment in the corresponding gene list. (D) Selected representative signal paths shown in a network layout. Each signal path is represented by a circular node, whose size is directly proportional to the number of input genes in the term. The color represents the cluster identity, i.e., nodes with the same color belong to the same cluster. Terms with similarity score > 0.3 are linked by edges (the thickness of the edge represents the similarity score). The network was visualized using Cytoscape (v3.1.2). (E) GSEA of the marker gene set downloaded from the MSigDB database. All transcripts were sequenced according to the multiple variations (log2) obtained using the different analyses among three different m6A modification patterns. GSEA analysis evaluated the skewness of the two distributions of the selected gene set in the sequenced gene list.



We used Metascape (36) to analyze the enrichment of signaling pathways between the different m6A modification classes. The results are shown in the heatmap which is colored by p-values, and the white cells indicate a lack of enrichment of the term in the corresponding gene list (Figures 5C, D, and Supplementary Figures 5A, B). Additionally, a GSEA was performed for further signaling pathway enrichment analysis (Figure 5E), IL2/STAT5 signaling, EMT, inflammatory response, interferon-gamma response, and TNFα signaling via NFκB were enriched in Cluster 1. Allograft rejection, complement, EMT transition, inflammatory response, kras signaling are enriched in Cluster 3. These signaling pathways involve different core biological processes, most of which are related to the regulation of immunity, and some of them have been confirmed to have a correlation in immunotherapy (48–50), which provides a basis for further exploration of the effect of m6A modifications on the immunophenotype.



The m6A Score Is an Important Prognostic Biomarker and Predictor of Bladder Cancer

We constructed and evaluated a scoring system called the m6Ascore to quantify the level of m6A modification in each patient sample by ssGSEA, taking into account the individual differences and complexity of the m6A modification. First, we conducted a survival analysis using the m6Ascore and found that patients with high m6Ascore had a poor prognosis (p = 0.036, Figure 6A). There were also significant differences in the m6Ascore among the three different m6A modification patterns, with the lowest and highest m6Ascores being assigned to Cluster 3 and Cluster 2, respectively (Figure 6B). Next, we analyzed the differences in m6Ascore in the MDA cancer subtype and found the highest score for the basal subtype, followed by the luminal subtype, with the lowest expression level observed in the p53-like subtype (Figure 6C). To explore the potential biological relevance of m6Ascore, we classified 407 patients into a high m6Ascore group and a low m6Ascore group based on the expression level of the 23 m6A regulators. We first examined the difference in the composition of immune cells between the two patient groups (Figure 6D). Our results showed that CD56dim natural killer cells, central memory CD4T cells, eosinophils, mast cells, monocytes, and type 17 T helper cells showed a significantly low enrichment in the high m6Ascore group. Further, the activated CD4+ T cells, memory B cells, natural killer T cells, neutrophils, and type 2 T helper cells showed highly significant enrichment in the low m6Ascore group. We analyzed the DEGs, and additionally examined the signaling pathways showing enrichment via GO and KEGG pathway analysis between the two groups. The pathways showing enrichment for molecular function (MF), cellular component (CC), and biological process (BP) via GO analysis were examined. Signaling pathways enriched for BP include the xenobiotic metabolic process, hormone metabolic process, epidermis development, etc.; pathways enriched for CC included the apical part of the cell, apical plasma membrane, cornified envelope, etc.; and pathways enriched for MF include monooxygenase activity, serine-type endopeptidase activity, and other signaling pathways (Supplementary Figures 5C–E). A KEGG pathway analysis showed that the DEGs were mainly enriched in glutathione metabolism, ether lipid metabolism, and other signaling pathways (Supplementary Figure 5F). A GSEA analysis (Figures 6E, F) showed that pathways for the inflammatory response, interferon-gamma response, myc targets V1, TNFα signaling via NFκB, and other genes were concentrated in the high m6Ascore group. These results strongly suggest a significant correlation between a high m6Ascore and immune activation. The results also demonstrate the central role of m6A methylation in different biological processes in bladder cancer, including different aspects of immune regulation. The m6Ascore may be used to evaluate the characteristics of immune cell infiltration in bladder cancer tissue to predict the clinical response of patients to immunotherapy. Thus, the m6Ascore may have the potential to be used as an independent prognostic biomarker to predict the OS rate of patients, guiding more effective clinical practice.




Figure 6 | Relationship between m6Ascore and the characteristics of bladder cancer. (A) KM survival curve showing the effect of m6Ascore on OS in the TCGA-BLCA cohort. (B, C) The difference of m6A score among three different m6A modification patterns (B) and MDA typing (C). The asterisk represents the statistical p-value (*P < 0.05; **P < 0.01; ****P < 0.0001). (D) According to the expression of the m6Ascore,407 patients were classified into a high m6Ascore group and a low m6Ascore group. The histogram shows the expression difference of 28 kinds of immune cells between the two groups. (E, F) All transcripts were sequenced according to the multiple variations (log2) obtained by the two groups in the analysis. GSEA analysis evaluated the skewness of the two distributions of the selected gene set in the sequenced gene list.





Effect of m6A Methylation Modification on Anti-PD-L1 Immunotherapy for Bladder Cancer

To explore the potential effect and mechanism of m6A methylation on immunotherapy for bladder cancer, we obtained data for the IMvigor210 cohort, which is an open-label, multicenter, single-arm phase II clinical study to evaluate the safety and efficacy of Tecentriq, an anti-PD-L1 agent, in patients with advanced urothelial cancer (Supplementary Table 4). Patients who responded in whole or in part were classified as responders and were compared with non-responders who showed the incidence of stable or progressive disease. We performed an unsupervised clustering using data for mRNA expression for the 23 m6A regulatory factors from all patients. We identified three different m6A modification patterns and calculate the m6Ascore for subsequent analysis. Additionally, we performed a combined heatmap-based analysis (Figure 7) to find the correlation between the different m6A methylation modes and the Lund and TCGA molecular typing for the anti-PD-L1 based immunotherapy. Further, for the three groups of m6A modification patterns, we also analyzed the differences in PD-L1 expression in immune cells (IC) and tumor cells (TC), patients’ response to anti-PDL1 efficacy, TMB, m6Ascore, and the important gene mutations prevalent in bladder cancer. We also analyzed the differences in the expression of genes in important biological pathways for bladder cancer (51), including the FGFR3 gene signature; CD8 Teff signature; antigen-processing machinery; immune checkpoint signature; MKI67 and cell cycle genes; DNA replication-dependent histones; DNA damage-repair genes; TGFβ receptor and ligand; F-TBRS genes; EMT markers; and the angiogenesis signature. In the comparison between the different m6A modification patterns and the TCGA and Lund classification using a heat map-based analysis, we found that most genes in Cluster 1 were classified as subtype I and the least as subtype IV. For the Lund classification, we observed that the UroA subtype had the highest proportion in Cluster 1, the Inf type has the highest proportion in Cluster 2, and the SCCL subtype was more enriched in Cluster 1. Additionally, we found that the Cluster 3 modification mode had higher levels of PD-L1 expression in immune cells and tumor cells, a higher proportion of CR/PR (Figure 7 and Figure 8A). These results suggest that m6A methylation may be involved in the response to anti-PDL1 therapy. Additionally, among the three different m6A methylation patterns in bladder cancer, there were differences in gene mutations (51) for TP53, RB1, FGFR3, CDKN2A, ERBB2, and PIK3CA. Patients had a greater number of FGFR3 and CDKN2A mutations in Cluster 1 than in Cluster 2 or Cluster 3, while the converse was true for TP53 mutations. There were significant differences among the three m6A modification patterns in most gene sets. The expression of the FGFR3 gene signature (FGFR3, TP63, WNT7B) in Cluster 1 was significantly higher than in the other two groups, while the CD8 Teff signature (CD8A, GZMA, GZMB, PRF1, CXCL9, CXCL10, TBX21),antigen-processing machinery (TAP1, TAP2, B2M, HLA-A, HLA-B, HLA-C), and the immune checkpoint signature (CD274, PDCD1LG2, CTLA4, PDCD1, LAG3, HAVCR2, and TIGIT) are less expressed in Cluster 1 than the other two modification patterns, and are highly expressed in the Cluster 3 subgroup. The CD8 Teff and the immune checkpoint signatures are often used to predict the efficacy of immunosuppression in patients with immune checkpoint suppression; a higher expression level is linked to better clinical outcomes (5, 52). Additionally, our results indicated that the expression of MKI67 and cell cycle genes; DNA replication-dependent histones; DNA-repair genes are significantly higher in Cluster 3; TGFβ receptor and ligand; F-TBRS genes; EMT markers; angiogenesis signature show significantly increased gene expression in Cluster 2. We have observed that there are more compact types and fewer read types in Cluster 1. Compared with Lund typing, there are more SCCL types in Cluster 1, more UroA types in Cluster 1, and more infs types in Cluster 2 (Figure 8A). We found differences in m6Ascore levels among the three m6A modification patterns, with the lowest m6Ascore level found in Cluster 2, while the m6Ascore of Cluster 3 and Cluster 1 were the same, with no significant difference (Figure 8B). Differences in the m6Ascore were also observed in immunophenotyping, with the excluded subtype having the highest m6Ascore, and no significant difference in m6Ascore found between the inflamed and desert subtypes (Figure 8C).




Figure 7 | Characteristics of m6A modification in anti-PD-L1 immunotherapy cohort of bladder cancer. Heatmap representing all patients evaluated for anti-PD-L1 response, First, the sequence was based on the modified mode of m6A, next by the molecular subtype, PD-L1 expression on cells (IC), PD-L1 expression on cells (TC), and the reaction to atezolizumab. The m6Ascore and TMB levels of each patient are shown, and the mutation status of several genes of interest (black, mutation; gray, patients without mutation data) are shown. In addition, the lines of the heat map show the expression of the genes of interest (z-score), which are divided into the following biological classes and/or pathways: (A) FGFR3 gene signature; (B) CD8 Teff signature; (C) antigen-processing machinery; (D) immune checkpoint signature; (E) MKI67 and cell cycle genes; (F) DNA replication-dependent histones; (G) DNA damage-repair genes; (H) TGFβ receptor and ligand; (I) F-TBRS genes; (J) EMT markers; (K) angiogenesis signature.






Figure 8 | Effect of m6A modification mode on the treatment of bladder cancer with PD-L1. (A) From left to right, the stacking histogram shows the relationship between the three kinds of m6A modification patterns and PD-L1 expression on immune cells (IC), PD-L1 expression on tumor cells (TC), response to atezolizumab, and Lund typing. (B) m6Ascore difference between 3 different m6A modification patterns. The asterisk represents the statistical p-value (*P < 0.05; ****P < 0.0001, ns P > 0.05). (C) The difference in m6Ascore among the three immunophenotypes; the asterisk represents the statistical p-value (*P < 0.05; ****P < 0.0001). (D) Spearman correlation was used to analyze the relationship between the m6Ascore and known gene characteristics in the IMvigor 210 cohort. The larger the circle, higher the correlation. (E) KM curve showing the effect of m6Ascore on OS in the IMvigor210 cohort. (F) Using the SubMAP algorithm, we predicted response to the anti-PD1 and anti- cytotoxic T-lymphocyte-associated protein 4 (CTLA4) immunotherapy in the groups with high and low m6A score. High IC score group may respond better to the PD-1 treatment (Bonferroni-corrected P = 0.03).



Next, we analyzed the correlation between m6Ascore and biological pathway gene scores (39) in bladder cancer (Figure 8D). The m6Ascore was positively correlated with the scores for DNA replication, mismatch repair, Fanconi, base excision repair, nucleotide excision repair, homologous recombination, cell cycle, and DDR, and negatively correlated with EMT2, EMT1, immune checkpoint, CD8 T effector, APM, etc. The effect of the m6Ascore on OS was observed by plotting the KM curve, which indicated that a higher m6Ascore had a poor prognosis (P = 0.032, Figure 8E). Using the SubMAP algorithm, we predicted response to the anti-PD1 and anti- cytotoxic T-lymphocyte-associated protein 4 (CTLA4) immunotherapy in the groups with high and low m6A score. High m6Ascore group may respond better to the PD-1 treatment (Bonferroni-corrected P = 0.03)



FTO Might Play an Important Role in Anti-PD-L1 Immune Checkpoint Therapy

The results from our data analysis showed that patients with high expression of FTO had a poor prognosis in the IMvigor210 cohort (p = 0.0035; Figure 9A) and there were differences in FTO expression in the three groups (Figure 9B). We also queried the predictive value of FTO expression in the cohort for anti-PD-L1 immunotherapy and found that there was a significant difference in FTO expression between non-responders and objective remission groups. Non-responsive patients showed significantly higher FTO expression (Figure 9C), suggesting that FTO may play an important role in the anti-PD-L1 treatment of bladder cancer. Upon further examination, FTO expression was positively correlated with the EMT signaling pathway and negatively correlated with the DDR/cell cycle, nucleotide excision repair, Fanconi anemia pathway, and other signaling pathways (Figure 9D), and additionally, was negatively correlated with the protein level of PD-L1 in immune cells (Figure 9E). FTO had no significant correlation with the total PD-L1 level in tumor cells (Figure 9F). The analysis of data from the TCGA database showed that the prognosis of patients with a high expression of FTO was worse (p = 0.0015; Figure 9G), and FTO expression was higher in patients with a high stage of bladder cancer (Figure 9H). Additionally, the enrichment results of FTO-related gene pathways showed that FTO may be involved in the regulation of focal adhesion, the Hippo signaling pathway, the TGF-β signaling pathway, and other signal pathways (Figure 9I). Previous studies have confirmed that the activation of EMT and TGF-β related pathways reduces T cell migration to tumors and weakens their tumor-killing effect (5, 51). Therefore, FTO may play an important role in the occurrence and development of bladder cancer, the efficacy of anti-PD-L1 immune checkpoint therapy, and might be useful for predicting the prognosis.




Figure 9 | Characteristics of FTO in the TCGA-BLCA cohort and anti-PD-L1 treatment cohort. (A) KM curve showing the effect of FTO on OS in the IMvigor 210 cohort. (B) The difference in FTO expression among the three different m6A modification patterns in the IMvigor 210 cohort; the asterisk represents the statistical p-value (**P < 0.01; ****P < 0.0001, ns P > 0.05). (C) The difference in FTO expression between responders (CR/PR) and non-responders (SD/PD) in the IMvigor 210 cohort; the asterisk represents the statistical p-value (**P < 0.01; ****P < 0.0001). (D) Spearman’s correlation was used to analyze the correlation between FTO expression and known gene characteristics in the IMvigor 210 cohort. Blue, negatively correlated; orange, positively correlated; and the larger circle indicates a higher correlation. (E, F) The relationship between FTO expression and PD-L1 expression in immune cells (IC), and PD-L1 expression in tumor cells (TC). The asterisk represents the statistical p-value (**P < 0.01; ****P < 0.0001, ns P > 0.05). (G) KM curve showing the effect of FTO on OS in the TCGA-BLCA cohort. (H) Box plot showing the difference in FTO expression between stage I and II and stage III and IV; the asterisk represents the statistical p-value (**P < 0.01; ****P < 0.0001). (I) Pearson correlation was used to calculate the correlation between FTO and all other protein-coding genes, and genes with a correlation coefficient R >= 0.03, and p < 0.05 were selected as FTO-related genes. These genes were enriched by KEGG signaling pathway analysis to study FTO function.





FTO Could Be Involved in the Occurrence and Development of Bladder Cancer

We examined the nuclear, cytoplasmic, and overall expression levels of FTO in nine human bladder cancer cell lines: BIU87 cells, 5637 cells, T24 cells, EJ cells, RT4 cells, J82 cells, UM-UC-3 cells, TCCSUP cells, and human bladder epithelial immortalized SV-huv-1 cells (Figure 10A). Using immunofluorescence two cell lines with high FTO expression (EJ and T24 cells) and two cell lines with low FTO expression (BIU87 and RT4) were identified. We found that FTO was expressed in both cytoplasm and nucleus of these cell lines (Figure 10B). Subsequently, we knocked down the FTO in EJ and RT4 using siRNA. CCK-8 examination revealed that cell proliferation was reduced in the si-FTO group (Figure 10C), and transwell assays showed reduced cell invasion in the si-FTO group (Figure 10D). Flow cytometry revealed increased apoptosis after the knockdown of FTO (Figure 10E). The level of total cellular FTO-m6A enzyme activity was significantly increased (Figure 10F), and total FTO protein was decreased in the si-FTO group (Figure 10G). These results confirm the critical role of FTO in bladder cancer.




Figure 10 | FTO could be involved in the occurrence and development of bladder cancer in vitro. (A) Western Blot method to detect nuclear, cytoplasmic, and overall expression levels in BIU87 cells, 5637 cells, T24 cells, EJ cells, RT4 cells, J82 cells, UM-UC-3 cells, TCCSUP cells, and human bladder epithelial immortalized SV-huv-1 cells. (B) IF immunofluorescence method to detect the cellular localization of FTO protein. (C) Cell Counting Kit-8(CCK-8) to detect the proliferation level of each group of cells. (D) Transwell method to observe the invasion level of each group of cells. (E) Flow cytometry method to detect apoptosis in each group. (F) Detection of m6A enzyme activity level in each group. (G) Western Blot method to detect the FTO expression level after siRNA knockdown. The histogram data for each group is the average of three independent replicates; bars represent mean ± SD; *P < 0.05, **P < 0.01, ***P < 0.001, ****P < 0.0001.



According to our previous study (53), we confirmed the existence of important modification sites K216 for FTO protein, including K216R, K216H, K216S, and K216E. We constructed plasmids and transfected them into BIU87 and RT4 cells, as well as detected the expression of FTO protein in each group by WB (Western blot) (Figure 11A). The apoptosis was increased in the FTO-MT (K216H) and MT (K216E) groups (Figure 11B), and the cell invasion was significantly reduced in the FTO-MT (K216H) and MT (K216E) groups as observed by transwell assay (Figure 11C), and the total FTO-m6A enzyme activity level was significantly increased in these two groups (Figure 11D). The above results suggest that K216H and K216E are the important targets for regulating FTO in the future.




Figure 11 | K216H and K216E are the potential important targets for regulating FTO. (A) Western Blot method to detect the expression level of FTO in each group. (B) Flow cytometry method to detect apoptosis in each group of cells. (C) Transwell method to observe the level of cell invasion in each group. (D) Detection of m6A enzyme activity in each group. The histogram data for each group is the average of three independent replicates; bars represent mean ± SD; *P < 0.05, ***P < 0.001, ****P < 0.0001, ns P > 0.05.






Discussion

More than 150 RNA modifications have been identified in all organisms, including 5-methylcytosine (m5C), N6-methyladenosine (m6A), and N1-methyladenosine (m1A), of which the m6A RNA methylation is considered to be the most prominent and abundant form of internal modification in eukaryotic cells (54). The study of m6A modification in cancer is a new field of cancer research, which may reveal a new layer of epigenetic regulation in cancer, and provide new insights into the tumorigenesis, immune response, and the molecular mechanisms underlying drug resistance during therapy. Additionally, it may lead to the development of new, effective treatments (55) through the use of effective inhibitors targeting maladjusted m6A regulatory factors alone (or editing targeted mutant or dysfunctional m6A sites through targeted transcriptomics), or in combination with other therapies. Targeting the m6A modification may have a strong therapeutic potential for the treatment of all types of cancers, especially those that are resistant to existing treatments (56).

Due to technical and resource constraints, most studies have focused on a single TME immune cell type or a single m6A. The overall infiltration characteristics of the TME mediated by the combined effects of multiple m6A regulators have not been widely analyzed (57, 58). The modification of m6A is a reversible process that is affected by various writers, erasers, and readers. In this study, we explored the effects of multiple m6A regulators on the infiltration of immune cells in the TME of bladder cancer, the molecular mechanisms underlying m6A modification in bladder carcinogenesis, the immune response, and the drug resistance of immune checkpoint inhibitors. We also provide new insights into the role of m6A modification patterns in TME cell infiltration and developing more effective immunotherapy strategies.

We classified patients with bladder cancer based on the expression of 23 m6A regulatory molecules and identified three different m6A modification patterns. We found that Cluster 2 showed unique specificity compared with the other two types. A quantification of 28 immune cells in the immune microenvironment of bladder cancer using the ssGSEA algorithm showed that Cluster 2 had a low level of immune cell infiltration characterized by immune inhibition, which corresponds to the immune desert phenotype. Furthermore, an analysis performed using the ESTIMATE algorithm showed that the stromal and immune scores in Cluster 2 were lower than the other two subtypes, which corroborates our previous results. The expression of immune checkpoint and CD8+T cell markers were lower in Cluster 2 than in the other two groups, and studies have shown that the expression of these markers is highly sensitive to immune checkpoint inhibitors (52). Thus, different m6A modification patterns are significantly related to immune activation, and a comprehensive evaluation of the m6A modification patterns will enable the understanding of the characteristics of TME cell infiltration. An analysis of DEGs between the different m6A modification patterns uncovered m6A-related signaling pathway genes. These were mainly enriched in the biological pathways related to the matrix and immune activation. In the anti-PD-L1 treatment cohort, we identified three different m6A modification patterns and found significant differences in gene expression and mutations in biological pathway genes associated with the three subtypes of bladder cancer. We constructed a scoring system to quantify and evaluate the m6A modification level in a single tumor and found that a high m6Ascore was related to poor prognosis in the TCGA and anti-PD-L1 cohorts. Patients with a high or low m6Ascore showed differences in immune cell infiltration in the tumor immune microenvironment. A GSEA signaling pathway analysis indicated that the high and low m6Ascore are mainly enriched in the matrix and immune-related signaling pathways. Together, these results indicate that the m6A score is a reliable tool for the comprehensive evaluation of m6A modification patterns in tumors in individuals, and to determine the mode of infiltration in the TME. The expression and gene changes for m6A regulatory factors are related to a variety of biological processes, especially the matrix and immune activation. Our findings may provide new impetus for improving the clinical response of patients with bladder cancer to immunotherapy, the identification of different immunophenotypes in bladder cancer, and promoting individualized immunotherapy.

The role of FTO in cancer has recently garnered increasing attention. Previous studies conducted by our team have shown that FTO-mediated m6A modification plays an important role in hepatocellular carcinoma, and the SIRT1 deacetylase can play a carcinogenic role by down-regulating FTO. FTO is an RNA demethylase that can remove the methylation of m6A in mRNA both in vitro and in vivo (59, 60). FTO has catalytic demethylation activity for both cap-m6Am and internal m6A. As the abundance of m6A in mRNA is much higher than that of its preferred binding target m6Am, the main target of FTO is m6A (61). Reports indicate that the FTO-mediated demethylation of cap-m6Am leads to mRNA degradation (62), but the evidence for this is inconsistent. PCIF1 is the cap-m6Am methyltransferase, which processes cap-m6A alone but not internal m6A. Reports indicate that the cap-m6Am added by PCIF1 does not change the level of gene expression or the stability of transcripts (63–65). Additionally, studies (66) have found that the spatial distribution of FTO can also play a regulatory role. The N-terminus of FTO has an NLS, which can be partially distributed in the nucleus and the cytoplasm, and the distribution of FTO is different in different cell lines, its role and regulation being affected by the environment. Yang et al. (20) have shown that the induction of FTO can be used as an adaptive mechanism to combat metabolic stress in melanoma cells, thus increasing their proliferation, invasion, and migration, and promoting the tumorigenesis and development of melanoma in mice. Further, the authors showed that an FTO knockout can increase m6A methylation in key oncogenic melanoma cells, including the loci for PD-1 (PDCD1), CXCR4, and SOX10. The inhibition of FTO makes melanoma cells sensitive to interferon-γ (IFN-γ) and anti-PD-1 therapy in mice, indicating that FTO plays an important role in promoting the occurrence of melanoma and anti-PD-1 drug resistance. The role of m6A involvement with FTO in bladder cancer had not been reported, and we found that in the TCGA and IMvigor210 cohorts, patients with high FTO expression had a poor prognosis, and the expression of FTO was higher in patients with a higher stage of bladder cancer.

In addition, we analyzed the predictive value of FTO expression in the cohort subjected to anti-PD-L1 immunotherapy, and found that there was a significant difference in FTO expression between the non-responders and the objective remission group. The level of FTO expression in the patients non-responsive to anti-PD-L1 therapy was significantly higher than in patients in remission. The data showed that FTO expression was negatively correlated with the protein level of PD-L1 in immune cells (Figure 9E), was positively correlated with the EMT signaling pathway, and negatively correlated with DDR, cell cycle, nucleoside exercise repair, Fanconi anemia pathway, and other signaling pathways. The enrichment of FTO-related gene pathways indicated that FTO might be involved in the regulation of focal adhesion/Hippo signaling pathway/TGF-β signaling, these results suggest that FTO plays an important role in bladder cancer. The combination of FTO targeted regulation and anti-PD-L1 blockers may have great therapeutic potential for reducing the resistance of bladder cancer to immunotherapy. Thus, this study furthers the understanding of the regulation of m6A modification in the tumor immune microenvironment of the bladder cancer and contributes to the development of new predictive indicators, drug combination strategies, and new immunotherapeutic strategies for cancer immunotherapy. However, its specific role and mechanism need further experimental study.

In this study, we systematically analyzed the mutation and correlation of 23 kinds of m6A regulatory factors in bladder cancer, and their effects on OS and immune invasion, We found three different patterns of m6A modification and compared them with other important molecular types of bladder cancer, such as MDA, Lund, and Baylor, the effects of the three kinds of m6A modification patterns on the mutation characteristics, clinicopathological characteristics, gene expression, immune cell infiltration level, and gene expression level of immune checkpoint regulators were comprehensively analyzed. Further, we investigated the effect of m6A modification mode on the therapeutic efficacy of bladder cancer immune checkpoint inhibitor anti-PD-L1. Our results confirmed that m6A methylation is involved in the process of immune cell recruitment in the TME of bladder cancer, and may affect the efficacy of anti-PD-L1 therapy. In addition, we established a method to quantify the level of m6A modification (m6Ascore), which we found to be an important and powerful prognostic biomarker and predictor for bladder cancer. Thus, this study furthers the understanding of the regulation of m6A modification in the tumor immune microenvironment of bladder cancer and contributes to the potential development of new predictive indicators, drug combination strategies, and new immunotherapeutic strategies for cancer immunotherapy.



Conclusion

This study comprehensively recognized the role of m6A methylation modification on the invasion characteristics of bladder cancer immune microenvironment cells and the effect on the anti-PD-L1 treatment for bladder cancer. The difference in m6A modification mode is an important factor indicating the heterogeneity and complexity of the tumor microenvironment and the immunotherapy impact. The m6A modification mode helps decipher the molecular mechanisms underlying the immune microenvironment regulation in bladder cancer and provides new predictive indicators, possible auxiliary targets, and directions for guiding more effective immunotherapy strategies in the future.
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Supplementary Figure 2 | GISTIC analysis of foci of recurrent amplification and deletion. Detailed cytoband with focal amplification (A) and focal deletion (B) in Cluster 1, Cluster 2, and Cluster 3 generated with GISTIC 2.0 software. The q value of each locus is plotted horizontally.

Supplementary Figure 3 | Copy number alterations across three m6A modification patterns. Copy number Gistic score (A) and Copy number profiles (B) for Cluster 1, Cluster 2, and Cluster 3, with gains are shown in dark red and losses in midnight blue. Gene segments are placed according to their location on chromosomes, ranging from chromosome 1 to chromosome 22.

Supplementary Figure 4 | Difference of immune cell infiltration characteristics in tumor immune microenvironment for the three m6A modification patterns in the TCGA-BLCA cohort. (A) The box plot shows the difference for 28 immune cell infiltration levels in the three m6A modification patterns; the asterisk represents the statistical p-value (*P < 0.05; **P < 0.01; ***P < 0.001, ****P < 0.0001). (B, C) The differences in the antitumor immunity score and pro-tumor immunity score among three kinds of m6A modification patterns; the asterisk represents the statistical p-value.

Supplementary Figure 5 | Signaling pathway enrichment analysis. (A, B) In the TCGA-BLCA cohort, there are three different m6A modification patterns, and different gene signaling pathways are enriched; the same enrichment network has its nodes displayed as pies. Each pie sector is proportional to the number of hits that originated from a gene list. Color code for the pie sector represents a gene list and is consistent with the colors used for the table rows in the slide. The same enrichment network has its nodes colored by p-value, as shown in the legend. Darker color indicates more statistically significant nodes (see legend for p-value ranges). (C–E) The enrichment analysis of Gene Ontology (GO) signaling pathways in the high and low m6A groups was divided into three parts: C, cellular component (CC); D, biological process (BP); E, molecular function (MF). (F) Enrichment analysis of KEGG signaling pathways of DEGs in high and low m6A groups.
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Introduction

Tumor mutational burden (TMB) and APOBEC mutational signatures are potential prognostic markers in patients with advanced urothelial carcinoma (aUC). Their utility in predicting outcomes to specific therapies in aUC warrants additional study.



Methods

We retrospectively reviewed consecutive UC cases assessed with UCSF500, an institutional assay that uses hybrid capture enrichment of target DNA to interrogate 479 common cancer genes. Hypermutated tumors (HM), defined as having TMB ≥10 mutations/Mb, were also assessed for APOBEC mutational signatures, while non-HM (NHM) tumors were not assessed due to low TMB. The logrank test was used to determine if there were differences in overall survival (OS) and progression-free survival (PFS) among patient groups of interest.



Results

Among 75 aUC patients who had UCSF500 testing, 46 patients were evaluable for TMB, of which 19 patients (41%) had HM tumors and the rest had NHM tumors (27 patients). An additional 29 patients had unknown TMB status. Among 19 HM patients, all 16 patients who were evaluable for analysis had APOBEC signatures. HM patients (N=19) were compared with NHM patients (N=27) and had improved OS from diagnosis (125.3 months vs 35.7 months, p=0.06) but inferior OS for patients treated with chemotherapy (7.0 months vs 13.1 months, p=0.04). Patients with APOBEC (N=16) were compared with remaining 56 patients, comprised of 27 NHM patients and 29 patients with unknown TMB, showing APOBEC patients to have improved OS from diagnosis (125.3 months vs 44.5 months, p=0.05) but inferior OS for patients treated with chemotherapy (7.0 months vs 13.1 months, p=0.05). Neither APOBEC nor HM status were associated with response to immunotherapy.



Conclusions

In a large, single-institution aUC cohort assessed with UCSF500, an institutional NGS panel, HM tumors were common and all such tumors that were evaluated for mutational signature analysis had APOBEC signatures. APOBEC signatures and high TMB were prognostic of improved OS from diagnosis and both analyses also predicted inferior outcomes with chemotherapy treatment.





Keywords: bladder cancer, APOBEC mutational signature, tumor mutational burden, next-generation sequencing, urothelial cancer, hypermutated, biomarkers, immune checkpoint inhibitor (ICI)



Introduction

Urothelial carcinoma (UC) is a common malignancy with treatment options that have advanced significantly in recent years. Most patients are initially diagnosed with non-muscle-invasive bladder cancer (NMIBC) or muscle-invasive bladder cancer (MIBC) but many unfortunately progress to metastatic disease. Patients diagnosed with MIBC in the absence of distant metastases are treated with cisplatin-based neoadjuvant chemotherapy (1). Patients with metastatic or advanced urothelial cancer (aUC), who have distant metastases outside the organ where tumor originated, are generally considered to have incurable disease. However, many options to delay progression and extend survival are available including chemotherapy, immunotherapy (IO), and now increasingly targeted agents as well. The typical 1st line standard of care (SOC) treatment is platinum-based chemotherapy, followed by IO as 2nd line at the time of progression or as switch maintenance therapy. Enfortumab vedotin (EV) is now approved following progression on at least one prior line of therapy and has phase III data supporting its use following progression on platinum-based chemotherapy and IO (2). Sacituzumab govitecan also recently received accelerated approval in treatment-refractory aUC (3).

In recent years this has been a dynamic treatment landscape with a variety of agents and combination therapies being investigated in clinical trials. This rapid expansion of treatment options highlights the need for novel prognostic and predictive biomarkers in aUC since decisions need to be made among multiple available treatment options. These are frequently very consequential decisions as the rate of patient attrition with each successive therapy is high (4). Next-generation sequencing (NGS) and other biomarkers such as tumor mutational burden (TMB), tumor PD-L1 expression and microsatellite instability (MSI) are frequently utilized to make decisions about treatments (5, 6). NGS to identify specific mutations in aUC patients is especially important as one agent in particular, erdafitinib, is now approved for a biomarker selected population of patients with FGFR3 alterations (7).

Numerous NGS platforms are commercially available, but many institutions also have proprietary institutional panels that can detect clinically-relevant alterations. At the University of California, San Francisco (UCSF) the UCSF500 panel utilizes tumor tissue samples to detect 479 oncologic genes and select introns of 47 genes. NGS panels, including UCSF500, can also define TMB which can potentially serve as an important biomarker. Previous analyses have shown that increased TMB is prognostic of longer overall survival (OS) in UC regardless of treatment given (8). High TMB was also associated with improved responses in patients treated with IO in aUC clinical trials, including nivolumab and atezolizumab (9–11). Pembrolizumab has additionally received a tumor-agnostic approval for patients whose tumors have high TMB based on observed clinical benefit (12). On the other hand, the role of TMB as a predictive marker for chemotherapy response is still being explored and available data has not been conclusive (13). Additional prognostic and predictive information may be available from assessment of other biomarkers, including the presence of apolipoprotein B mRNA editing catalytic polypeptide-like (APOBEC) enzyme mutational signature. APOBEC family of enzymes function as cytosine deaminases with a likely role in antiretroviral defense. In bladder tumors and other malignancies they are likely responsible for hypermutation and contribute to cancer mutagenesis (14, 15). Tumors harboring APOBEC mutational signature have been shown to have a higher TMB (16). Previously reported data also suggests that presence of APOBEC signature is prognostic of improved outcomes (17), and may be associated with improved responses to immunotherapy (9, 16). The association of APOBEC mutational signature with chemotherapy responses has not been explored as extensively.

Leveraging data from UCSF500 tumor testing in patients with advanced bladder cancer, we performed a retrospective analysis assessing the prognostic and predictive value of TMB and APOBEC mutational signature in this patient population. We hypothesized that presence of both TMB and APOBEC would be associated with more favorable clinical outcomes and would be predictive of improved responses to immunotherapy while not having predictive value in assessing potential response to chemotherapy.



Materials and Methods


Study Design

This was a single-institution, retrospective study assessing clinical and treatment outcomes in urothelial carcinoma patients whose tumor tissue was assessed with UCSF500, an institutional NGS assay. Eligible patients had to meet the following criteria: 1) have a pathologically documented diagnosis of bladder cancer, upper tract urothelial cancer or urethral cancer, 2) have available UCSF500 results from a tumor biopsy sample, and 3) have demographic, clinical, and treatment data available for abstraction from the electronic medical record (EMR). The data for this retrospective review were collected for eligible patients under a UCSF Institutional Review Board (IRB) approved protocol. A total of 75 patients with clinical and treatment data spanning the time period from April 2016 through April 2020 were included in the analysis.



Molecular Analyses

NGS results from tumor samples included in this analysis were obtained using the institutional UCSF500 panel developed and utilized at UCSF. The UCSF500 Cancer Gene Test uses capture-based next-generation sequencing to target and analyze the coding regions of 479 cancer genes, as well as select introns of 47 genes. As part of this test, genomic DNA is extracted from paraffin embedded tumor tissue and a paired normal tissue sample (paraffin embedded or blood sample) if available. Target enrichment is performed by hybrid capture using custom oligonucleotides. Sequencing of captured libraries is performed on an Illumina HiSeq 2500 by a CLIA-certified laboratory: UCSF Genomic Sequencing Services Lab at Institute for Human Genetics (San Francisco, CA). Sequence reads are de-duplicated to allow for accurate allele frequency determination and copy number calling. The analysis uses open source or licensed software for alignment to the human reference sequence UCSC build hg19 (NCBI build 37) and variant calling. Additionally, microsatellite instability analysis is performed with MSIsensor (18).

Patients who had paired tumor and normal tissue samples available were also potentially assessed for TMB and APOBEC mutational signature analysis. Patients who only had tumor samples (no normal samples) were not considered evaluable for TMB or APOBEC as there was no normal sample to remove germline variants. Among patient samples assessed for TMB, hypermutated samples were defined as those with ≥10 mutations per megabase of DNA sequenced (19). Mutational signatures were extracted from the panel sequencing data using deconstructSigs (20). Only samples with ≥50 total somatic mutations were analyzed for mutational signatures, the recommended threshold for deconstructSigs. Trinucleotide counts were normalized for the trinucleotide composition of the UCSF500 panel footprint using the “tri.counts.method” option in deconstructSigs. Version two of the COSMIC mutational signature set was used as reference (21), in addition to a cisplatin mutational signature (22), resulting in a reference set of 31 mutational signatures.



Clinical and Response Assessment

Retrospective chart review of the EMR was undertaken for all patients included in the analysis. Collected data included patient demographics and tumor characteristics. Relevant clinical and treatment characteristics were also collected including dates of initial diagnosis and onset of metastatic disease, administered treatments and treatment responses; and final follow-up and vital status. For patients who were treated in the metastatic setting with chemotherapy or with immune checkpoint inhibitors, the dates of treatment start and finish and responses to treatment were recorded.

Response to and progression on treatment was assessed retrospectively by the chart abstractor based on available information in notes and radiographic studies. Imaging studies used to define treatment response or progression were done at the discretion of the treating provider. Radiology and pathology results were assessed based on information available in the electronic medical record; no central review was performed.

Overall survival (OS) was defined as the time from initial diagnosis until the date of death, if available. For treatment specific outcomes, observed response rate (ORR) was defined by the chart abstractor as the best response to treatment. OS was defined as the time from treatment start until the date of death, whereas progression-free survival (PFS) was defined as the time from treatment start until date of progression or date of death, whichever happened first.



Statistical Analyses

Two major analyses were undertaken as part of this study. As part of the TMB analysis, patients whose tumors were evaluable for TMB were divided into Hypermutated (HM; TMB ≥ 10 mut/Mb) vs. Non-hypermutated (NHM; TMB < 10 mut/Mb) groups and outcomes were compared between these groups. As part of the APOBEC analysis, patients with hypermutated tumors which were detected to have APOBEC mutational signatures were compared to Other (non-APOBEC) patients whose tumors were not known to harbor an APOBEC mutational signature due to either being NHM or having too few mutations to be evaluable for TMB. To assess prognostic outcomes in these comparison groups, we evaluated median OS from initial diagnosis regardless of treatment administered. To assess predictive value of these biomarkers for specific treatments including chemotherapy and immune checkpoint inhibitors in aUC patients, we compared ORR to the treatment for metastatic disease, as well as median PFS and median OS from treatment initiation for metastatic disease.

Continuous variables were summarized using median and range and categorical variables were described with frequency and percent of total. Continuous variables were compared between the groups by Wilcoxon rank sum test and categorical variables were compared between the groups by Chi-squared test. The logrank test was used to assess if there were differences in OS from initial diagnosis, IO initiation, and chemotherapy initiation in addition to PFS from IO initiation and chemotherapy initiation.




Results


Clinical Characteristics

Among 75 eligible patients that underwent UCSF500 testing, 46 patients had tissue evaluable for tumor mutational burden (TMB). Of the 46 evaluable cases, 19 patients were hypermutated, while the remaining 27 patients had non-hypermutated tumors. Of the evaluable hypermutated cases, 16 were positive for APOBEC mutational signatures (Figure 1). The remaining 3 HM patients were found to not be evaluable for APOBEC mutational signature analysis due to insufficient number of mutations. Consequently, they were excluded from further APOBEC analysis comparisons as their APOBEC mutational status was unknown.




Figure 1 | Consort Diagram for the study.



The demographic and clinical characteristics of patients included in the TMB and APOBEC analyses are shown in Tables 1, 2, respectively. Patients included in this analysis were representative of the population with aUC, with a median age in the late 60s and the majority of patients were men. Median follow-up for all patients from initial diagnosis was 15.5 months. Most patients in this study were Caucasian but a significant minority were Asian or Hispanic/Latino, reflecting the patient population served by the UCSF Helen Diller Family Comprehensive Cancer Center. Notably, in the group of patients with APOBEC mutational signatures, there was a numerically higher percentage of patients with primary bladder tumors and of patients whose tumors had a pure urothelial histology, although this did not quite meet statistical significance. More patients with either HM or APOBEC tumors had a prior smoking history relative to the comparison groups. Most commonly observed tumor alterations were also representative of what has previously been described in the bladder tumor mutational landscape (23) and overall were fairly consistent across the two comparisons. However, fewer FGFR3 alterations were observed in the HM or APOBEC groups than in the comparison groups; these differences were not statistically significant. Testing for PD-L1 status was limited but from the collected data, the percentages of tumors with increased PD-L1 expression were comparable across subgroups.


Table 1 | Clinical characteristics of patients in the hypermutated and non-hypermutated groups.




Table 2 | Clinical characteristics of patients in the APOBEC and Other groups.





TMB Analysis

In the comparison of outcomes for 19 patients with hypermutated tumors (TMB ≥ 10 mut/Mb) and 27 patients with non-hypermutated tumors (TMB < 10 mut/Mb), HM patients had longer median OS (125.3 months vs 35.7 months, p = 0.06) from initial diagnosis, suggesting HM status to be a positive prognostic marker (Figure 2A and Table 3). At the time of data cutoff, 74% of HM patients and 59% of NHM patients were alive. A total of 9 HM patients were treated with IO, and 6 HM patients were treated with chemotherapy.




Figure 2 | Comparison of hypermutated patients. (A) Overall Survival from Diagnosis. (B) Overall Survival from Immunotheraphy Start. (C) Progression-Free Survival from Immunotherapy Start. (D) Overall survival from Chemotherapy Start. (E) Progression-Free Survival from Chemotherapy Start.




Table 3 | Comparison of outcomes in hypermutated vs non-hypermutated patients.



In comparing outcomes with IO treatment, no significant differences were observed for the 9 HM patients relative to the 13 NHM patients who received treatment with an immune checkpoint inhibitor (Figures 2B, C and Table 3). HM patients were treated with Pembrolizumab (6/9, 33%) and Atezolizumab (3/9, 33%) and NHM patients were treated with Pembrolizumab (8/13, 62%), Atezolizumab (3/13, 23%), Nivolumab/Ipilimumab (1/13, 8%), and Durvalumab/Tremelimumab (1/13, 8%). Numerically higher ORR was observed in the HM group among evaluable patients (4/8, 50%) relative to the NHM group (4/12, 33%), although this difference was not statistically significant. Similarly, median PFS (4.1 vs 3.3 months, p=0.52) and OS (12.4 vs 14.1 months, p=0.49) from treatment start for the two groups were comparable.

On the other hand, in comparing outcomes with platinum-based chemotherapy treatment for the 6 HM patients and 8 NHM patients, response rates for evaluable HM patients (3/5, 60%) and NHM patients (5/8, 63%) were similar. Importantly, HM patients were found to have shorter PFS (4.3 vs 9.0 months, p<0.001) and OS (7.0 vs 13.1 months, p=0.04) relative to the NHM patients (Figures 2D, E and Table 3). Chemotherapy treatment received by HM patients included cisplatin-based chemotherapy (4/6, 67%), carboplatin-based chemotherapy (1/6, 17%), and FOLFOX (1/6, 17%) while NHM patients received carboplatin-based chemotherapy (4/8, 50%) and cisplatin-based chemotherapy (4/8, 50%).



APOBEC Analysis

There were 16 patients with APOBEC mutational signature and 56 patients in the Other category without a known APOBEC mutational signature (including 27 non-HM patients and 29 patients who were not evaluable for TMB). APOBEC patients had a longer median OS from initial diagnosis relative to Other patients (125.3 months vs 44.5 months, p = 0.05) (Figure 3A and Table 4). About 81% of APOBEC patients and 63% of Other patients were alive at the time of analysis. Of the APOBEC patients, 8 received IO and 5 received chemotherapy.




Figure 3 | Comparison of APOBEC and Other patients. (A) Overall Survival from Diagnosis. (B) Overall Survival from Immunotherapy Start. (C) Progression-Free Survival from Immunotherapy Start. (D) Overall Survival from Chemotherapy Start. (E) Progression-Free Survival from Chemotherapy Start.




Table 4 | Comparison of outcomes in APOBEC vs Other patients.



Comparing the 8 APOBEC patients with the 25 Other patients that were treated with immunotherapy regimens, although evaluable APOBEC patients had numerically higher ORR to IO treatment (4/7, 57%), relative to evaluable Other patients (8/25, 32%), this difference was not statistically significant. Similarly, the difference in median OS (12.4 vs. 14.1, p=0.27) and median PFS (4.1 vs. 3.3, p=0.25) were also not statistically significant between these two groups (Figures 3B, 	C and Table 4). APOBEC patients received Pembrolizumab (5/8, 63%) and Atezolizumab (3/8, 38%) while Other patients received Pembrolizumab (17/25, 68%), Atezolizumab (4/25, 16%), Nivolumab (2/25, 8%), Nivolumab/Ipilimumab (1/25, 4%), and Durvalumab/Tremelimumab (1/25, 4%).

In comparing chemotherapy treatment outcomes, the ORR were similar among APOBEC (3/5, 60%) and Other (9/15, 60%) patients. Importantly, despite the similarity in response rates, APOBEC patients had shorter median PFS (4.3 vs. 7.0, p=0.01) and OS (7.0 vs 13.1, p=0.05) relative to the 15 Other patients (Figures 3D, E and Table 4). APOBEC patients were treated with cisplatin-based chemotherapy (4/5, 80%) and carboplatin-based chemotherapy (1/5, 20%) while Other patients were treated with cisplatin-based chemotherapy (9/15, 60%), carboplatin-based chemotherapy (5/15, 33%), capecitabine (1/15, 7%).




Discussion

In this large cohort of patients with aUC whose tumors were all assessed with the UCSF500 test, our institutional DNA-based NGS panel, a significant proportion of evaluable tumors were found to have TMB ≥10 mutations/Mb and all of the hypermutated tumors evaluable for mutational signatures were found to have APOBEC mutational signatures. Increased tumor mutational burden and presence of APOBEC mutational signatures were both found to be prognostic of improved overall survival in this patient population. Neither of these biomarkers were predictive of outcomes with immune checkpoint inhibitor treatment. However, both hypermutated status and presence of APOBEC mutational signatures were associated with inferior outcomes with platinum-based chemotherapy treatment, nominating them as potential negative predictive markers for aUC patients treated with chemotherapy.

Urothelial cancers are frequently amongst the most highly mutated tumors (24). In the IMvigor211 clinical trial of patients with platinum-refractory urothelial carcinoma, the median TMB in tumors was 9.6 mutations/Mb (11). This high mutation burden in urothelial carcinoma is frequently driven by the genetic instability caused by APOBEC mutagenesis (23). As an example, in the IMvigor130 clinical trial, presence of APOBEC mutational signatures was associated with higher TMB (25). However, urothelial carcinomas have high mutational complexity and alternate mechanisms of mutagenesis that can account for a high TMB. Thus, it is not necessarily the case that urothelial tumors with a high TMB overlap completely with tumors harboring APOBEC mutational signatures and the two can be used as distinct biomarkers. In this dataset however, among 19 tumors with high TMB, all 16 tumors evaluable for mutational analysis were found to have APOBEC mutational signatures. Although the overall numbers were too small to draw definitive conclusions, the most common mutations present across the different subsets of HM and non-HM, as well as APOBEC and non-APOBEC tumors were fairly consistent. Most common mutations included TERTp and TP53 in all groups. Importantly, the targetable FGFR3 alterations were more commonly found in non-HM and non-APOBEC tumors. This is consistent with previously reported findings showing APOBEC-low tumors to have more FGFR3 mutations, while APOBEC-high tumors are more likely to have mutations in DNA damage response genes and chromatin regulatory genes (17). All this suggests that the population included in this analysis was fairly representative of the patterns of mutational complexity found in bladder cancer.

Our initial hypothesis was that presence of TMB and APOBEC signatures would be independently associated with more favorable clinical outcomes. Prior studies have suggested that higher TMB levels are associated with improved overall survival and decreased recurrence rates in patients with muscle-invasive bladder cancer (8). Presence of APOBEC signatures was also found to be associated with improved overall survival in muscle-invasive bladder cancer (17). Our findings in this study based on samples obtained from patients with metastatic disease as well as localized disease were overall in agreement with this prior data, as we found improved OS for high TMB patients relative to low TMB patients and for APOBEC patients versus patients without APOBEC mutational signatures. The potential genomic instability reflected by high TMB and associated with APOBEC signatures may account for these improved outcomes leading to the tumor being more vulnerable to immune surveillance. Median overall survival from initial diagnosis and independent of treatment was longer in all comparison groups of this dataset than a median OS that would be expected from a purely metastatic urothelial cancer cohort timed from initial metastatic disease diagnosis. This was due to the inclusion of patients with MIBC who had curative intent treatment and never had progression to metastatic disease as well as inclusion of patients who were initially diagnosed with localized disease many years prior to eventual progression to metastatic disease.

We additionally hypothesized that increased TMB and presence of APOBEC mutational signatures would be predictive of responses to immune checkpoint inhibitors. Analyses from clinical trials in urothelial carcinoma have indicated that APOBEC mutational signatures and high TMB are both associated with improved outcomes with immunotherapy agents including both anti-PD-1 antibody nivolumab and anti-PD-L1 antibody atezolizumab (9, 11, 16, 25). The genomic instability and plethora of mutations in the tumor associated with these biomarkers are thought to be the mechanisms underlying enhanced response to immune checkpoint inhibitors. While we did not see this association in the current analysis, this may have been the consequence of relatively small numbers being compared. Other biomarkers, such as PD-L1 status, may have served as additional confounders leading to these findings not being observed in the current dataset. Most patients included in our analysis had unknown PD-L1 status. However, for patients with available PD-L1 status, there was no significant difference in PD-L1 expression across the subgroups being compared.

The potential impact of TMB and APOBEC as biomarkers of response to chemotherapy in bladder cancer was less clear from the outset based on previously available data. Prior studies have suggested that APOBEC-induced mutagenesis is clonally enriched in chemotherapy-treated urothelial cancer (26). A study in a cohort of 73 aUC patients subsequently treated with chemotherapy showed increased expression of APOBEC mRNA in tumor samples to be associated with longer OS (27). However no data regarding APOBEC mutational signatures as predictors of response to chemotherapy were previously available. TMB status was likewise not shown to be predictive of responses to second-line chemotherapy in the Keynote-045 trial with Pembrolizumab in platinum-refractory urothelial cancer (13). Due to the limitations of these data we hypothesized that neither high TMB, nor presence of APOBEC mutational signatures would be predictive of responses to chemotherapy. However, the analysis presented here revealed that high TMB and presence of APOBEC mutational signatures were both associated with inferior chemotherapy outcomes. These inferior outcomes were not readily explained by other potential prognostic or predictive genomic biomarkers in this patient population. Among all patients who received chemotherapy there were no appreciable differences, in either the HM vs NHM or Apobec vs Other analyses, between the comparison subgroups in terms of tumor alterations in TP53, RB1 or DNA damage repair (DDR) genes. Consequently, our analysis is the first to nominate high TMB and presence of APOBEC mutational signatures as negative predictive biomarkers of chemotherapy response in patients with aUC. Since these tumors are more highly mutated, they are likely more aggressive and, as a result, may not respond to traditional chemotherapy treatment. While the mechanism explaining these findings is not immediately clear, a potential explanation may be that chemotherapy treatments are causing immune cell depletion in these otherwise immunologically responsive tumors. Alternatively, a clonal selection of more aggressive variants in these genomically unstable tumors may be taking place under selective pressure from chemotherapy treatment. These potential mechanisms should also be further assessed in future studies.

While retrospective data presented in this manuscript should be further validated, conclusions derived from these findings can help inform clinical decision making and clinical trial design for patients with aUC. Based on this data, it can be surmised that patients with high TMB and APOBEC mutational signatures may have better outcomes overall but may also not do as well with chemotherapy treatment. Although we did not observe these biomarkers to be predictive of responses to immunotherapy treatments, other studies have suggested improved responses to treatments with both anti-PD-1 and anti-PD-L1 immune checkpoint inhibitors in high TMB patients and patients with APOBEC mutational signatures. Consequently, in the appropriate clinical context, treatments with immune checkpoint inhibitors may be considered in lieu of chemotherapy in selected patients with high TMB or presence of APOBEC mutational signatures.

There were limitations to this study, including the retrospective nature of this analysis, a design which introduces numerous confounders. As an example, the presence of other putative biomarkers, such as PD-L1 status and other unknown genomic alterations, may have confounded the results in this relatively small sample size. Radiographic responses were not reviewed according to strict RECIST criteria but were assessed by a single investigator to help address potential inter-observer heterogeneity. The study was also limited to a single academic center and the findings may be difficult to generalize to other academic institutions or community sites. It is also unknown whether data obtained from UCSF500 platform can be generalized to other NGS platforms. In spite of these limitations, this study presents important hypothesis-generating data that can inform future studies and potentially impact clinical decision making.



Conclusions

This single-institution retrospective analysis in a large cohort of patients with advanced urothelial cancer, revealed findings that supported prior data nominating high TMB and APOBEC mutational signatures as positive prognostic markers in this patient population. This was additionally the first study to nominate TMB-high status and APOBEC mutational signatures as predictive biomarkers indicating inferior responses to chemotherapy treatment in patients with advanced urothelial cancer. While these findings should be further validated, they can nevertheless inform treatment decisions and clinical trial design for patients with advanced urothelial carcinoma in the appropriate clinical context.
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Purpose

Tumor-educated platelets (TEPs) are a promising liquid biopsy in many cancers. However, their role in renal cell carcinoma (RCC) is unknown. Thus, this study explored the diagnostic value of TEPs in RCC patients.



Methods

Platelets were prospectively collected from 24 RCC patients and 25 controls. RNA-seq was performed to identify the differentially expressed genes (DEGs) between RCC patients and controls. Besides, RNA-seq data of pan-cancer TEPs were downloaded and randomly divided into training and validation sets. A pan-cancer TEP model was developed in the training set using the support vector machine (SVM) and validated in the validation set and our RCC dataset. Finally, an RCC-based TEP model was developed and optimized through the SVM algorithms and recursive feature elimination (RFE) method.



Result

Two hundred three DEGs, 64 (31.5%) upregulated and 139 (68.5%) downregulated, were detected in the platelets of RCC patients compared with controls. The pan-cancer TEP model had a high accuracy in detecting cancer in the internal validation (training set, accuracy 98.8%, AUC: 0.999; validation set, accuracy 95.4%, AUC: 0.972; different tumor subtypes, accuracy 86.6%–96.1%, AUC: 0.952–1.000). However, the pan-cancer TEP model in the external validation had a scarce diagnostic value in RCC patients (accuracy 48.7%, AUC: 0.615). Therefore, to develop the RCC-based TEP model, the gene biomarkers mostly contributing to the model were selected using the RFE method. The RCC-based TEP model containing 68 gene biomarkers reached a diagnostic accuracy of 100% (AUC: 1.000) in the training set, 88.9% (AUC: 0.963) in the validation set, and 95.9% (AUC: 0.988) in the overall cohort.



Conclusion

TEPs could function as a minimally invasive blood biomarker in the detection of RCC.
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Introduction

Renal cell carcinoma (RCC) is the 10th most frequently diagnosed cancer worldwide accounting for more than 90% of kidney tumors (1, 2). It is derived from the epithelial cells of the renal tubules. Localized RCC has a relatively favorable oncologic outcome after curative surgery, with a 5-year cancer-specific survival rate of 71%~88% (3). However, approximately 20%~30% of patients already have metastasis at the time of diagnosis, with a median survival less than 2 years after cytoreductive surgery and adjuvant therapy (4, 5). Therefore, early detection of RCC is associated with a higher possibility of resecting the tumor, obtaining a better survival outcome. Blood-based tumor biomarkers have been developed in many cancers for screening and monitoring the tumor, such as alpha-fetoprotein in hepatocellular carcinoma, carcinoembryonic antigen in colorectal cancer, and prostate-specific antigen in prostate cancer (6–8). However, up to now, the diagnosis of RCC is still performed by the examination of images from the ultrasound scan, computed tomography, and magnetic resonance. Thus, blood-based biomarkers for the early diagnosis of RCC, as well as its screening and longitudinal monitoring, are still lacking.

Diagnostic tools for non-invasive tumors have rapidly developed in recent years, generating a new domain in cancer research called “liquid biopsy.” Liquid biopsy allows to obtain information on the tumor through the analysis of human blood, urine, cerebrospinal fluid, and other body fluids, so as to obtain an early diagnosis and monitoring of the tumors (9). The markers analyzed in these samples, such as circulating tumor cells, circulating tumor DNA, circulating tumor RNA, and exosomes, have been widely studied in many cancers (10–13). However, the practical application of such markers for the non-invasive detection of RCC has been hampered by their low accuracy and high cost (14, 15). Therefore, the investigation of more cost-effective approaches is of paramount importance to enable urologists to diagnose RCC through a blood biopsy.

Accumulating evidence suggested the existence of a wide variety of cross-talk between platelets and tumor cells, promoting tumor progression and metastasis (16). Besides, tumor cells can modify the RNA profile of the platelets, indicating that the platelet transcriptome can be potentially used to diagnose cancer (16). Best et al. (17, 18) performed a series of studies on the platelet transcriptome, bringing a novel insight into the role of liquid biopsy. They indeed found that the platelets called tumor-educated platelets (TEPs), which are platelets modified by the tumor, can be used as a high-accuracy biomarker to distinguish patients with pan-cancer and non-small cell lung cancer (NSCLC) from healthy individuals (17, 18). The following studies further confirmed that TEPs can be used as a liquid biopsy in the diagnosis of sarcoma cancer, primary thyroid cancer (PTC), ovarian cancer, and glioblastoma (GBM) (19–22). However, there is still a lack of evidence to illustrate whether platelet RNA could also change in patients with RCC. Besides, the diagnostic value of TEPs in patients with RCC is still unknown. Therefore, the aim of this study was to characterize the transcriptome of TEPs from patients with RCC and controls to investigate whether they could be used as a blood-based biomarker in the detection of RCC.



Material and Methods


Sample Collection and Platelet Isolation

Patients diagnosed with RCC were prospectively recruited from the Peking University Third Hospital between October 2020 and May 2021 after the approval of the study by the Peking University Third Hospital Medical Science Research Ethics Committee (IRB:00006761-M2021003). In addition, patients with benign renal tumor (BN) and healthy donors (HD) were also recruited and used as the control group. The donors subjected to antiplatelet therapy or diagnosed with blood disease, acute infection, autoimmune disease, and severe renal and liver dysfunction were excluded from this study. Finally, 49 platelet samples from 24 patients with RCC, 12 patients with BN, and 13 HD were included in this study.

Platelets were obtained from the peripheral whole blood collected using 10 ml purple-cap vacutainers containing EDTA. Platelets were isolated within 24 h after blood collection to minimize their activation and RNA degeneration by two-step centrifugations at room temperature according to the protocol reported by Best et al. (23). The platelet pellet was harvested after centrifugation and resuspended in 1 ml TRIzol reagent. Finally, the platelet pellet was stored at −80°C for further analysis. Platelets were randomly collected and purity was assessed by morphological analysis, using the criteria of less than 1~5 leukocytes per one million platelets (23).



RNA Preparation and Sequencing

RNA was extracted from the platelets and assessed using the RNA Nano 6000 Assay Kit of the Bioanalyzer 2100 system. A total amount of RNA ≥100 ng and integrity number ≥7 were used as input material for the RNA sample preparation. Briefly, mRNA was purified from the total RNA using the poly-T oligo-attached magnetic beads. Fragmentation was carried out using divalent cations under high temperature in First-Strand Synthesis Reaction Buffer (5×). The first-strand cDNA was synthesized using random hexamer primer and M-MuLV Reverse Transcriptase (RNase H−). The second-strand cDNA synthesis was subsequently performed using DNA Polymerase I and RNase H. The remaining overhangs were converted into blunt ends via exonuclease/polymerase activity. After adenylation of the 3′ ends of the DNA fragments, the adaptor with hairpin loop structure was ligated to prepare the adaptor for the hybridization. The library fragments were purified using the AMPure XP system (Beckman Coulter, Beverly, USA) to select cDNA fragments of a preferential length of 370~420 bp. The PCR was performed using Phusion High-Fidelity DNA polymerase, Universal PCR primers, and Index (X) Primer. The PCR products were purified by the AMPure XP system and the library quality was assessed on the Agilent Bioanalyzer 2100 system. The clustering of the index-coded samples was performed on a cBot Cluster Generation System using TruSeq PE Cluster Kit v3-cBot-HS (Illumina) according to the manufacturer’s instructions. After cluster generation, the library preparation was sequenced on an Illumina NovaSeq 6000 platform, and 150 bp paired-end reads were generated.



Transcriptome Analysis

Raw reads in the fastq format were firstly processed through in-house perl scripts. In this step, clean reads were obtained by removing from raw data the reads containing the adaptor, those containing ploy-N, and reads of low quality. Thus, downstream analysis was performed on the clean data with high quality. Reference genome and gene model annotation files were downloaded directly from the genome website. The index of the reference genome was built using Hisat2 v2.0.5, and paired-end clean reads were aligned to the reference genome using Hisat2 v2.0.5. StringTie (1.3.3b) was used to assemble and annotate new transcripts for those genes that were not successfully mapped (24). The new transcripts were called “novel. number.”

The number of reads mapped to each gene was counted using Feature Counts v1.5.0-p3, and then the fragments per kilo base of transcript per million mapped fragments (FPKM) of each gene were calculated based on the length of the gene and read count mapped to this gene (25, 26). The differential expression of the genes in the two groups was evaluated using the edgeR package in R (3.22.5) (27). The P-values were adjusted using the Benjamini and Hochberg method (27). A false discovery rate (FDR) <0.05 and an absolute log2 fold change >1 were set as the threshold for a significant differential expression.

Gene Ontology (GO) enrichment analysis and Kyoto Encyclopedia of Genes and Genomes (KEGG) pathway analysis of the differentially expressed genes (DEGs) were performed by the cluster Profiler R package, in which the gene length bias was corrected. GO terms and KEGG pathways with FDR <0.05 were considered significantly enriched by the differentially expressed genes.



Model Development and Validation Using the Support Vector Machine

The RNA-sequence data of pan-cancer and HD samples were downloaded from the Gene Expression Omnibus with the accession number GSE68086 (https://www.ncbi.nlm.nih.gov/geo/query/acc.cgi?acc=GSE68086). A total of 228 pan-cancer samples and 55 HD samples were available in the GSE68086 database, which were randomly divided into training and internal validation sets at a 6:4 ratio using the “caret” package in R. In addition, 1,072 DEGs reported by Best et al. (17) were selected as classification features to perform an internal validation. A support vector machine (SVM) algorithm (radial basis function, RBF) was developed for binary sample classification using the “e1072” package in R and optimized by the training set using a 10-fold internal cross-validation to determine the best gamma and cost parameters. After optimization, the SVM parameters were fixed and validated in both the training set and internal validation set, as well as in different tumor subtypes. The external validation in our dataset was performed by the overlap of the DEGs of GSE68086 and RCC, including the 1,051 DEGs that were normalized by FPKM and selected as classification features. The SVM algorithm was developed, optimized, and internally validated as described above. Then, the SVM algorithm was externally validated in the RCC dataset to determine whether the pan-cancer TEP model could be applied specifically to RCC patients.

Besides, our aim was to develop an effective TEP-based classifier for patients with RCC. For this purpose, our patients and controls were randomly divided into training and validation sets at a 6:4 ratio and the DEGs were identified as mentioned above. The recursive feature elimination (RFE) method was used to narrow down the features in the training group to further optimize the DEGs to the model (28). After optimization, the DEGs were selected as classification features. The development, optimization, and validation of the SVM model were achieved as described above.

The predicted sample classes and actual sample classes were compared using the confounding matrix to measure the performance of the model by determining the sensitivity, specificity, and accuracy. The performance of the model was also evaluated by the receiver operating characteristic (ROC) curve and the area under the curve (AUC) using the “pROC” package in R. Overall, the flowchart of this study is summarized in Figure 1.




Figure 1 | Flowchart of the main analytic steps in our study.






Results


Patients’ Characteristics

A total of 49 samples consisting of 24 RCC and 25 non-RCC control (13 HD, 12 BN) were used in this study. The baseline data including age, gender, BMI, complications, and laboratory indices between the RCC and control groups were similar, as shown in Table 1. A total of 18 cases, 2 cases, and 4 cases in the RCC group were clear cell renal cell carcinoma (ccRCC), papillary renal cell carcinoma (pRCC), and chromophobe renal cell carcinoma (chRCC), respectively (Table 2). Besides, 5 cases and 4 cases were combined with the involvement of lymph nodes and distant metastasis, respectively, at the time of diagnosis. Among the BN in the control group, 11 cases and 1 case were angiomyolipoma and oncocytoma, respectively. Platelets’ purity was assessed by morphological analysis, with satisfactory purity results (Supplementary Figure 1).


Table 1 | The baseline data between the RCC and control groups.




Table 2 | The pathological data of patients with RCC.





DEGs Between the RCC and non-RCC Groups

After the RNA-seq of the platelets of each sample, a mean read count of 40~50 million reads per sample was obtained. The general RNA expression patterns among individuals and among groups were similar (Supplementary Figure 2). Besides, the RNA profile of each sample in our dataset had a moderate to high correlation with the samples in the pan-cancer dataset (Supplementary Table 1). A total of 37,008 RNAs were detected in our platelet dataset. An FDR <0.05 and an absolute log2 fold change >1 were used as the statistical cutoffs to determine the DEGs between the RCC and non-RCC groups. Eventually, 203 DEGs were identified between the RCC and non-RCC groups, with 64 (31.5%) upregulated genes and 139 (68.5%) downregulated genes (Figure 2A and Supplementary Table 2). Furthermore, the non-RCC controls were randomly divided into A and B groups, but only 9 DEGs were identified between the A and B groups using the same criteria, suggesting that the DEGs between the RCC and non-RCC groups are mainly caused by cancer (Figure 2B). In subgroup analysis, the DEGs could also be identified in local RCC (59 DEGs) and metastatic RCC (39 DEGs) compared with controls (Supplementary Figure 3). Unsupervised hierarchical clustering analysis based on 203 DEGs showed that the TEP RNA could satisfactorily distinguish RCC and non-RCC individuals with only minor overlaps (Figure 2C). Besides, the DEGs in our dataset were also compared with the DEGs reported in NSCLC described by Best et al. (18), GBM described by Sol et al. (22), and PTC described by Shen et al. (20). The results showed that different tumor types only have a minor overlap of platelet DEGs, suggesting that the effects of the tumor on TEP RNA probably depend on the specific type of tumor (Figure 2D).




Figure 2 | Analysis of differentially expressed genes (DEGs) in the platelet between the renal cell carcinoma (RCC) and control groups. (A) Volcano plot of DEGs between the RCC group and the control group. (B) Volcano plot of DEGs between groups A and B in the control group. (C) Unsupervised cluster analysis of DEGs in those platelet samples. (D) Venn diagram of DEGs in four different tumor types.



The GO analysis revealed that DEGs were enriched in three main categories, namely, “biological process”, “cellular component”, and “molecular function” (Figure 3A and Supplementary Table 3). The DEGs in the biological process were enriched in several pathways including humoral immune response, antimicrobial humoral response, and defense response to bacterium. Besides, the cellular component category contains several GO terms such as vacuolar lumen, immunoglobulin complex, and lysosomal lumen, while the molecular function category contains the terms antigen binding, glycosaminoglycan binding, and immunoglobulin receptor binding. The KEGG pathway enrichment analysis showed that the DEGs were mainly enriched in pancreatic secretion, protein digestion and absorption, and fat digestion and absorption (Figure 3B and Supplementary Table 4).




Figure 3 | GO (A) and KEGG (B) enrichment analysis of DEGs between the RCC and control groups.





Development and Validation of the Pan-Cancer TEP Model

The GSE68086 database contains 228 pan-cancer samples and 55 HD samples, including 139 pan-cancer samples and 39 HD in the training set and the remaining in the validation set. The SVM algorithm containing 1,072 DEG features was trained using the sample from the training set by a 10-fold internal validation to develop the pan-cancer TEP model. The best gamma and cost parameters were identified as 0.001 and 10, and then, the SVM parameter was locked. Subsequently, the pan-cancer TEP model was validated in both the training and validation sets. The AUC of the model in the training and validation sets was 0.999 and 0.972, respectively (Figures 4A, B). Besides, the sensitivity, specificity, and accuracy in the training set were 99.3%, 97.4%, and 98.8%, respectively, while in the validation set, these were 97.8%, 81.3%, and 95.4%, respectively (Figures 4C, D).




Figure 4 | Predictive accuracy of the pan-cancer TEP model shown by the ROC curves in the internal (A, B) and external validation (F) and the confounding matrix in the training (C), validation (D), and internal different tumor types (E) and external RCC patients (G).



Next, the pan-cancer dataset was separated into NSCLC, colorectal cancer (CRC), pancreatic cancer (PAAD), breast cancer (BrCa), hepatobiliary cancer (HBC), GBM, and HD subgroups to internally validate the predictive value of the pan-cancer TEP model in detecting cancer in different tumor subtypes. These subgroups were validated using the pan-cancer TEP model. The results revealed that the pan-cancer TEP model could also detect the specific tumor contained in the model development. The AUC of the model for different tumor types ranged from 0.952 to 1.000 (Figures 4A, B), and the accuracy ranged from 86.6% to 96.1% (Figure 4E). The model was also used to detect RCC using our database to externally validate the performance of the pan-cancer TEP model in RCC. The accuracy and AUC of the pan-cancer TEP model for RCC were only 48.7% and 0.615, respectively, suggesting that the pan-cancer TEP model had a scarce diagnostic value in detecting RCC (Figures 4F, G).



Development and Optimization of the RCC-Based TEP Model

Our dataset including 24 RCC and 25 non-RCC was randomly divided into training and validation sets at a 6:4 ratio. The RCC-based TEP model was preliminarily developed using the 203 DEGs in the training set. The best gamma and cost identified were 0.00001 and 100 after the 10-fold internal validation. The primary RCC-based TEP model showed an excellent performance in the training set, validation set, and overall cohort, with an AUC of 0.987, 0.975, and 0.978, respectively (Figure 5A). Besides, the sensitivity, specificity, and accuracy in the training set (100%, 87.5%, and 93.5%), validation set (100%, 88.9%, and 94.4%), and overall cohort (100%, 88%, and 93.9%) were also favorable (Figures 5B–D). Next, the RFE method was used to select the optimal biomarkers to achieve a high prediction and few DEGs. After RFE selection, 68 DEGs were chosen as the optimal biomarkers in the RCC-based TEP model (Figure E and Supplementary Table 5). Then, the optimized RCC-based TEP model was developed in the training set and validated in the training set, validation set, and overall cohort (gamma and cost were 0.001 and 10). Finally, the AUC of the optimized model was 1.000, 0.963, and 0.988, respectively (Figure 5F). The sensitivity, specificity, and accuracy in the training set (100%, 100%, and 100%), validation set (77.8%, 100%, and 88.9%), and all cohorts (91.7%, 100%, and 95.9%) were also satisfying (Figures 5G–I). In the subgroup analysis, the RCC-based TEP model also showed a high accuracy in detecting both local (accuracy: 95.2%, AUC:0.991) and metastatic RCC (accuracy: 100%, AUC:1.000) (Supplementary Figure 4). The optimized RCC-based TEP model was comparable to the first model but with fewer biomarkers, and an external validation was easier to be performed.




Figure 5 | The RCC-based TEP model for the detection of RCC. The ROC curve (A) and the confounding matrix in the training set (B), validation set (C), and overall cohort (D) of the primary model. The ROC curve (F) and the confounding matrix in the training set (G), validation set (H), and overall cohort (I) of the optimized model after REF selection (E).






Discussion

Platelets are non-nucleated blood cells in the human circulation and cannot synthesize RNA on their own. The RNA repository of platelets including mRNA, miRNA, and lncRNA was mainly derived from megakaryocytes, and some of them are endocytosed from circulation. Tumor cells can directly bind to the platelets through selectin-P and glycoprotein-IIa/IIIb to directly “educate” platelets to participate in tumor progression and metastasis, or indirectly educate them by secreting extracellular molecular substances such as thrombin, tissue factor, matrix metalloproteinase, and ADP (29–31). This “education” process also causes specific changes in the RNA profile of the platelets. Preclinical studies showed that tumor cells may affect the RNA profile of the platelets through the following mechanisms (32): 1) secreting tumor-derived cytokines that affect the maturation of megakaryocytes, 2) inducing protein translation in the platelets and accelerating the degradation of RNA, 3) stimulating specific splicing events of the pre-RNA in the platelets, and 4) sequestrating the tumor-derived RNA. The above mechanisms suggest the presence of a highly dynamic RNA profile in the platelets, which makes them feasible for liquid biopsy in the detection of cancer.

Calverley et al. (33) were the first to discover that the mRNA profile of the platelets in patients with metastatic lung cancer is significantly altered compared with that in the HD, with 3 upregulated genes and 197 downregulated genes. Besides, Nilsson et al. (34) revealed a distinct RNA signature in platelets from glioma patients compared with that from healthy individuals. They also discovered that platelets isolated from glioma and prostate cancer patients contain the cancer-associated RNA biomarkers EGFRvIII and PCA3, respectively. Subsequently, they enrolled 77 patients with NSCLC and found that platelets can be used for the non-invasive detection of EML4-ALK rearrangements in these patients predicting the outcome of the therapy (35). Another study demonstrated that the RNA of the platelets can also predict the response to the therapy with abiraterone in patients with castration-resistant prostate cancer (36). These results suggest that platelet RNA partially reflects the molecular characteristics of a primary tumor and predicts the therapeutic response to a specific drug.

The development of second-generation high-throughput sequencing technology allowed Best et al. (17, 18) to bring the concept of TEPs to the forefront of “liquid biopsy” of the tumor through a series of exploratory studies. In 2015, they prospectively enrolled 228 pan-cancer and 55 HD with RNA-seq on platelet samples, discovering that TEPs allow not only the detection of cancer when present (accuracy 96%) but also the evaluation of the type of cancer (accuracy 71%) across six different types. They also expanded the study cohorts to further explore the diagnostic value of TEPs for NSCLC, including 779 NSCLC patients and 339 controls, and they optimized the algorithm (18). Their results using the particle-swarm optimization-enhanced algorithms demonstrated that TEPs enable the detection of early (accuracy 81%) and late (accuracy 88%) NSCLC, regardless of the age of the individuals, smoking habits, whole-blood storage time, and various inflammatory conditions (18). After the protocol was reported by Best et al. (23), several studies explored the diagnostic value of TEPs in patients with sarcoma, PTC, ovarian cancer, and GBM, with an excellent predictive accuracy (19–22).

Despite that, to our knowledge, evidence that TEPs could serve as a diagnostic tool in patients with RCC is still lacking. The aim of this study was to investigate the diagnostic value of TEPs in patients with RCC, and several noteworthy findings were found and described. Firstly, the TEP transcriptome was significantly altered in patients with RCC compared with that in controls. The alteration in TEPs was different compared with other cancers and the majority of the alteration was exclusive, which was consistent with the findings reported by Heinhuis et al. (19). Secondly, the pan-cancer TEP model had an excellent performance in detecting patients with pan-cancer and specific cancer contained in the model development, but it could not be used to distinguish those with RCC. To our knowledge, the pan-cancer TEP model contains six types of tumors but without RCC. The low diagnostic accuracy of the pan-cancer TEP model for RCC patients also explains that different tumors had heterogeneous effects on the platelet RNA, and the pan-cancer TEP model is not universal for all cancers. The TEP model should be cancer-specific. Eventually, the TEP model for RCC patients was developed and optimized with satisfactory accuracy. It is worth noting that the model only contains 68 gene signatures, but the accuracy was comparable to other TEP models reported in the above cancers. Our hypothesis is that TEPs could be used as a promising tool for liquid biopsy in RCC populations, although an external validation is still needed.

This study has some limitations. Firstly, the sample number is relatively low especially when divided into training and validation sets due to the prospective nature of the study. Thus, more samples are needed to develop a more robust prediction algorithm. Secondly, the TEP model was not externally validated in another RCC cohort, potentially leading to an overestimation of the predictive accuracy. Thirdly, although the TEP model demonstrated high predictive accuracy in our analytic cohorts, more than half of the enrolled patients had cancer at an advanced stage (T3–T4). Thus, it is necessary to include more patients with low-stage RCC to verify our findings in a prospective study. Finally, the potential role of TEPs as a universal biomarker still needs to be verified in additional different types of tumors, and the function of altered RNAs in platelets still needs to be investigated.



Conclusion

Our dataset provided a preliminary reference and resource for the TEP RNA profile in patients with RCC. Our results demonstrated that the pan-cancer TEP model barely detected RCC. Thus, the RCC-based TEP model was developed using our dataset with high accuracy in cancer detection.
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In advanced prostate cancer, access to recent diagnostic tissue samples is restricted and this affects the analysis of the association of evolving biomarkers such as AR-V7 with metastatic castrate resistance. Liquid biopsies are emerging as alternative analytes. To clarify clinical value of AR-V7 detection from liquid biopsies, here we performed a meta-analysis on the prognostic and predictive value of androgen receptor variant 7 (AR-V7) detected from liquid biopsy for patients with prostate cancer (PC), three databases, the Embase, Medline, and Scopus were searched up to September 2021. A total of 37 studies were included. The effects of liquid biopsy AR-V7 status on overall survival (OS), radiographic progression-free survival (PFS), and prostate-specific antigen (PSA)-PFS were calculated with RevMan 5.3 software. AR-V7 positivity detected in liquid biopsy significantly associates with worse OS, PFS, and PSA-PFS (P <0.00001). A subgroup analysis of patients treated with androgen receptor signaling inhibitors (ARSi such as abiraterone and enzalutamide) showed a significant association of AR-V7 positivity with poorer OS, PFS, and PSA-PFS. A statistically significant association with OS was also found in taxane-treated patients (P = 0.04), but not for PFS (P = 0.21) or PSA-PFS (P = 0.93). For AR-V7 positive patients, taxane treatment has better OS outcomes than ARSi (P = 0.01). Study quality, publication bias and sensitivity analysis were integrated in the assessment. Our data show that liquid biopsy AR-V7 is a clinically useful biomarker that is associated with poor outcomes of ARSi-treated castrate resistant PC (CRPC) patients and thus has the potential to guide patient management and also to stratify patients for clinical trials. More studies on chemotherapy-treated patients are warranted.


Systematic Review Registration

PROSPERO, CRD42021239353.





Keywords: prostate cancer, AR-V7, liquid biopsy, prognosis, meta-analysis



Introduction

Prostate cancer (PC) is one of the most common male cancers. The androgen receptor (AR) pathway is critical in maintaining normal prostate tissue homeostasis, cancer development and progression (1). Therapies for PC include surgery and radiation for localized or early-stage cancer, while for advanced or metastatic PC, androgen deprivation therapy (ADT), with or without chemotherapy is the standard of care. However, patients eventually develop castration resistant PC (CRPC). Recent incorporation of novel androgen receptor signaling inhibitors (ARSi, e.g., enzalutamide (Enz), abiraterone (Abi)) and taxane-based chemotherapy have improved outcomes of CRPC patients over the past two decades (2).

Biomarkers detected in liquid biopsy (such as circulating tumor cells and cell-free tumor DNA) demonstrate good concordance with biomarkers detected in conventional tissue biopsy, especially for metastatic CRPC (3). Liquid biopsy is emerging as a reliable source of biological data for biomarker discovery, especially in advanced PC when tissue biopsy is often not obtainable or can be used longitudinally to monitor tumor evolution and changes in biomarker characteristics. In CRPC, one of most promising prognostic markers is the constitutively active AR splice variant 7 (AR-V7). AR-V7 lacks the ligand binding domain and substitutes for functional AR even in the absence of the ligand testosterone, and differentially regulates AR-dependent gene expression (4). Thus far, current literature suggests that expression or nuclear subcellular location of AR-V7 is associated with overall survival (OS) and progression free survival (PFS) when found in tissue biopsy (5) or liquid biopsy [whole blood (6, 7), circulating tumor cells (8), and exosomes (9, 10)]. However, the study cohorts are variable in patient numbers and stages and also treatment options; the clinical relevance of AR-V7, especially liquid biopsy detectable AR-V7, is still not clear or widely accepted and need further investigation.

To clarify the clinical utility of AR-V7 detection from liquid biopsies, we undertook a comprehensive systematic review and meta-analysis to evaluate the available data from the clinical studies published up to September 2021. Prognostic and predictive value of liquid biopsy derived AR-V7 data in PC patients were evaluated from 37 studies that met the inclusion criteria.



Methods


Study Design and Literature Searches

This study was conducted according to preferred reporting items for systematic reviews and meta-analysis (PRISMA) (11). The protocol has been registered on PROSPERO (CRD42021239353). Detailed literature searches up to September 10, 2021 in the Embase, PubMed, and Scopus databases were conducted thoroughly to check the prognostic role of AR-V7 in PC. The used search terms were (~Androgen Receptor Variant 7) OR (~ARV7) OR (~AR3) AND (~”prostate cancer”). The searched study citations were imported to EndNote (version X9) for duplicate checking and title and/or abstract screening and then uploaded to the online systematic review research tool Rayyan (https://www.rayyan.ai/) for independent systematic review according to selection criteria. Two independent, blinded observers (TK and YM) reviewed all candidate articles. Any discrepancies in the article selections were resolved by discussion.



Selection Criteria

Pre-set exclusion criteria of this study were: (1) publication type: review articles, letters, comments, questionnaires, conference papers, corrections, reply to editor, case reports, book chapters, abstracts only, research highlights, summaries; (2) non-human studies (animal or cell line study); (3) non-prostate cancer; (4) AR-V7 data are not derived from human; (5) survival data not related to AR-V7 or with insufficient data to calculate the hazard ratios (HRs) and their 95% CIs, or the Kaplan–Meier (K–M) curve unable to calculate HRs and 95% CI parameters. Finally, studies were only included when they met the following criteria: (1) AR-V7 assayed in liquid biopsies (whole blood, circulating tumor cells, PBMC, plasma, exosome); (2) A reported relationship between AR-V7 and prognostic/predictive indicators, namely, OS, PFS, and PSA-PFS; (3) patient cohorts with n >25, and (4) English language only.



Data Extraction and Quality Assessment

This study focuses on the prognostic value of AR-V7 detected from liquid biopsy and its predictive value for ARSi and chemotherapy. According to a pre-designed table, the items of data extraction included the last name of the first author, publication year, study country, number of patients included, age of patient, sample resource (processing method) and AR-V7 detection method, type of therapies, endpoints of oncological outcomes, HRs and 95% CIs (from univariate or multivariate Cox analysis), follow-up durations and definitions of OS, PFS, and PSA-PFS (Supplementary Table 1). When HRs and 95% CIs were not presented in the study, an Engauge Digitizer (version 12.1) was used to digitalize the K–M survival curve to re-calculate HRs and 95% CI as described previously (12). Data was extracted by two authors (TK and YM) independently and any inconsistencies were resolved by discussion. Notably, when several publications were retrieved reporting the same trial or patient cohort or from same author(s), study question and data from this publication were discussed by two authors (TK and YM) and uniqueness of the included data was ensured.

The adapted Newcastle–Ottawa Scale (NOS) scales for cohort study (13) were used to evaluate the quality of enrolled studies, which embraced three aspects, namely, patient selection, comparability, and assessment of outcome with a total score of 9. In addition, the quality of statistical evaluation was assessed to give a maximal score of 1 as described in Supplementary Table 2; a score of 7 or more is considered as high-quality and a score of 6 or less is considered as low quality.



Statistical Analysis

Pooled HR and 95% CI were used to evaluate the prognostic and predictive value of AR-V7 presence or high expression (in some studies, authors set a threshold to discriminate high or low expression level) on the patient survival parameters (OS, PFS, PFA-PFS) in Review Manager 5.3 software (RevMan v.5.3, Denmark). The Cochran Q and I2 statistical methods were applied to evaluate the heterogeneity among included studies and a random effects model was used for data consolidation. If the heterogeneity was very high, only a descriptive score was given. Further subgroup analysis based on patient treatment was also conducted. The inverted funnel plots with Egger’s test were used to analyze potential publication bias with R software. A sensitivity analysis was carried out to assess the influence of each individual study on the pooled results by sequentially excluding each study. A two-tailed p-value <0.05 was regarded as statistically significant.




Results


Search Results, Study and Patient Characteristics

The flowchart outlining the results of the literature search and application of the strategic inclusion and exclusion criteria is presented in Figure 1. A total of 1,180 relevant articles were identified in initial database searches (Embase: 321, Medline: 537, Scopus: 322). After screening research title and abstract to remove duplicates (n = 410) and excluding the non-relevant studies based on publication type (n = 353), non-human studies (n = 193), non-prostate cancer (n = 5) and foreign language (n = 3) followed by a review of full text for eligibility, 37 articles were identified based on inclusion criteria ‘human data’, ‘AR-V7’, ‘liquid biopsy’, and ‘survival’. Although we initially only searched quite a broad terminology ‘prostate cancer’, all 37 studies investigated CRPC (n = 4) or metastatic CRPC (mCRPC) (n = 33) as defined in the reports (Supplementary Table 1). Baseline characteristics of all eligible articles are listed in Table 1. All articles were published from 2014 to 2021 and included studies from Europe (46%), America and Canada (46%), and Asia-Pacific (8%). Liquid biopsy AR-V7 was detected from CTC (n = 28), PBMC (n = 2), whole blood (n = 4) or exosomes (n = 3). The patient cohort size ranged from 26 to 202 and the median or mean patient age ranged from 56 to 78. CTC enrichment methods included (modified) AdnaTest ® (Qiagen) (n = 13), Oncoquick® (Greiner Bio-One GmbH) (n = 1), red blood cell (RBC) lysis (n = 3), and immunomagnetic beads-based methods (such as CellSearch® or IsoFlux®, dynabeads) (n = 9). The method of AR-V7 detection was primarily by PCR (quantitative PCR and droplet digital PCR, 92%). Endpoint of patient outcomes include OS (n = 30), PFS (n = 28) and PSA-PFS (n = 10) (Table 1).




Figure 1 | Flow chart of literature search and study selection.




Table 1 | The basic characteristics of eligible studies.



Thirty studies including 976 AR-V7 positive (or high level, as defined by authors) and 2,056 AR-V7 negative (or low level) patients were used for OS comparison, while 28 studies including 697 AR-V7 positive and 1,553 AR-V7 negative patients were used for PFS analysis and 10 studies including 216 AR-V7 positive and 425 AR-V7 negative patients for PSA-PFS analysis. Most patients in the cohort of studies were treated with ARSi (either enzalutamide, abiraterone, or not specified) or taxane-based chemotherapy. Some reports included miscellaneous treatments [such as Bipolar Androgen-based therapy (32)]. Overall AR-V7 positive patients had significantly worse OS (HR 3.36, 95% CI 2.56–4.41, P <0.00001), PFS (HR 2.96, 95% CI 2.20–3.98, P <0.00001) and PSA-PFS (HR 4.34, 95% CI 2.15–8.76, P <0.00001) than AR-V7 negative patients. Due to significant study heterogeneity (I2 ≥80%), random effects model was applied to calculate HR value and 95% CI for all survival parameters.



Predictive Value of AR-V7 for ARSi-Treatment

AR-V7 positive patients treated with ARSi (enzalutamide or abiraterone) had significant poorer OS (HR 4.34, 95% CI 3.00–6.28, P <0.00001), PFS (HR 2.89, 95% CI 2.15–3.87, P <0.00001) and PSA-PFS (HR 4.69, 95% CI 2.50–8.82, P <0.0001) compared with AR-V7 negative patients (Figures 2–4). When analyzed based on specific treatment, compared to negative patients, AR-V7 positive patients also had significant worse OS (Enz: HR 2.93, 95% CI 1.71–5.01, P <0.0001; Abi: HR 6.59, 95% CI 2.18–19.94, P = 0.0008, respectively) (Figure 2), PFS (Enz: HR 4.38, 95% CI 2.44–7.84, P <0.0001; Abi: HR 6.88, 95% CI 1.99–23.73, P = 0.002, respectively) (Figure 3) and PSA-PFS (Enz: HR 7.40, 95% CI 2.66–20.60, one study, P = 0.0008; Abi: HR 11.39, 95% CI 4.53–28.67, two studies, P <0.00001, respectively) (Figure 4).




Figure 2 | Forest plot of hazard ratios (HRs) for association of liquid biopsy AR-V7 status with overall survival (OS) in all included studies. Pooled HRs were calculated using random effect model. AR-V7, androgen receptor splice variant 7; CI, confidence interval and bars indicate 95% CIs. Subgroup analysis (ARSi, enzalutamide or abiraterone; Enz, enzalutamide; Abi, abiraterone; Chemo, taxane based chemotherapy; Miscellaneous, treatments that do not belong to above treatments or not clearly defined) were assessed.






Figure 3 | Forest plot of hazard ratios (HRs) for association of liquid biopsy AR-V7 status with PFS in all studies. Pooled HRs were calculated using random effect model. AR-V7: androgen receptor splice variant 7. CI, confidence interval and bars indicate 95% CIs. Subgroup analysis (ARSi, enzalutamide or abiraterone; Enz, enzalutamide; Abi, abiraterone; Chemo, taxane based chemotherapy; Miscellaneous, treatments that do not belong to above treatments or not clearly defined) were assessed.






Figure 4 | Forest plot of hazard ratios (HRs) for association of liquid biopsy AR-V7 status with PSA-PFS in all studies. Pooled HRs were calculated using random effect model. AR-V7, androgen receptor splice variant 7; CI, confidence interval and bars indicate 95% CIs. Subgroup analysis (ARSi, enzalutamide or abiraterone; Enz, enzalutamide; Abi, abiraterone; Chemo, taxane based chemotherapy; Miscellaneous, treatments that do not belong to above treatments or not clearly defined) were assessed.





Chemotherapy-Treated Patients and Outcome Association With AR-V7

In the subgroup analysis of the patients treated with taxane-based chemotherapy, the association of AR-V7 positivity with worse OS was observed (HR 1.70, 95% CI 1.03–2.81, P = 0.04) (Figure 2), but no conclusive association between AR-V7 positive status and worse PFS and PSA-PFS were apparent, likely due to inadequate power (PFS: HR 1.81, 95% CI 0.71–4.61, P = 0.21, Figure 3; PSA-PFS: HR 0.93, 95% CI 0.21–4.22, P = 0.93, Figure 4). It is to be emphasised that data is only derived from two studies and a total of 129 patients (Figure 4).



AR-V7 Effect on Non-Defined (Miscellaneous) Treatments

For the studies in which the authors did not clarify treatments and were unable to be classified as either ARSi or taxane chemotherapy, AR-V7 presence is associated with worse OS (HR 3.47, 95% CI 1.85–6.49, P = 0.0001, 5 studies) and PFS (3 studies, HR 1.68, 95% CI 1.03–2.76, P = 0.04) (Figures 2, 3).



ARSi vs. Chemotherapy in AR-V7 Positive or Negative Patients

Four studies compared treatment response in AR-V7 positive or negative patients. Taxane treatment is linked to superior OS (HR 0.54, 95% CI 0.34–0.87, P = 0.01) in patients positive for AR-V7, compared to ARSi (Figure 5A). In contrast, for AR-V7 negative patients, OS in taxane or ARSi treated patients is not significantly different (HR 1.17, 95% CI 0.71–1.92, P = 0.54) (Figure 5B).




Figure 5 | Forest plots for association of liquid biopsy AR-V7 status with OS in (A) AR-V7 positive (ARSi vs. Chemotherapy) and (B) AR-V7 negative patients (ARSi vs. Chemotherapy). Pooled HRs were calculated using random effect model. AR-V7, androgen receptor splice variant 7; CI, confidence interval and bars indicate 95% CIs.





Quality Assessment, Publication Bias and Sensitivity Analysis

Thirty five articles were assessed as high-quality studies while 2 were deemed low quality studies (Table 1 and Supplementary Table 2). Overall, the average quality of studies is 8.5. Publication biases were evaluated for subgroups with more than 10 publications; no publication bias was observed for OS (Egger’s test P = 0.9925, 15 publications, Supplementary Figure 1A) whereas publication bias was observed for PFS (Egger’s test P = 0.0411, 17 publications, Supplementary Figure 1B) in ARSi-treated subgroups. Sensitivity analyses were performed on the subgroups of more than 6 studies and the results were relatively stable except for overall survival in chemotherapy-treated group, where missing data in one study (31) had a significant effect on data outcome (Supplementary Table 3).




Discussion

AR splice variants have been proposed as a cause of resistance to ARSi and taxane-based chemotherapy (46). AR-V7, the most-studied AR splice variant, is emerging as a clinically relevant biomarker in CRPC, with a detection incidence ranging between 20 and 60%, depending on biopsy source, detection methods, and disease stage. Given that tumor tissue of advanced PC is rarely available and archival tissue may not reflect the biology of the current tumor stage, liquid biopsies, mainly blood, are becoming attractive resources for AR-V7 and other biomarker evaluation. Technical advances, different detection methods for AR-V7 from liquid biopsies are now available, including modified AdnaTest ProstateCancer, and droplet digital PCR of CTCs enriched by various CTC isolation platforms (see Table 1). We recently confirmed CTC-based AR-V7 testing is more reliable than exosomal RNA and cell free tumor RNA in plasma (47). Accumulating reports on the association of AR-V7 detectability in liquid biopsy with therapy response and patient survival have prompted us to perform this systematic review and meta-analysis on the prognostic and predictive utility of liquid biopsy-based AR-V7 identification. Our data show that liquid biopsy detectable AR-V7 significantly associates with poor outcomes to ARSi treatment as shown for OS, PFS, PSA-PFS (P <0.001). This strongly supports the notion that AR-V7 detection from CRPC patient liquid biopsies has prognostic and predictive power. This observation is highly clinically relevant and could affect how clinicians make treatment decisions for patients with (metastatic) CRPC and when to transition patients to taxane-based chemotherapy.

While on taxane-based treatment, the association of AR-V7 presence with poorer outcome is still significant (P = 0.04) for OS data and lack adequate power for PFS (P = 0.21) or PSA-PFS (P = 0.93). However, there are relatively fewer publications in this subgroup, so these conclusions are based on weaker datasets compared to the ARSi treated subgroup; for instance, the omitting one publication changes the P-value and AR-V7 impact on OS would no longer be significant (Supplementary Table 3). Our data agree with a recent report that AR-V7 may contribute to taxane resistance by circumventing taxane-induced inhibitory effects both in vitro (cell lines) and in vivo (PC tissue) (43, 48). On the other hand, we cannot exclude the possibility that AR-V7 expression was induced in CRPC patients who had received ARSi prior to chemotherapy, and that its effect on OS has not been completely washed out by taxanes. We note that four studies suggest that chemotherapy would be a better option compared to ARSi (HR 0.54, P = 0.01) in AR-V7 positive CRPC, suggesting that AR-V7 determination is important in chemotherapy-treated patients. More studies in this subgroup are warranted.

Three other meta-analyses on AR-V7 prognostication (13, 49, 50) have been published recently, but given the common inaccessibility of current tissue biopsies, our meta-analysis exclusively focuses on liquid biopsies and includes the most up-to-date studies. Further, we not only include all studies with author self-reported HR and 95% CI, but also calculate HR and 95% CI with established methods (12) for some papers with insufficient and incomplete statistical reporting. Nevertheless, our systematic review has limitations. We only examined OS, PFS, and PSA-PFS, and did not assess other treatment outcomes such as PSA response. Discrepancies in the definition of PSA response (e.g., extent of PSA fall in a specific timeframe) exist across studies and given our selection criteria, papers were excluded if they only reported PSA response without survival data. Secondly, statistical power was limited by the numbers of studies available and small sample sizes in some of the subgroups analysed. Thirdly, included study designs differed greatly in biological material investigated (type of liquid biopsy and content such as CTCs or exosomes). For some studies, patients were enrolled from a single centre, potentially leading to publication bias and selection bias. Also, no randomized study has ever directly compared the predictive value of AR-V7 in patients treated with chemotherapy vs. ARSi. Therefore, the results are indirect with potential bias. Lastly, the variability of techniques used to determine AR-V7 positivity, namely, qRT-PCR and ddPCR of mRNA derived from CTC, whole blood, exosome, could result in differing conclusions. The cut-off value is essential in defining and interpretation of AR-V7 positivity, due to the continuous nature of this variable; more work is required to answer the question of whether the degree of AR-V7 presence is important. Last but not least, other CTC AR detection methods have been adopted such as RNA-seq and immunostaining. Despite the variety of methodologies, we found that liquid biopsy detectable AR-V7 correlates with disease outcomes (Supplementary Figure 2).

In conclusion, ARSi and taxane-based chemotherapy are approved treatment options for CPRC patients and are used globally. Use of emerging methodologies, such as liquid biopsy-determined AR-V7, to optimize utility of a known predictive biomarker could help to guide the optimal treatment sequencing pathway for each patient in a personalised manner and is therefore of clinical importance. Standardization of liquid biopsy AR-V7 detection would underpin utility in clinical practice. Avoiding ineffective therapies or early switching to more effective approaches should ensure better outcomes for patients. However, further studies on chemotherapy-treated patient cohort and direct comparison of chemotherapy vs. ARSi are warranted.
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Supplementary Table 2 | Quality assessment of included studies based on adapted NOS scales.


Supplementary Table 3 | Sensitivity analysis of subgroups with more than 6 studies.

Supplementary Figure 1 | Inverted funnel plot to evaluate potential publication bias in OS (A) and PFS (B) of ARSi treated patients.

Supplementary Figure 2 | Forest plot of hazard ratios (HRs) for association of liquid biopsy AR-V7 status with OS (A), PFS (B), PSA-PFS (C) in all studies. Subgroup analysis were performed based on AR-V7 detection technique type. Pooled HRs were calculated using random effect model. AR-V7: androgen receptor splice variant 7. CI: confidence interval and bars indicate 95% CIs. PCR, polymerase chain reaction; qRT-PCR, quantitative real time PCR; ddPCR, droplet digital PCR; IF, immunofluorescence; IHC, immunohistochemistry; FC, flow cytometry; RNA-seq, RNA-sequencing.
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Background

The molecular biology of inverted urothelial papilloma (IUP) as a precursor disease of urothelial carcinoma is poorly understood. Furthermore, the overlapping histology between IUP and papillary urothelial carcinoma (PUC) with inverted growth is a diagnostic pitfall leading to frequent misdiagnoses.



Methods

To identify the oncologic significance of IUP and discover a novel biomarker for its diagnosis, we employed mass spectrometry-based proteomic analysis of IUP, PUC, and normal urothelium (NU). Machine learning analysis shortlisted candidate proteins, while subsequent immunohistochemical validation was performed in an independent sample cohort.



Results

From the overall proteomic landscape, we found divergent ‘NU-like’ (low-risk) and ‘PUC-like’ (high-risk) signatures in IUP. The latter were characterized by altered metabolism, biosynthesis, and cell–cell interaction functions, indicating oncologic significance. Further machine learning-based analysis revealed SERPINH1, PKP2, and PYGB as potential diagnostic biomarkers discriminating IUP from PUC. The immunohistochemical validation confirmed PYGB as a specific biomarker to distinguish between IUP and PUC with inverted growth.



Conclusion

In conclusion, we suggest PYGB as a promising immunohistochemical marker for IUP diagnosis in routine practice.
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Introduction

Inverted urothelial papilloma (IUP) is an uncommon neoplasm that accounts for less than 1% of bladder tumors (1). Although IUP generally exhibits a benign behavior, it has often been reported to show a synchronous/metachronous occurrence with papillary urothelial carcinoma (PUC), raising a concern of having an indeterminate malignant potential (1–3). The malignant potential of IUP has been reinforced by recent genomic data, where a high-risk subset of IUP was shown to harbor key driver oncogenes predisposing to PUC at the genomic level, including FGFR3 and TERT promoter mutations, although the frequency varied between studies (4–6). From the perspective of diagnostic accessibility, nevertheless, it remains controversial whether genomic tests should always be used to predict the oncogenic risk of IUP. Notably, previous studies also have exhibited considerable discordance between genomic mutations and their corresponding protein levels (7, 8). Therefore, assessing the oncogenic potential at the protein level with immunohistochemistry would be preferred, as the latter is a technique widely practiced in diagnostic pathology.

Along with the difficulty to identify the high-risk IUPs, the absence of reliable biomarkers to differentiate IUP from low-grade PUC with inverted growth is another unsolved issue in pathology diagnostics. IUP and PUC with inverted growth are well-known to share several microscopic features, such as slender trabeculae and mild cytomorphological atypia, which could lead to misinterpretation (3). Some ancillary tests, namely, Ki-67, p53, cytokeratin 20, and HER2 immunohistochemistry and genomics assays such as in situ hybridization or next-generation sequencing might be helpful in this context (6, 9–12). However, the use of these approaches is hampered by their limited accuracy and applicability (10).

Recent advances in proteomics have enabled in-depth functional analyses of several types of tumors (13–15). In contrast to genomic analysis, the proteomic layer directly reflects proteins, the final units controlling cellular functions. In addition, proteomics-based analysis is more likely to successfully discover a protein-based biomarker that can subsequently be used in immunohistochemistry, the most widely used ancillary diagnostic tool in practice. In previous studies, we presented proteome-based novel diagnostic markers of bladder urothelial carcinoma in liquid-based cytology and Formalin-fixed paraffin embedded (FFPE) specimens (16, 17). In this study, we performed a clinical proteomic analysis to identify proteome-based molecular profiles stratifying the risk in IUP and discover a reliable protein biomarker for the pathological diagnosis of IUP.



Materials and Methods


Patient Selection and Clinicopathological Review

FFPE tissue specimens were procured from the Pathology Department of the Seoul National University Hospital. The diagnoses were reviewed by three board-certified pathologists (MJ, KM, and HR), using hematoxylin and eosin slides, according to the 2016 World Health Organization Classification (18). The IUPs included in this study showed inverted trabeculae, cords, or nests of thin urothelium with intact maturation pattern and no cytological atypia (Supplementary Figure S1). Any patient with a previous history of bladder tumor and/or intravesical treatment was excluded. Clinical information was obtained from the medical records. The regional Institutional Review Board (IRB) approved the experimental protocols (IRB No. H-2009-163-1160).

For proteomic analysis, 31 tissue specimens, consisting of 9 IUP, 12 PUC, and 10 normal urothelium (NU), were included (Supplementary Table S1). All IUP and PUC specimens were cystoscopically resected from the urinary bladder. All PUCs were non-invasive (stage Ta) and 83.3% (10/12) were high-grade. For validation, we performed immunohistochemical staining in an independent validation cohort composed of 25 IUP and 16 PUC with inverted growth (Supplementary Table S1). The inverted growth pattern accounted for variable portions (mean ± S.D., 52 ± 32%) of PUCs with inverted growth. The overall demographics of the specimens for validation were similar to those of the proteomic cohort, except most (81.2%) PUCs with inverted growth in the validation cohort were low-grade. All patients with IUP, except for one, were followed up for 12–52 months (median, 31 months) by urine cytology, cystoscopy, or computed tomography, and no one showed recurrence.



Liquid Chromatography With Tandem Mass Spectrometry Analysis and Data Processing

Tandem mass spectrometry (LC–MS/MS) analysis was conducted following the methods used in our previous study (17). Briefly, target areas were macro-dissected from unstained FFPE slides. After filter-aided sample preparation and desalting procedures, a liquid chromatography-tandem mass spectrometry (LC–MS/MS)-based proteomic study was conducted, using a Q Exactive HF-X Hybrid Quadrupole-Orbitrap mass spectrometer (Thermo Fisher Scientific, Waltham, MA) and an Ultimate 3000 RSLC system (Dionex, Sunnyvale, CA), according to the instructions of the manufacturer. The MaxQuant.Live version 1.2 (Max Planck Institute of Biochemistry, Munich, Germany) was used to perform BoxCar acquisition (19). The MS1 resolution was set to 120,000 at m/z 200 for BoxCar, and the acquisition cycle comprised two BoxCar scans at 12 boxes (scaled width, 1 Th overlap) with a maximum ion injection time of 20.8 per box with the individual AGC target set to 250,000. The MaxQuant version 1.6.1.0 (RRID : SCR_014485) (20) was employed with the Andromeda engine (21) to process the MS raw files. In the global parameter, the BoxCar was set as the experimental type. All search parameters were set as the default parameter of the software. For label-free quantification, the iBAQ algorithm was used as part of the MaxQuant platform (22). Raw LC–MS/MS data were uploaded into the PRIDE database (RRID : SCR_003411; Accession ID: PXD027602).



Bioinformatic Analysis of the Proteomic Data

Proteomic data were analyzed using the Perseus software (RRID : SCR_015753, Max Planck Institute of Biochemistry). For comparisons, we performed an analysis of variance (ANOVA) and a two-sided t-test with a permutation-based false discovery rate (FDR) at significance level <0.05. Gene Ontology-biologic process (GOBP) and Gene Ontology-molecular function (GOMF) annotations were explicated using the Toppgene Suite (RRID : SCR_005726) (23). Protein–protein interaction (PPI) network models were constructed from the String database (24) and were illustrated using Cytoscape (RRID : SCR_003032) (25). The canonical pathway data were analyzed through the use of Ingenuity Pathway Analysis (Qiagen, RRID : SCR_008653, Hilden, Germany) (26).



Clinical Validation of Risk Prediction Biomarkers of Inverted Urothelial Papilloma Using the TCGA Database

The TCGA bladder cancer (BLCA) dataset was used to determine the impact of the IUP-risk biomarkers on the prognosis of bladder cancer (27), under the R environment (R Foundation for Statistical Computing, RRID : SCR_001905, Vienna, Austria; packages “survival” and “survminer”). The RNA sequencing data were chosen for clinical validation because there is no publicly available cohort that contains both high-throughput proteomics and prognostic information in bladder neoplasms. For 405 patients, the gene expression and survival data were obtained from the cBioPortal for Cancer Genomics (https://docs.cbioportal.org/; RRID : SCR_014555) (28, 29). The prognostic effects of the log2-transformed gene expression levels were assessed by calculating a hazard ratio (HR) with 95% confidence interval (CI) using univariate Cox proportional hazard models. Kaplan–Meier analysis and log-rank test were used to compare overall survival outcomes, according to the low vs. high gene expression levels, using the median as a cutoff.



Machine Learning-Based Stepwise Selection of Diagnostic Biomarkers for Inverted Urothelial Papilloma

First, we used a feature selection method for supporting vector machines with radial basis function kernel to choose the proteome with discriminative power between IUP and PUC (30). Next, the high-ranked proteins, selected from the machine learning analysis, were screened using The Human Protein Atlas (https://www.proteinatlas.org/; RRID : SCR_006710) (31, 32). Briefly, the antibody staining intensities (high, score 4; medium, score 3; low, score 2; not detected, score 1) were multiplied by the positive samples proportion showing each staining and then the scores were summed. For multiple antibodies, these scores were averaged. The finalized immunoscores in bladder urothelial carcinoma were compared against the relative fold changes derived from the t-test between IUP and PUC; when a protein was relatively overexpressed in urothelial carcinoma according to the public database but downregulated in PUC compared to IUP in the proteomic analysis, the protein was excluded. The finally selected markers were validated using immunohistochemistry.



Immunohistochemical Validation of Diagnostic Biomarker of Inverted Urothelial Papilloma

A validation cohort, consisting of IUP (n = 25) and PUC with inverted growth (n = 16), was utilized independently from those used for the proteomic analysis. Immunostaining assays for SERPINH1 (1:200, sc-5293, RRID : AB_627757, Santa Cruz Biotechnology, Dallas, TX) and PYGB (1:2,000, HPA031067, RRID : AB_2673722, Sigma-Aldrich, St. Louis, MO) were conducted in IUP and PUC with inverted growth, using an automated BenchMark ULTRA System (Roche Diagnostics, Rotkreuz, Switzerland). The immunostained glass slides were digitally scanned using an Aperio Digital Pathology Slide Scanner AT2 (Leica Biosystems, Buffalo Grove, IL). Expression of SERPINH1 and PYGB was quantified by “H-score” [1 ∗ (% cells 1+) + 2 ∗ (% cells 2+) + 3 ∗ (% cells 3+)], with an interpretation ranging from 0 to 300 (33), using the QuPath platform for bioimage analysis (RRID : SCR_018257) (34). The area under the receiver operating characteristic (AUROC) was calculated using MedCalc version 20.019 (MedCalc Software Ltd, RRID : SCR_015044, Ostend, Belgium) and the optimal level of H-score with corresponding sensitivity and specificity were estimated on the basis of the Youden index.




Results


Proteomic Signatures Divide Low Risk and High Risk in Inverted Urothelial Papilloma

Overall, the LC–MS/MS proteomic assay identified 9,890 and quantified 5,057 proteins, which were present in ≥20% of all samples, from peptides with high confidence (FDR <0.01). The normalized protein abundance is provided as Supplementary Table S2. Principal component analysis demonstrated that IUP was closer to PUC than NU (Supplementary Figure S2). Using a one-way ANOVA test among the three groups (Supplementary Figure S3A), 698 differentially expressed proteins (DEPs) were identified, and these proteins were used to stratify the risks in IUP compared with PUC and NU (Figure 1A, left). Specifically, ‘NU-like’ IUP signatures, namely, upregulation of SELENBP1, OGDH, and CKB (total, n = 66) and downregulation of TOP2B, NOC2L, and COA3 (total, n = 83), were similar between IUP and NU, as opposed to PUC (Figure 1A, left). On the other hand, ‘PUC-like’ IUP signatures, namely, upregulation of TSTD1, EOGT, and CIT (total, n = 120) and downregulation of DPH6, VPS13D, and SHPRH (total, n = 429), were similar between IUP and PUC, as opposed to NU (Figure 1A, left). We investigated the clinical significance of the 40 most significant proteins of the ‘NU-like’ and ‘PUC-like’ IUP signatures (Figure 1A, right) through survival analysis using the TCGA database. Univariate Cox analysis identified the significance impact of OGDH (HR = 1.469, 95% CI = 1.105–1.954, p = 0.008), SPON1 (HR = 1.092, 95% CI = 1.019–1.170, p = 0.012), PYGB (HR = 1.277, 95% CI = 1.080–1.511, p = 0.004), EPHX1 (HR = 1.159, 95% CI = 1.026–1.309, p = 0.017), SRP68 (HR = 1.643, 95% CI = 1.118–2.415, p = 0.011), and SETD3 (HR = 1.647, 95% CI = 1.180–2.299, p = 0.003) expression on poor urothelial carcinoma outcomes (Figure 1B). Among these proteins, low expression of SRP68 and high expression of SETD3 were concordantly observed in the ‘NU-like’ and ‘PUC-like’ IUP signatures, respectively (Figure 1A, right). These results are consistent with the ones derived from the BCLA survival analysis using the TCGA data; in the latter, low SRP68 expression was associated with favorable, whereas high SETD3 with poor prognosis (Figure 1C).




Figure 1 | Proteomics-based oncologic signatures of inverted urothelial papilloma (IUP). (A) ‘Papillary urothelial carcinoma (PUC)-like’ IUP and ‘normal urothelium (NU)-like’ IUP signatures selected from the ANOVA-based differentially expressed proteins (left). The 40 top-ranked proteins of each signature are summarized (right). (B) Hazard ratios with 95% confidence intervals of the significant univariate Cox analysis results of the 40 proteins in the TCGA bladder cancer (BLCA) dataset. (*p < 0.05, **p < 0.01). (C) Kaplan–Meier graphs of SRP68 and SETD3 in the TCGA BLCA dataset. (D) Distribution of Gene Ontology-Biologic Process (GOBP) categories enriched in the upregulated and downregulated proteomes of ‘NU-like’ IUP and ‘PUC-like’ IUP signatures. (E) The top 10 significantly associated GOBPs. (F) Protein–protein interaction networks of the proteomes included in the top 10 significant GOBPs and their related functions. Unconnected proteins are not presented.



We investigated the molecular functions associated with upregulated and downregulated proteomes in each group. Overall, the GOBP analysis showed significant enrichment of metabolism in all signatures and especially in the upregulated ‘NU-like’ IUP signatures (Figure 1D). The downregulated proteins of the ‘NU-like’ IUP signatures were also enriched in immune response, the upregulated ‘PUC-like’ IUP signatures were biased towards transport/membrane, transcription, and translation, while the downregulated ‘PUC-like’ IUP signatures were enriched in cell–cell interaction, responses to stimuli, and transport/membrane functions (Figure 1D). Figure 1E summarizes the top 10 significant GOBP terms of each signature set that showed concordant membership. The PPI networks of the proteins included in these top 10 GOBPs consistently highlighted metabolism in the upregulated ‘NU-like’ IUP proteins, immune response and metabolism in the downregulated ‘NU-like’ IUP proteins, metabolism and biosynthesis in the upregulated ‘PUC-like’ IUP proteins, and cell–cell interaction in the downregulated ‘PUC-like’ IUP proteins (Figure 1F). Previous studies identified metabolism, cell proliferation, immune response, and intercellular communication as constitutively altered functions in urothelial carcinoma (35, 36). Enhanced metabolism/biosynthesis functions and decreased cell–cell interaction/adhesion, consistent with what was found in the ‘PUC-like’ IUP signatures, were previously shown to promote PUC by supporting cell proliferation and structural breakdown (35, 37–39). Therefore, the results suggested altered metabolism, biosynthesis, and cell–cell interaction functions were consistent with the ‘PUC-like’ (high-risk) IUP.



Activation of Metabolism and Inhibition of Structure-Related Processes Are Distinctive Functions of Inverted Urothelial Papilloma

To further characterize the distinct pathobiology of IUP, we identified DEPs (permutation-based t-test FDR <0.05) between IUP and PUC, namely, PKP2, PYGB, SERPINH1, and TUBB, and those between IUP and NU, namely, ALDH1L1, JUP, COL14A1, and VIM (Figure 2A and Supplementary Figures S3A, B). GOBP-based 2D annotation enrichment analysis, as previously described (40), revealed that IUP was distinctly enhanced in the metabolism of amines and carboxylic acids yet repressed in cell response, transport/membrane, adhesion, interaction, and extracellular matrix (ECM) (Figure 2B). Similarly, IUP-common DEPs, or the intersecting proteins derived from the comparisons of IUP with PUC or NU, jointly coded for similar GOBP themes relevant to the oncologic significance of IUP as mentioned earlier, namely, metabolism, cell–cell interaction, cytoskeleton formation, and transport/membrane (Figures 2C, D). The representative IUP-common DEPs selected from the top 10 most significant GOBPs, namely, PKP2, ALDH1L1, CKB, SERPINH1, and TUBB, interacted towards upregulated processes related to desmosome formation or metabolism and downregulated processes related to cell–cell interaction, cell activation, and ECM (Figure 2E). In line with this, IPA for these IUP-common DEPs confirmed the activation of metabolism (z-score ≥2.0) and inhibition of cytoskeleton formation/cell–cell interaction (z-score ≤−2.0) as the constitutive pathways in IUP (Figure 2F). Figure 2G illustrates the activation of the TCA cycle and inhibition of the actin-cytoskeleton signaling in the IUP-common DEPs.




Figure 2 | Unique functional profiles of inverted urothelial papilloma (IUP). (A) Differentially expressed proteins (DEPs) identified by using t-tests between IUP and papillary urothelial carcinoma (PUC) (upper) and between IUP and normal urothelium (NU) (lower). (B) Matched Gene Ontology-Biologic Processes (GOBPs) commonly enriched in the DEPs from both comparisons (PUC vs. IUP and IUP vs. NU). (C) DEPs commonly upregulated or downregulated in IUP compared with NU and PUC (IUP-common DEPs). (D) GOBP categories related to the IUP-common DEPs. (E) Protein–protein interaction networks of the upregulated and downregulated IUP-common DEPs and their related functions. Unconnected proteins are not presented. (F) Ingenuity Pathway Analysis (IPA)-canonical pathways predicted to be activated (metabolism) or inhibited (cytoskeleton and cell–cell interaction) in IUP. (G) Detailed IPA pathways (TCA and actin-cytoskeleton signaling) showing activated (orange) or inhibited (blue) components in IUP.





Proteome-Based Machine Learning Analysis Identified Candidate Biomarkers for the Diagnosis of Inverted Urothelial Papilloma

To translate the findings from proteomics to IUP diagnosis in practice, we selected proteome features discriminating IUP from PUC and NU, using support vector machine-based machine learning. The lowest error rates, along with keeping the protein lists short, were achieved at 0.4% between IUP and PUC, corresponding to 10 proteins (Figure 3A), and at 0.13% between IUP and NU, corresponding to 3 proteins (Figure 3B). We failed to find GOBPs implicated in these proteome sets due to the small numbers. However, GOMF analysis identified aldehyde, glycogen, and redox metabolism enriched for the proteomes of IUP compared to PUC (Figure 3C), whereas aldehyde metabolism, cytoskeleton, and cell–cell interaction overrepresented by the proteomes of IUP compared to NU (Figure 3D). The results corroborated the indispensable roles of metabolism and cytoskeleton/cell interaction-related functions in IUP compared to PUC and NU.




Figure 3 | Biomarker discovery of inverted urothelial papilloma (IUP) diagnosis. (A) The 10 optimal biomarkers of IUP vs. papillary urothelial carcinoma (PUC), identified by a support vector machine. (B) The three optimal biomarkers of IUP vs. normal urothelium (NU) identified by a support vector machine. (C) Gene Ontology-Molecular Functions (GOMFs) enriched in the 10 optimal biomarkers of IUP vs. PUC. (D) GOMFs enriched in the three optimal biomarkers of IUP vs. NU.





PYGB Distinguishes Inverted Papilloma From Inverted Papillary Urothelial Carcinoma

To prioritize protein biomarkers for IUP diagnosis, the top 10 candidates selected by machine learning analysis between IUP and PUC were further shortlisted, based on the t-test FDR and the machine learning rank order (Figure 4A), resulting in the five most robust proteins; SERPINH1, ALDH1L1, PKP2, OGDH, and PYGB (Figure 4B). These were additionally narrowed down, based on the similarity between the proteomic profiles and knowledge-based immuno-expression in bladder urothelial carcinoma (Figure 4B, green heatmap); ALDH1L1, PKP2, and OGDH were excluded due to the discordancy. Finally, SERPINH1 and PYGB were selected as candidate biomarkers for the distinction between IUP and PUC (Figure 4B).




Figure 4 | Identification of PYGB as an accurate biomarker to differentiate inverted urothelial papilloma (IUP) from papillary urothelial carcinoma (PUC) with inverted growth. (A) Summary of the machine learning feature selection of 10 candidate biomarkers. (B) Selection of the five top-ranked proteins and further narrowing-down to the two proteins (SERPINH1 and PYGB), based on The Human Protein Atlas. (C) Immunohistochemical validation of SERPINH1 and PYGB in an independent cohort of IUP and PUC with inverted growth. (D) SERPINH1 immunostaining in IUP vs. PUC with inverted growth (Mann–Whitney p = 0.1333; n.s., not significant). (E) PYGB immunostaining in IUP vs. PUC with inverted growth (***Mann–Whitney p < 0.0001).



Differential diagnosis of IUP and PUC with inverted growth is one of the common pitfalls in pathological diagnosis of bladder neoplasms due to the morphologic similarity (3, 11, 12). We aimed to resolve this challenge by validating SERPINH1 and PYGB using immunohistochemistry in IUPs and PUCs with inverted growth. To achieve our goal, we additionally enrolled an independent cohort comprising IUP (n = 25) and PUC with inverted growth (n = 16) (Figure 4C). In a pilot test, discordantly to the proteomic analysis, SERPINH1 appeared to be diffusely expressed in IUPs compared to PUCs with inverted growth (Mann–Whitney p = 0.1333; Figure 4D); SERPINH1 was precluded from further study. However, PYGB was significantly upregulated in IUP compared with PUC with inverted growth (Mann–Whitney p <0.0001; Figure 4E), verifying the differential expression found in the proteomic data. The AUROC for the diagnosis of IUP vs. PUC with inverted growth using the PYGB H-score was 0.923 (p <0.0001) and the sensitivity and specificity were 72% (95% CI = 50.6–87.9%) and 100% (95% CI = 79.4–100%), respectively, when H-score 21.4 was set as the cutoff (Supplementary Figure S4). The morphology and clinical follow-up of IUPs were similar regardless of whether the immunostaining to PYGB was positive or not. Therefore, we propose that PYGB might be a useful immunohistochemical biomarker for differentiation of IUP from low-grade PUC with inverted growth.




Discussion

In the current study, we applied in-depth proteomics-based machine learning analysis and presented two novel findings as follows: 1) the comprehensive proteomic landscape of IUP to stratify its oncologic risk by identifying two subgroups, a low-risk and a high-risk and 2) a novel immunohistochemical biomarker PYGB to differentiate IUP from PUC with inverted growth.

The oncologic risk of IUP has been controversial in the literature (41–44). Up to 10% of IUPs have been reported to eventually progress into urothelial carcinoma (3). Our in-depth proteomic analysis indicated the presence of a high-risk IUP subgroup, sharing similar proteomic landscapes with PUC. First, based on the similarity of the 698 DEPs found among the three groups, the proteomic profile of IUP was clearly clustered into two risk-stratifying subgroups; the ‘NU-like’ IUP signatures that were most likely to indicate a low-risk group and the ‘PUC-like’ IUP signatures that were suspected to indicate an aggressive tumor behavior. The ‘NU-like’ IUP signatures included upregulation of proteins related to tumor-suppressive functions, namely, SELENBP1, OGDH, CKB, and GOT1 (45–48), besides downregulation of proteins related to oncogenic property, such as TOP2B, NOC2L, PSMD14, SRP68, CYP4F11, PDF, MCU, and HSPD1 (48–54). On the contrary, the ‘PUC-like’ IUP signatures prioritized proteins previously implicated in cancer promotion, including enrichment of oncogenes [CIT, GPAA1, SRRM2, SETD3, TWF1, and MRPS23 (55–60)] and low expression of tumor-suppressor proteins [SHPRH and ADD3 (61, 62)]. Especially, the survival analysis of the BLCA TCGA dataset further validated SRP68 and SETD3 as potential predictive candidates for the ‘NU-like’ (low-risk) or ‘PUC-like’ (high-risk) IUP. SRP68 is a key component of SRP ribonucleoprotein complex regulating endoplasmic reticulum trafficking for protein export and tumor cell mobility (63–65). We showed that low SRP68 mRNA expression was significantly associated with favorable BLCA prognosis in the TCGA dataset. A previous study also demonstrated that SRP68 was upregulated in bladder cancer compared with adjacent normal tissue and also suggested a key oncogenic function of SRP68 in urothelial carcinoma; this is concordant with our study, where SRP68 was highly expressed in PUC compared to the other two groups (51). High abundance of SETD3, one of the top proteins for high-risk ‘PUC-like’ IUP signatures, was associated with poor prognosis in the TCGA BLCA dataset. As an epigenetic regulator, SETD3 was previously suggested as a crucial oncogenic modulator in bladder cancer (56). Taken together, the application of SRP68 and SETD3 might be considered as potential biomarkers for identifying the high-risk IUPs.

In this study, a Gene Ontology analysis presented the biologic networks of the ‘PUC-like’ IUP signatures; these were characterized by alteration of metabolism, biosynthesis, and cell–cell interaction. Concordant findings have been reported in previous studies, showing alteration of macromolecules/metabolites and structural frameworks associated with tumorigenesis and progression of PUC (35, 37). In addition, membrane and transport functions were also enriched in the ‘PUC-like’ IUP signatures, also in accordance with a prior study that showed alteration in membrane transporters was associated with the malignant behavior of urothelial carcinoma (66). With the enrichment analysis, therefore, we suggest that unique cellular processes might promote an aggressive behavior of IUPs.

Moreover, using commonly expressed proteins in IUP based on the cross-comparison of the DEPs between IUP and NU or IUP and PUC, we also identified unique biological characteristics of IUP. Interestingly, the aforementioned GOBP functions related to the oncologic signatures of IUP, namely, metabolism, cell–cell interaction, and transport/membrane, were similarly enriched here. These results further support the innate significance of these functions in the tumor biology and the potential transformation of IUP. Also, the altered themes of transport/membrane, immune response, and response to stimuli in the IUP-common DEPs may reflect the hyperplastic process in reaction to inflammation, infection, and environmental stress previously suggested regulating IUP pathogenesis (3).

For the first time, along with proteome-based biologic analysis, we successfully discovered PYGB as a novel specific biomarker for the differentiation of IUP from low-grade PUC with inverted growth, using a machine learning feature selection and immunohistochemical validation. PYGB is a brain form of glycogen phosphorylase that supports survival and proliferation of various cell types (67). Glycogen comprises the major glucose storage, and glycogen metabolism balances glucose utilization and energy production (68). Glycogen phosphorylase regulates debranching of glycogen, mobilizing glucose to enter glycolysis pathway or a pentose-phosphate shunt (67). Recent studies revealed that IUP harbors frequent HRAS mutation at higher rates than that observed in PUC with or without inverted growth (6, 11). While uncontrolled activation of the RAS pathway transduces cellular proliferation in IUP (69), upregulated PYGB presumably fuels energy and anabolic sources required for the growth of IUP and downregulation of PYGB in PUC might concur with the metabolic reprogramming (67). In addition, altered energy and ROS metabolism, enriched in the upregulated IUP-common proteome, might corroborate the lack of glycogen deposit in IUP associated with hypoxia (68).

There are limitations in the study. Due to the rarity, the number of IUP included in the validation of the immunostaining for PYGB is relatively small. We are planning an external validation study to confirm the usefulness of PYGB by involving multiple institutions. In addition, the functional role of PYGB in IUP was not validated because in vitro or in vivo models of IUP are not available. Further studies are needed to confirm the biofunctions of PYGB in IUP.



Conclusion

In conclusion, we comprehensively investigated the in-depth proteomic landscape of IUP and found proteome signatures associated with oncologic risk. For the first time, we also discovered PYGB as an accurate biomarker to differentiate IUP from low-grade PUC with inverted growth. In difficult cases, a novel immunohistochemical biomarker such as PYGB can be particularly helpful to establish an accurate diagnosis and prevent a potentially unnecessary treatment.
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Background

To investigate the potential prognostic role of C-reactive protein to albumin ratio (CAR) in patients with urinary cancers, including renal cell carcinoma (RCC), bladder cancer (BC), and prostate cancer (PC).



Methods

We searched and screened literatures with PubMed, Embase, Cochrane Library, and Web of Science in January 2022. We applied combined hazard ratios (HRs) and 95% confidence intervals (CIs) to assess the associations.



Results

Thirteen studies including 2,941 cases were analyzed in our study. Merged results indicated that highly pretreated CAR was associated with inferior overall survival (HR 2.21, 95% CI 1.86-2.62, p < 0.001) and progression-free survival (HR 1.85, 95% CI 1.36-2.52, p < 0.001) for urinary cancers. In a subgroup analysis of OS by tumor type, CAR can be a predictor in RCC (HR 2.10, 95% CI 1.72-2.56), BC (HR 3.35, 95% CI 1.94-5.80), and PC (HR 2.20, 95% CI 1.43-3.37). In a subgroup analysis of PFS by tumor type, CAR can be a predictor in BC (HR 1.76, 95% CI 1.03-3.02), and RCC (HR 1.90, 95% CI 1.25-2.89). The reliability and robustness of results were confirmed.



Conclusions

High pretreated CAR was effective predictor of poor survival in patients with urinary cancers and can act as prognostic factor for these cases.



Systematic Review Registration

PROSPERO (CRD42022306414).
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Introduction

Urinary neoplasms, including renal cell carcinoma (RCC), bladder cancer (BC) and prostate cancer (PC), are usual cancers with increased morbidity and mortality. These three tumors were among the 10 most common malignancies in the United States in 2019 (1). In general, most cancers of the urinary system are found at a local stage. Tumor excision is the preferred management and can achieve well-pleasing outcomes. Nevertheless, some patients may develop metastasis at initial diagnosis, and most local tumors eventually progress to relapsing or metastatic disease. With the development of molecular targeted drugs (2, 3) and immunotherapy (4), the survival of urinary tumors has been greatly improved. However, the long-term survival of these tumors remains disappointing. Therefore, it is of interest to study the prognostic biomarkers in these cases in order to better understand their underlying mechanisms and contribute to the optimal treatment of urinary tumors.

There was increasing evidence of a link between tumor-caused inflammatory response and tumorigenesis and disease progression (5). Kinds of inflammatory and immune response factors have been reported as survival biomarkers for various cancers (6). The C-reactive protein to albumin ratio (CAR) is a measure of serum C-reactive protein (CRP) and albumin and is generated as the CRP level divided by the albumin level. The ratio was originally suggested to forecast the prognosis of acute hospitalized patients (7). Recently, various centers have explored the application of CAR as a prognostic biomarker for kinds of cancers, including gastric cancer (8), colorectal cancer (9), non-small-cell lung cancer (10), gallbladder cancer (11), etc. As for urinary neoplasms, a lot of studies have examined the prognostic value of CAR in RCC. After combining data from these studies, a meta-analysis confirmed that high pretreated CAR was effective predictor of poor survival in cases with RCC (12). Nevertheless, data with potential bias from univariable analysis was included, and the latest studies could not be included (13). Moreover, several studies focusing on the prognostic role of CAR in BC and PC have been published (14–17). This situation encouraged us to conduct the present study to present an integrated review of all related evidence exploring the value of CAR on outcomes in urological cancer patients.



Methods


Literature Searching

Our study was performed and presented following the PRISMA guidelines. The protocol has been presented on PROSPERO (No. CRD42022306414). A comprehensive literature search was conducted with MEDLINE, Embase, Cochrane Library, and Web of Science electronic databases. We searched and screened the potential literatures up to January 2022. The key words embraced: “C-reactive protein to albumin ratio” (e.g., “CAR”, “C-reactive protein to albumin ratio”, “C-reactive protein-to-albumin ratio”, “C-reactive protein/albumin ratio”), “urinary cancer” (e.g., “renal cell carcinoma”, “bladder cancer”, “prostate cancer”, “urothelial carcinoma”, “testicular cancer”, “penile cancer”) and “prognosis” (e.g., “survival”, “prognosis”, “outcome”, “progression”, “recurrence”, “metastasis”, “mortality”). A manual screen of study references was also conducted to obtain possibly relevant literatures. The language of included studies was restricted to English.



Study Inclusion and Exclusion

To be eligible for inclusion, studies must meet the following criteria: (1) studies focusing on the association between pretreated CAR and prognosis of urological cancers, including renal cell carcinoma (RCC), bladder cancer (BC), prostate cancer (PC); (2) studies reported the correlation of pretreated CAR with overall survival (OS), and progression-free survival (PFS); (3) studies directly offered hazard ratios (HRs) with 95% confidence intervals (CIs) in the multivariable cox analyses; (4) studies published in peer-reviewed journals. Exclusion studies according to exclusion criteria: (1) studies didn’t provided HRs with 95% CIs for pretreated CAR in the multivariable cox analyses; (2) duplicated studies; (3) not original articles, such as conference abstracts, reviews, letters or case reports. Two researchers (QSC, ZLY) screened and assessed the literatures independently. The dispute was settled through discussion.



Data Extraction

In the light of a pre-designed standardized form, data were extracted by two researchers (QSC, ZLY) as following: study features (author’s name, year of publication, region, study design, and number of study cases); patient and tumor characteristics (age, cancer type [renal cell carcinoma, bladder cancer, prostate cancer], cancer stage, detailed treatment strategy, follow-up duration, endpoints of outcome); characteristics of study methodology (detailed value of cut-off, determine method of cut-off, statistical methods of cox analyses, adjusted factors); the detailed HRs with 95% CIs of each study and endpoint.



Quality Evaluation

The New-castle-Ottawa Scale (NOS) was applied to assess the quality of the included studies. There were 9 items in total (18). The value of NOS higher than 6 was believed as high quality.



Statistical Analysis

HRs with related 95% CI in each qualified study were combined to assess the prognostic role of pretreated CAR in cases with urinary tumors. In each meta-analysis, Higgins I-Squared statistics and Cochran’s Q test were used to evaluate heterogeneity among the enrolled literature. I2 > 50% and/or P<0.1 were believed as measures of significant heterogeneity. In the case of significant heterogeneity, the random-effects model was applied to calculate the aggregate HRs and 95% CI. Otherwise, the fixed effects model was applied. Subgroup analyses of overall survival and progression-free survival were also conducted. Publication bias was evaluated by funnel plots, checked by Egger’s and Begg’s tests. We also conducted sensitivity analysis to examine the stability of the findings. Stata 12.0 (Stata Corporation, College Station) was applied for all statistical analyses.




Results


Included Literature

Literature search identified 242 studies, and no article was discovered through reference screening. As shown in the flow chart of the literature searching (Figure 1), 125 records retained after excluding duplicated studies. After screening literature titles and abstracts, 16 full-text papers retained for next evaluation. Two papers were removed due to lacking data from multivariable analysis, one article was excluded due to duplicate study. Finally, 13 literatures were included for evidence synthesis (13–17, 19–26).




Figure 1 | Flowchart of study searching and screening.





Study Features

Only data on RCC, BC and PC was identified, studies about the prognostic role of CAR in other urinary cancers were lacking. Table 1 outlined the main features of all enrolled studies. All studies were published recently (2015–2021) by Asian (Chinese, Japanese and India) researchers. All studies retrospectively analyzed data, nine of them based on single-center patients, four of them based on multi-institutional patients. The median or mean age of subjects ranged from 37 to 73.5 years, and the sample size ranged from 31 to 699. Of all studies, three looked at BC (14–16), eight looked at RCC (13, 19–24, 26), and two looked at PC (17, 25). Most patients were in various stages of the disease and undergo surgery. All studies provided the results of a multivariate Cox analysis. The adjusted factors included patient and tumor characteristics, as detailed in Table 2. All studies had high quality, with NOS scores ranging from 6 to 8, as shown in Table 3.


Table 1 | Baseline features of included studies.




Table 2 | Follow-up and oncological outcomes.




Table 3 | Newcastle–Ottawa scale for risk of bias assessment.





CAR and OS in Urological Cancers

There were 11 literatures on OS of urological cancers (13, 16, 17, 19–26). Since there was no significant heterogeneity among these literatures (I2 = 28.6%, p = 0.165), a fixed model was used for analysis. Pooled results showed that higher levels of CAR were associated with poorer OS for urological cancers (HR 2.21, 95% CI 1.86-2.62, p < 0.001). Subgroup analysis by cancer type showed that higher CAR levels were associated with poorer OS in RCC (HR 2.10, 95% CI 1.72-2.56, p < 0.001), BC (HR 3.35, 95% CI 1.94-5.80, p < 0.001), and PC (HR 2.20, 95% CI 1.43-3.37, p < 0.001) (Figure 2A). In addition to cancer type, a subgroup analysis of OS included many other variables, including year of publication, region, study design, sample size, cancer stage, and so on. The results for these grouping variables were still significant (Table 4).




Figure 2 | Forest plot reflects the association between CAR and OS/PFS for urological cancers. (A) CAR and OS; (B) CAR and PFS.




Table 4 | Subgroup analysis of overall survival and progression-free survival.





CAR and PFS in Urological Cancers

There were 7 literatures on PFS of urological cancers (13–15, 19, 22–24). Pooled results showed that higher levels of CAR were associated with poorer PFS for urological cancers (HR 1.85, 95% CI 1.36-2.52, p < 0.001). Subgroup analysis by cancer type showed that higher CAR levels were associated with poorer PFS in BC (HR 1.76, 95% CI 1.03-3.02, p = 0.039), RCC (HR 1.90, 95% CI 1.25-2.89, p = 0.003) (Figure 2B). In addition to cancer type, a subgroup analysis of PFS included many other variables, including year of publication, region, study design, sample size, and so on. The results for these grouping variables were still significant (Table 4).



Publication Bias

The funnel diagram of OS and PFS was shown in Figure 3, and the two were visually symmetric. Begg’s and Egger’s quantitative tests also showed that there was a low probability of publication bias for OS (P = 0.104 and 0.182) and PFS (P = 0.368 and 0.659).




Figure 3 | Funnel plot for publication bias. (A) correlation of CAR with OS in urological cancers; (B) correlation of CAR with PFS in urological cancers.





Sensitivity Analysis

Sensitivity analysis was further conducted to examine the effect of a single study on the overall results. There was no significant change in HRs associated with CAR and OS or PFS in patients with urinary cancers (Figure 4).




Figure 4 | Results of sensitivity analysis. (A) correlation of CAR with OS in urological cancers; (B) correlation of CAR with PFS in urological cancers.






Discussion

The present study attempted to systematically review the available literatures and to evaluate the prognostic significance of CAR in urogenital malignancies using a meta-analysis. Based on high-quality studies, high level of pretreated CAR was found to be significantly correlated to poorer OS and PFS after combining the data. Subgroup analysis by cancer type remained significant for RCC, BC, and PC. Subgroup analyses of several variables of OS and PFS did not alter the direction of the findings. Publication bias checks and sensitivity analyses also confirmed the reliability and robustness of our findings. CRP and albumin are common hematologic indexes in clinic, which are easy to measure and low cost. Thus, CAR can be applied as a competent prognostic indicator for urinary tumors.

For urological tumors, a comprehensive meta-analysis initially examined CAR as a prognostic factor in cases with RCC. They identify that high pretreated CAR was correlated to poorer OS and PFS (12). The associations of CAR and clinicopathological characteristics were also explored. High level of pretreatment CAR was identified to associated with several adverse factors, such as higher Fuhrman grade, higher TNM stage, venous thrombus formation, lymph node invasion, distant metastasis. However, the data from univariable analysis was included, which may bring in potential bias (27). And newly published articles cannot be included. Moreover, several studies investigating the prognostic role of CAR in BC and PC have been published (14–17). In this case, we only included data from multivariable analyses. The present study provided the latest and most integrated evidence of the prognostic role of CAR in urinary tumors. Based on adjusted data, we have found similar results to study by Zhou et al. (12). More detailed results about BC and PC were reported in the present study. Pretreatment CAR remained to be an important prognosis predictor for patients with BC and PC.

Inflammatory reactions promote the development of tumors by influencing the microenvironment of urinary tumors. Cancer cell proliferation, necrosis, invasion, and hypoxia trigger immune responses in the tumor microenvironment, and in turn trigger the generation of various of inflammatory factors (28). Serum C-reactive protein and albumin are indexes of chronic inflammation and malnutrition in cancer patients (29, 30). C-reactive protein is an acute phase protein generated in the liver that stimulates cancer-related inflammatory factors such as IL-1, IL-6, and TNF-A, resulting in progression of malignance (31). The studies showed that high CRP level was associated with poorer survival outcomes in urological cancer cases (32). Serum albumin level reflects the nutritional status of patients. Low serum albumin levels indicate malnutrition. Hypoalbuminemia is caused by nutrient intakes and tumor overconsumption and induces stimulation of inflammatory factors such as IL-1, IL-6, and TNF-A (33). CAR was generated in the light of CRP and albumin levels. Thus, CAR provides a biological basis and is considered a promising prognostic tool for urinary tumors.

There was increasing evidence of a link between tumor-caused inflammatory response and tumorigenesis and disease progression (5). Kinds of inflammatory and immune response factors have been reported as survival biomarkers for various cancers (6). Many other inflammatory biomarkers that were also prognostic in urologic tumors, such as neutrophil-to-lymphocyte ratio (NLR) (34), platelet-to-lymphocyte ratio (PLR) (35), lymphocyte-to-monocyte ratio (LMR) (36), etc. Based on published studies, similar meta-analyses about the prognostic role of these biomarkers in urological tumors also have been performed by many researchers. They are common hematologic indexes in clinic, easily to measure and low cost, which can be widely used. However, which marker was the best predictor, the studies comparing these markers were inadequate. We believed that combining these markers for prediction and improving prediction efficiency may be the direction of future researches.

However, some of the limitations of this systematic review should be explained. First of all, only 13 studies have been enrolled in the meta-analysis, which may lack statistical power, especially for BC and PC. Second, all enrolled studies were performed in Asia. Therefore, we should be careful to apply the results of the present study in patients from western countries. Third, all the included studies were cohort studies with retrospective design, which may result in selection bias. Fourthly, different cut-off values of CAR in different studies may lead to inconsistent outcome thresholds. Lastly, due to inadequate literatures, other urinary cancers were not analyzed in our study, and the endpoint cancer-specific survival was not studied.

Taken together, the present study identified that pretreatment CAR level could be a likely predictor for cases with urinary tumors. Nevertheless, well-designed prospective studies also are wanted to validate these results.
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Purpose

To systematically investigate the characterization of tumor microenvironment (TME) in clear cell renal cell carcinoma (ccRCC), we performed a comprehensive analysis incorporating genomic alterations, cellular interactions, infiltrating immune cells, and risk signature.



Patients and Methods

Multi-omics data including RNA-seq, single-nucleotide variant (SNV) data, copy number variation (CNV) data, miRNA, and corresponding prognostic data were obtained from The Cancer Genome Atlas (TCGA) and the International Cancer Genome Consortium (ICGC) database. The CIBERSORT algorithm was utilized to identify prognostic TME subclusters, and TMEscore was further quantified. Moreover, the mutational landscape of TCGA-KIRC was explored. Lastly, TIDE resource was applied to assess the significance of TMEscore in predicting immunotherapeutic benefits.



Results

We analyzed the TME infiltration patterns from 621 ccRCC patients and identified 5 specific TME subclusters associated with clinical outcomes. Then, we found that TMEcluster5 was significantly related to favorable prognosis and enriched memory B-cell infiltration. Accordingly, we depicted the clustering landscape of TMEclusters, TMEscore levels, tumor mutation burden (TMB), tumor grades, purity, and ploidy in all patients. Lastly, TIDE was used to assess the efficiency of immune checkpoint blockers (ICBs) and found that the TMEscore has superior predictive significance to TMB, making it an essential independent prognostic biomarker and drug indicator for clinical use.



Conclusions

Our study depicted the clustering landscape of TMEclusters, TMEscore levels, TMB, tumor grades, purity, and ploidy in total ccRCC patients. The TMEscore was proved to have promising significance for predicting prognosis and ICB responses, in accordance with the goal of developing rationally individualized therapeutic interventions.
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Introduction

Kidney cancer is a common urological malignancy worldwide, in which clear cell renal cell carcinoma (ccRCC) accounts for nearly 85% of all diagnosed cases, along with increasingly annual cancer-related deaths (1). Currently, surgical intervention, incorporating laparoscopic partial nephrectomy (LPN) or radical nephrectomy (RN), remains the treatment of choice (2, 3). Moreover, increasing studies have brought intensive insights into the immune-related therapeutic targets, especially the significant role of tumor microenvironment (TME) in cancer progression and drug responses (4–6). The structure of TME mainly consisted of parental tumor cells, tumor-associated macrophages (TAMs), mesenchymal stem cells (MSCs), dendritic cells (DCs), cytotoxic T cells, helper T cells, and other inflammatory-related factors, which were robustly demonstrated to be associated with prognosis across multiple malignancies, including urothelial cancer, lung cancer, gastric cancer, melanoma, and breast cancer (7–9). Meanwhile, TME heterogeneity was a pivotal determinant for therapeutic efficiency and exhibited different profiles during the process of tumor progression (10, 11).

ccRCC was significantly correlated with immune infiltration and precious intensive efforts were devoted to explore more sensitive biomarkers to improve immunotherapy precision, including immune-related signature, tumor mutation burden (TMB), and other specific immune cells (12–14). To date, we could utilize the advanced computational methods to infer the abundance of immune cells and other cell types, including ssGSEA, CIBERSORT, and ESTIMATE (15–17). Several cohorts investigated the clinical efficiency of TME, and potential mechanisms uncovering the TME and immunotherapy response have been well experimentally characterized across several malignancies (18). Job et al. explored the heterogeneity of tumor stromal composition and developed a TME-based classification of intrahepatic cholangiocarcinoma to detect potentially targetable cancer subtypes (19). Dai et al. identified extracellular KRASG12D that acted as a hub mediator of cancer cell–macrophage communication and also provided a novel KRAS-targeted anticancer strategy based on TME (20). Furthermore, Wu et al. further demonstrated that gemcitabine treatment resulted in metabolic changes in residual tumor cells, leading to the resistance to T-cell-mediated killing (21). However, the comprehensive landscape of TME in ccRCC and the potential relationships of TME with genomic mutation burden or other related risk signatures have been limitedly elucidated. In addition, Programmed death ligand 1 (PD-L1, CD274), expressed on tumor and/or immune cells in the TME, interacts with PD-1 on tumor-infiltrating lymphocytes, attenuating effector T-cell responses and allowing tumors to escape immune attack (22, 23). Previous studies have indicated that aberrant expressions of TME-related genes could trigger TME remodeling, thereby impacting immune checkpoint blocker (ICB) efficacy. For instance, Siglec-15 suppresses antigen-specific T-cell responses in vitro and in vivo. Targeting Siglec-15 amplifies anti-tumor immunity in the TME, functioning as a potential target for normalization of cancer immunotherapy (24). Based on the in vivo epigenetic CRISPR screen, Li et al. identified Asf1a as a key modulator of lung adenocarcinoma sensitivity to anti-PD-1 therapy. Asf1a deficiency synergized with anti-PD-1 immunotherapy by promoting M1-like macrophage polarization and T-cell activation (25). Therefore, whether TME-related signature could predict ICB efficacy of RCC is a promising and interesting project to deal with.

In the present research, we adopted two well-characterized algorithms to infer the specific fractions of 22 immune cells based on the renal cell carcinoma cohort gene expression profiles (26, 27). The TME infiltration patterns of 683 tumors extracted from patients were well estimated and we systematically correlated the TME sub-clusters with genomic characteristics, somatic mutation profiles, clinical or pathological features of ccRCC, and drug responses. Accordingly, we further conducted a methodology to quantify the TME infiltration pattern as the TMEscore, which was assessed from multiple aspects to be a robust prognostic marker or predictive factor for response to immune-checkpoint inhibitors in ccRCC.



Materials and Methods


Kidney Cancer Datasets and Data Preprocessing

We carefully screened the kidney cancer databases and filtered out the samples with incomplete genomic or clinical information. In total, we obtained the KIRC RNA-seq (N = 530), single-nucleotide variant (SNV) data (N = 417), copy number variation (CNV) data (N = 534), miRNA (N = 592), and corresponding prognostic data (screened only with survival information, N = 527) from The Cancer Genome Atlas (TCGA) database (https://portal.gdc.cancer.gov/projects/TCGA-KIRC). Moreover, we downloaded the RNA-seq of 91 samples with clinical data from the International Cancer Genome Consortium (ICGC) database (https://dcc.icgc.org/projects/RECA-EU). In addition, the Fragments Per Kilobase Million (FPKM) format of RNA-seq data from TCGA-KIRC was transformed into TPM (Transcripts Per Million), and the Reads Per Kilobase Million (RPKM) format of RNA-seq data from ICGC was normalized into TPM. Lastly, the patients with incomplete survival information or expression data were excluded in this study.



Estimation of Infiltrating Immune Cells in TME and Consensus Clustering

CIBERSORT (https://cibersort.stanford.edu/) is a developed algorithm utilized for deconvolving the expression matrix of immune cell subtypes based on the principle of linear support vector regression. Therefore, we pre-processed the RNA-seq (TPM normalized) data to infer the proportion of immune cells in tumor samples using the CIBERSORT algorithm and the LM22 gene signature. According to the proportion of immune cells analyzed by the CIBERSORT tool, we only selected the samples with p < 0.05 (N = 512 from total 618 samples). Based on the elbow (the square error of the WSSE group, which was obtained by looking for the “elbow point”) and gap statistics (the point where Wk falls the fastest, the value of k corresponding to the maximum value of Gap), we used the ConsensusClusterPlus package to find the TMEcluster with the best optimized K categories. Moreover, we conducted a total of 1,000 times iterations to achieve the robustness and stability of results and evaluate the potential relativity between survival outcomes and the classifications.

According to the TMEcluster results, the clustering results were mapped to RNA-seq data, and the limma package was utilized to search differentially expressed genes (DEGs) with p < 1e-03 and |log2FC|>2 as the cutoff value. We thus chose the class-specific differential genes and obtained the cluster signature genes using the random forest method to remove the redundant genes. Functional enrichment analysis was performed to observe the significant pathways that these signatures might be involved in. We referred to the algorithm introduced by Sotiriou et al. (28) and Cox regression model to calculate the TMEscore in ccRCC as the following: TMEscore = Ʃ log2(X+1) - Ʃ log2(Y+1), where X is the expression value of the positive gene set of Cox coefficient and Y is the expression value of the gene set of Cox coefficient. Last, we sought the best breakpoint of TMEscore using the maxstat package and then divided the samples into TMEscore-high and TMEscore-low to further analyze the prognosis between two main types.



The Mutational Landscape of TCGA-KIRC

According to the downloaded TCGA-KIRC single-nucleotide polymorphism (SNP) data (N = 336 with TCGAbiolinks package), CNV data (N = 534), methylation data (N = 483), and survival data (N = 539 with cgdsr package), we intersected them with the RNA-seq data and finally derived 210 samples.

A variety of mutation types existed in cancers, including C > A, C > G, C > T, T > A, T > C, and T > G. Based on the six basic mutational types, we then considered one base upstream and downstream of the mutation site. Each base had four categories of A, T, C, and G; thus, a total of 96 mutation types were obtained with 4 * 6 * 4. In order to investigate different types of mutations, researchers introduced the concept of “Mutational Signature” and have already identified a total of 21 various Mutational Signatures across 30 malignancies. The frequencies of the 96 mutational types in different cancers were different. Combined analysis of the occurrence of 96 mutation types can be used as a fixed mutation pattern. Several Mutational Signatures were currently included in the COSMIC database, some of which were known, such as signature4 and signature29, and were related to exposure to the smoking environment. Accordingly, we used the maftools package (https://bioconductor.org/packages/release/bioc/html/maftools.html) and the SomaticSignatures package (https://bioconductor.org/packages/release/bioc/html/SomaticSignatures.html) to map the mutational landscape and characteristics in ccRCC.

The GISTIC algorithm was used to detect common CNV regions in all samples, including chromosome arm horizontal CNV and the smallest common region across samples. The GISTIC algorithm parameter determined the peak interval with the 0.95 as the confidence level, and the others remained default parameters. We selected the corresponding GISTIC module in GenePattern to conduct the analysis. Meanwhile, we utilized the ABSOLUTE package (https://software.broadinstitute.org/cancer/cga/absolute_download) to conduct the tumor purity and ploidy analysis based on the CNV results. The ABSOLUTE algorithm was applied to calculate scores from the pre-designed cancer karyotype and somatic mutation frequency and then integrated them, from which the highest score was the optimal model. Then, the tumor purity and ploidy were accordingly inferred.



Integrative Analysis in TME of ccRCC

Firstly, we identified the differential transcriptome of miRNA or mRNA across several clusters and conducted functional enrichment analysis to uncover the specific biological processes in different TME subgroups. Furthermore, we conducted prognostic analysis of differential genes in the TME-high- and TME-low groups. We aimed to depict the molecular and clinical characteristics across TME subgroups from comprehensive omics data. Finally, the TIDE tool (http://tide.dfci.harvard.edu/) from Harvard University was used to assess the clinical efficiency of immune checkpoint inhibition therapy, where higher TIDE predictive scores correlated with poor therapeutic effect and worse prognosis. The whole process of analysis was illustrated in Figure 1.




Figure 1 | Flowchart of analytical process of TME phenotypes and TMEscore in our study based on two independent ccRCC cohorts.






Results


Landscape of Infiltrating Immune Cells in TME and Clustering Analysis

According to the integrated RNA-seq data (N = 618), we utilized the CIBERSORT package within 1,000 interactions to obtain the differential fractions of various immune cells across 512 samples, including CD4 cell, CD8 cell, B cell, and monocytes (Figure 2A). The clinical characteristics of all 618 ccRCC patients included in this study were shown in Table 1. We further depicted the potential associations among immune cells and their respective prognostic significance. We found that the Tregs cells and T follicular helper cells correlated negatively with survival outcomes, while Mast resting cells and T gamma delta cells were associated positively with prognosis in Cox regression models (p < 0.0001, Figure 2B; Table S1). Moreover, we combined with ConsensusClusterPlus package and iterated 1,000 times (K = 1:10) to stabilize the classification categories, obtaining the optimized classification of the samples (Figure S1). We observed that the TMEcluster classifications were significantly associated with survival outcomes when k = 5, among which the TMEcluster4 (N = 35) had the worst prognosis and TMEcluster5 (N = 105) had the best prognosis (Figure 2C). We further compared the immune cell proportions across different TMEclusters and found the significant survival differences across these 5 clusters (Figures 2D, 3; Figure S2).




Figure 2 | Illustration of landscape of TME in ccRCC patients and characterization of TME subclusters. (A) The specific 22 immune fractions represented by different colors in each sample were shown in barplot via CIBERSORT algorithm. (B) Cellular interaction of cell types in tumor micro environment. Favorable factors for overall survival were indicated in pink, and hazard factors for overall survival were shown in dark green. The lines connecting TME cells represented their cellular interactions, where the thickness of the lines indicated the strength of correlation calculated by Spearman correlation analysis. Positive correlation was indicated in black and negative correlation in silver. (C) Clustering analysis based on ConsensusClusterPlus package was conducted and indicates the optimized categories were 5 for classifications of TME phenotypes. (D) Kaplan-Meier curves with log-rank test for overall survival (OS) of all cancer patients from seven two cohorts (TCGA, ICGC) with the TME infiltration classes. The number of patients in TMEcluster 1, 2, 3, 4 and 5 phenotypes were n=148, n=123, n=101, n=35, and n=105, respectively. Log-rank test showed an overall statistical result of P=0.011, where patients with TMEcluster 5 were with the most favorable outcomes.




Table 1 | Clinical characteristics of all 618 ccRCC patients included in this study.






Figure 3 | Unsupervised clustering of TME cells for patients in the two cohorts. We assessed the differential infiltrating levels of immune cells in various clusters, where the memory B cells exhibited significantly enrichment in TME cluster5.





Identification of Significant Prognostic Signature Associated With TME

We set the cutoff value with p < 1e-3 and |logFC| > 2 to screen the DEGs and obtained a total of 13,571 genes across different clusters (Figure 4A; Table S2). Functional analysis indicated that these genes were mainly involved in humoral immune response, immunoglobulin-mediated immune response, and B-cell-mediated immunity (Figure 4B). Additionally, we utilized the Cox regression model to analyze the genes with survival outcomes and divided the samples into two groups, namely, TME-high and TME-low groups. Kaplan–Meier analysis indicated that patients in the TME-low group suffered from worse prognosis than those in the TME-high group (Figure 4C). The Sankey diagram also revealed the potential associations among TMEcluster, groups, and vital status (Figure 4D; Table S3).




Figure 4 | Construction of TMEscore and integrative analysis in TME. (A, B) Venn diagram showed the totally 13571 intersected genes, in which functional enrichment analysis indicates the genes might be involved in B cell mediated immunity, humoral immune response, lymphocyte medicated immunity and other cancer-related immune crosstalk. (C, D) Kaplan-Meier analysis and mulberry map indicate the patients in low TMEscore group correlate with poor survival outcomes (log-rank test, P < 0.001). (E) Mutated profiles of top variant genes correlated with TMEscore. Single nucleotide variants: dark green, InDel (insertion or deletion): red, frameshift: blue, Multi_hit: brown. TMEscores, TCGA molecular subtypes, TMEscore, gender, and overall survival status are shown as specific annotations.





Profiles of Cancer Somatic Genome and Relationships With TME

We performed the statistical analysis of the mutation data in 210 tumor samples, including mutation annotations, proportions of base change, and the top 10 drivers (Figure S3). In KIRC, the missense mutations occurred the most frequently, and the main types were SNP, followed by DEL and INS (Figure S3). In these samples, the top 10 mutated drivers included VHL, TTN, and PBRM1 (Figure S3). We further divided the patients into TME-high and TME-low groups, and the differential mutated profiles are illustrated in Figure 4E. Accordingly, we observed that VHL harbored the most mutated sites in KIRC distributed across nearly half of the cases. Furthermore, the oncogenetic drivers of UBBP4, SPEN, and BDP1 exhibited significantly differential mutated frequencies between two groups, and we illustrated the results in boxplots (Figure 5A). We then classified the mutations into 96 types and calculated the distributed frequencies in 210 KIRC samples (Figure 5B; Table S4). The relationships between mutated frequencies and specific signature were estimated based on the COSMIC dataset. We performed the non-negative matrix factorization incorporating the 210 samples as the rows and the 96 mutated types as the columns. We extracted the features and compared them with included signature in COSMIC. The mutated features in the TME-high group were mainly associated with signature5 and signature12, while those in the TME-low group correlated with signature5, signature6, and signature24. Signature6 was found to be involved in DNA mismatch repair defect, and signature 24 was associated with aflatoxin exposure (Figure 5C).




Figure 5 |  Characterization of mutated profiles and related signature between two TMEscore groups. (A) The oncogenetic drivers of UBBP4, SPEN and BDP1 exhibited significantly differential mutated frequencies between two groups and we illustrated the results in boxplot. (B) We accordingly classified the mutations into 96 types and calculated the distributed frequencies in 210 KIRC samples. (C) We extracted the features and compared them with included signature in COSMIC dataset. The mutated features in TME-high group were mainly associated with signature5, signature12, while those in TME-low group correlated with signature5, signature6, signature24. The signature6 was found to be involved in DNA mismatch repair defect, and signature 24 was associated with Aflatoxin exposure.



We also used the GISTIC software to analyze the CNV in two groups and found that the amplification of 15p, 5q, and 5p and the deletions of 9q, 15p, and 14q were the most prominent in the TME-high group. However, the amplification of 7q and 5q and the deletions of 9q, 3p, and 14q were the most significant in the TME-low group (Figure 6A). Moreover, we totally detected 102 amplifications and 79 copy number deletions in TME-high samples (MCRs, q-value < 1e-4) in Figure 6B. Among them, 5q11.2, 17q12, and 4q34.1 were the most significantly amplified regions and 4p16.1, 3q29, and 1q21.3 were the most significantly deleted regions. In TME-low samples, we totally detected 87 amplifications and 58 copy number deletions, among which 17q12, 20p13, and 5q11.2 were the most significantly amplified regions and 4p16.1, 1q21.3, and 12p13.31 were the most significantly deleted regions (Figure 6C). The tumor purity and ploidy of the samples were estimated based on the ABSOLUTE software. The range of tumor purity was 0.28–1 and the ploidy of the tumor cell genome was 1.78–9.06, indicating that the genome disorders occurred commonly during tumorigenesis (Table S5). Furthermore, Wilcoxon test suggested that no significant difference was observed between high and low TMEscore groups in Figure S4.




Figure 6 | Assessment of copy number variation (CNV) burden in two TMEscore groups. (A) We also conducted the GISTIC software to analyse the copy number variations in two groups and found that the amplification of 15p, 5q, 5p and deletions of 9q, 15p, 14q were the most prominent in TME-high group. However, the amplification of 7q, 5q and the deletions of 9q, 3p, 14q were the most significant in the TME-low group. (B) Besides, we totally detected 102 amplifications TME-high samples (MCRs, q-value<1e-4), among which 5q11.2, 17q12, and 4q34.1 were the most significantly amplified regions. In TME-low samples, we totally detected 87 amplifications and found 17q12, 20p13, 5q11.2 were the most significantly amplified regions. (C) The 79 copy number deletions in TME-high samples were detected, among which 4p16.1, 3q29, and 1q21.3 were the most significantly deleted regions. However, 1q21.3, 12p13.31 were the most significantly deleted regions in TMEscore low group.





Comprehensive Results and Significance of TMEscore in Predicting Immunotherapeutic Benefits

Differential analysis revealed a total of 45 differentially expressed miRNAs and 163 mRNAs between TME-high and TME-low groups (Tables S6, S7). Functional enrichment analysis suggested that these differential genes were mainly involved in B-cell-mediated immunity, humoral immune response, and other cancer-related pathways (Figures S5, S6; Table S8). The log-rank test revealed 19 survival-related miRNAs and 23 mRNAs, including hsa-mir-21, hsa-mir-223, hsa-mir-146b, hsa-mir-139, SAA1, SLC27A2, PPP1R1A, and SAA2 (Figure 7; Table S9). We further illustrated the comprehensive genomic landscape integrating TMEcluster, TMEscores, mutation features (purity, ploidy, and TMB), and clinical characteristics (age, gender, and overall status) in Figure 8A and Table S10. The TIDE dataset was utilized to estimate the clinical efficiency of immune checkpoint blockade (ICBs) therapy between two groups (Table S11). We accordingly found that the TIDE scores in the low TMEscore group were calculated significantly lower than that in the high TMEscore group (Wilcoxon test, p = 6.9e−06). The higher TIDE predictive scores in tumor correlated with worse effect of ICBs and poor survival outcomes. In the current analysis, we thus speculated that KIRC patients with higher TMEscores might benefit from better ICB efficiency and optimistic prognosis (Figure 8B). Additionally, we also conducted the receiver operating characteristic (ROC) curves to compare the differential power in predicting efficiency of ICBs between traditional TMB and established TMEscores, in which the TIDE scores were defined as the observation value. Overall, the TMEscore was proved to be an effective indicator for tumor prognosis and ICB efficiency based on Bootstrap test with p-value = 0.0436 (Figure 8C).




Figure 7 | Kaplan-Meier analysis was conducted to assess the significantly risk signature expressed differentially (top miRNAs and mRNAs) in two TMEscore groups. (A) hsa-mir-146b. (B) hsa-mir-21. (C) hsa-mir-139. (D) hsa-mir-223. (E) SAA2. (F) SAA1. (G) SLC27A2. (H) PPP1R1A.






Figure 8 | Systematic exhibition of TMEscore with other variables and associations with ICB efficiency compared with TMB. (A) Illustration of comprehensive genomic landscape integrating TMEcluster, TMEscores, mutation features (purity, ploidy, TMB) and clinical characteristics (age, gender, overall status). (B) In the current analysis, we found that KIRC patients with higher TME-scores might benefit from better ICBs efficiency and optimistic prognosis. (C) Compared with traditional indicator of TMB, TMEscore possess the more predictive sensitivity based on the ROC curve with 0.684.






Discussion

In this study, we integrated the multi-omics data of ccRCC cohorts (TCGA-KIRC, ICGC-ccRCC) to depict the genomic features of TME and evaluate the prognostic significance of TMEscore in clinical utility, especially guiding more valuable immunotherapy strategies. Firstly, we used the CIBERSORT to infer the fractions of immune-infiltrating cells in TME and exhibit the relatively specific profiles of immune cells. Subsequent consensus clustering analysis indicated that patients in TMEcluster5 showed better prognosis, in which the memory B cell accounted for the most abundant infiltrating proportions. Accordingly, the differential genes among the 5 clusters indicated that the functional enrichment pathways were humoral immune response and immunoglobulin-mediated immune response, especially the B-cell-mediated immunity. Meanwhile, we calculated the TMEscore as a robust prognostic factor, in which patients with a lower TMEscore suffer from worse survival outcomes. Mutational analysis revealed the differential mutation burden between two TME groups, especially the gene clusters of UBBP4, SPEN, BDP1, and DNAH2, and we further uncovered the associations of the low TMEscore group with signature6, signature5, and signature24 included in the COSMIC dataset (29).

Blockade drugs targeting the PD1/PDL1 signaling pathway have brought novel insights into the treatment strategies and exhibit relatively satisfactory efficiency across multiple tumors, including breast cancer, colon cancer, bladder cancer, advanced gastric cancer, and kidney cancer (30–32). However, the powerful biomarkers are warranted for predicting the drug response of immune checkpoint inhibitors. Previous researchers found that PD-1 or PD-L1 expression levels, MSI status, and mutational load were not ideal factors for predicting the benefits of drugs with lower sensitivity (33–35). So far, whether TMB correlates with improved survival outcomes or promotion of immunotherapies remains controversial in ccRCC and large cohorts are needed to validate its significance (36). As a result, it is urgent to develop a predictive biomarker of checkpoint immunotherapy for maximizing the therapeutic benefit. Intensive research has revealed the crucial role of TME in checkpoint inhibitor immunotherapy (37, 38). In our study, we further integrated the comprehensive landscape of interactions across tumor-infiltrating immune cells and relationships with clinical characteristics of renal cancer.

Our study suggested that the quantified TMEscore was a prognostic factor for ccRCC and significantly correlated with molecular sub-clusters. Dongqiang Zeng et al. have already uncovered the strong positive associations of TMEscore with mutation burden and predicted neo-antigen burden in more than 1,000 gastric tumor patients (32, 39). So far, the predictive biomarkers in clinical utility and strategies to assess clinical response have mainly shown interest in T-cell compartment, partially ignoring the contributions to anti-tumor immunity of other immune subsets (40, 41). However, Petitprez et al. confirmed the significance of immune subtypes in patients with soft-tissue sarcoma and disclosed the potential ability of B cells in forming tertiary lymphoid structures to guide new insights into clinical treatments (42). Of note, Helmink et al. further demonstrated and supported that the memory B cells were enriched in the tumors of responders for ICB treatment, implicating the foreground of novel biomarkers (43). Furthermore, our results suggested that a higher TMEscore was positively related to the subgroup of TMEcluster5, in which memory B cells revealed higher infiltrating levels compared with other immune cells. Meanwhile, patients with a higher TMEscore were associated with better ICB therapeutic efficiency, emphasizing that memory B-cell activation was the core mechanism of sensitivity to checkpoint blockade. These findings might facilitate the precise immunotherapy strategy and the combined management of both activation of memory B cell and traditional ICB. In addition, Netti et al. also found that PTX3 could modulate the immunoflogosis in TME and function as a prognostic factor for patients with ccRCC (44). Analysis of complement system activation on tumor tissues showed the co-expression of PTX3 with C1q, C3aR, C5R1, and CD59. The expression of PTX3 can affect the immunoflogosis in the ccRCC microenvironment, by activating the classical pathway of CS (C1q) and releasing pro-angiogenic factors (C3a and C5a). The upregulation of CD59 also inhibits the complement-mediated cellular lysis. Although this study uncovered the tight associations between PTX3 and TME remodeling, the predictive efficiency of PTX3 in ccRCC was not well elucidated and validated. Our established signature is a model constructed by multiple genes and has strong robustness. Calculation and application of our TMEscore would be useful for clinical prediction and ICB treatment of ccRCC.

Apart from the associations with immune filtration analysis, we further discussed the TMEscore with mutation profiles in ccRCC. We completely illustrated the mutational landscape in both groups and found the differential mutated frequencies of drivers between two TMEscore levels, including UBBP4, SPEN, and BDP1. In particular, Sharma et al. (45) also reported that the deleterious mutation of SPEN p.S1078* emerges as a putative potential therapeutic target in advanced-stage urothelial carcinoma. Additionally, we first analyzed the relationships between mutated distributions with a specific signature in the COSMIC dataset in two TMEscore groups. The included signature6 and signature24 were significantly associated with defective DNA mismatch repair, chromosomal instability, and exposure of aflatoxin, which might be one of the underlying explanations for the patients with poor survival outcomes in the low TMEscore group. Furthermore, we still detected the associations of mutation features in high TMEscore with signature5 and signature12 matched with unknown etiology annotations, and large cohorts with in-depth somatic mutated sequencing are warranted. Of note, CNV data were utilized to infer the tumor purity and ploidy and there was no significant difference between two TMEscore groups. We thus speculated that tumor purity might not function as a vital determinant for prognosis in two TMEscore levels. Moreover, differential analysis revealed the significant immune-related miRNAs (hsa-miR-29b-3p, hsa-miR-139-5p, and hsa-miR-142-5p), among which Montero-Conde et al. supported the idea that the hsa-miR-139-5p/HNRNPF axis served as a novel regulatory mechanism associated with the modulation of major thyroid cancer signaling pathways and tumor virulence (46, 47). Subsequent Kaplan–Meier analysis further identified 19 TMEscore-related prognostic miRNAs and 23 hub mRNAs (SAA1, SLC27A2, PPP1R1A, SAA2, etc.). We last drew the heatmap to exhibit the top 23 TMEscore-related hazard signatures combined with integrative analysis of TMB, purity, and subclusters between two groups, providing significantly therapeutic targets for ccRCC.

However, there were still several limitations in our work. Firstly, the fractions or prognostic value of TMEscore-related immune cells or risk signature are not validated by flow cytometry or other experimental studies. Apart from only two centers of TCGA or ICGC patients, other independent cohorts in our hospitals with more ccRCC patients were warranted to further support the clinical significance of TMEscore in predicting prognosis. Furthermore, we just utilized the TIDE dataset to estimate the ICB efficiency and we should enroll eligible patients treated with ICB drugs to compare the indicative value of TMEscore with TMB. As we observed that not all patients with high TMEscore gained better benefit of immunotherapy, more clinical factors should be incorporated to integrative models for the improvement of predictive accuracy.

Overall, our study systematically revealed unique biological insights into TMEscore in ccRCC, the major subtype of kidney cancer, combining complementary genomic, transcriptome, and mutation profiles with clinical characteristics, providing an invaluable bioinformatic resource for subsequent research on TME in ccRCC tumorigenesis. For the first time, we characterize in detail the TME subcluster, the establishment of TMEscore, the potential associations of TMEscore with mutation profiles, CNV burden, risk signature, and ICB efficiency. The TMEscore, as we have quantified, was proved to have promising significance for predicting prognosis and ICB responses, in accordance with the goal of developing rationally individualized therapeutic interventions.
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Aim

Neutrophil–lymphocyte ratio (NLR), platelet–lymphocyte ratio (PLR), or monocyte–lymphocyte ratio (MLR) has been shown to be related to the poor prognosis of cervical cancer, ovarian cancer, breast cancer, and other malignant tumors, but their role in predicting the prognosis of endometrial cancer is still controversial. Therefore, we conducted this meta-analysis to evaluate the effectiveness of NLR more accurately, PLR, or MLR in predicting the prognosis of endometrial cancer (EC).



Methods

This review systematically searched for relevant publications in databases of the Cochrane Library, PubMed, EMBASE, CNKI, WanFang, VIP, and CBM. Pooled hazard ratios (HR) with 95% confidence intervals (95% CI) were determined and used to explore the association between inflammatory biomarkers (NLR, PLR, and MLR) and overall survival (OS), progression-free survival (PFS), and disease-free survival (DFS) in a random-effects model. We also conducted subgroup analysis and publication bias in this meta-analysis. Stata 12.0 was used for statistical analysis.



Results

This meta-analysis contained 14 eligible studies including 5,274 patients. Our results showed that NLR or PLR was associated with OS [NLR: HR, 2.51; 95% CI, 1.70–3.71; p <0.001 in univariate analysis (Ua); HR, 1.87; 95% CI, 1.34–2.60; p <0.001 in multivariate analysis (Ma); PLR: HR, 2.50; 95% CI, 1.82–3.43; p <0.001 in Ua; HR, 1.86; 95% CI, 1.22–2.83; p = 0.004 in Ma], but MLR was not associated with OS (HR, 1.44; 95% CI, 0.70–2.95; p = 0.325 in Ua; HR, 1.01; 95% CI, 0.39–2.60; p =0.987 in Ma). A further subgroup analysis found that the correlations were not affected by race, cutoff value, sample size, or treatment. Our meta-analysis showed that NLR or PLR was associated with DFS (NLR: HR, 2.50; 95% CI, 1.38–4.56; p =0.003 in Ua; HR, 2.06; 95% CI, 1.26–3.37, P =0.004 in Ma; PLR: HR, 1.91; 95% CI, 1.30–2.81; p = 0.001 in Ua), and NLR was associated with PFS only in the univariate analysis (HR, 1.71; 95% CI, 1.04–2.81; p =0.035 in Ua; HR, 1.79; 95% CI, 0.65–4.89; P =0.257 in Ma), but MLR was not associated with DFS (HR, 0.36; 95% CI, 0.03–4.13; p =0.409 in Ua).



Conclusions

Our results indicated that pretreatment NLR and PLR were biomarkers of poor prognosis in patients with endometrial cancer. The results indicated that NLR or PLR was associated with OS and disease-free survival DFS, and NLR was associated with PFS only in univariate analysis, but MLR was not associated with OS or DFS.





Keywords: endometrial cancer, neutrophil-to-lymphocyte ratio, monocyte-to-lymphocyte ratio, prognosis, platelet−to−lymphocyte ratio



Introduction

Endometrial cancer (EC) is one of the most common malignant tumors in women, mostly in postmenopausal women. Each year, more than 140,000 women worldwide suffer from endometrial cancer, and it is estimated that more than 40,000 women die from this cancer (1). In recent years, the incidence of endometrial cancer has remained high and has a trend in the younger generation (2, 3). At present, the first choice of treatment is surgery, supplemented by radiotherapy and/or chemotherapy. However, a systematic review reported an overall recurrence risk of 13% for all endometrial cancer patients and 3% for patients at low risk (4). Therefore, we urgently need effective biomarkers for an individualized prediction of the treatment outcome and prognosis of endometrial cancer.

In recent years, many studies have confirmed that the occurrence and development of malignant tumors are closely related to inflammation, and the level of inflammation indicators can affect the prognosis of patients with malignant tumors. Among the common inflammatory indicators: neutrophil–lymphocyte ratio (NLR) has played a good predictive role in the prognosis of patients with colorectal cancer, gastric cancer, liver cancer, pancreatic cancer, ovarian cancer, breast cancer and urological tumors (5–7). Pretreatment thrombocytosis is related to the decreased survival rate of lung cancer, kidney cancer, ovarian cancer, vulvar cancer, and cervical cancer. Some studies have also reported that the platelet-to-lymphocyte ratio (PLR) and the monocyte-to-lymphocyte ratio (MLR) have been shown to be associated with the poor prognosis of a series of malignant tumors (8–14). However, they are still controversial for predicting the prognosis of endometrial cancer patients. Jianpei Li (15) concluded that C-reactive protein (CRP) was identified as the independent prognostic factor, but not NLR or PLR or MLR. Furthermore, Rong Cong et al. (16) indicated that the pretreatment NLR, PLR, and MLR were independent prognostic markers for OS in EC patients, and the combination of NLR, PLR, and MLR provided better prognostic value than any single ratio. As more studies are published, the prognostic values of NLR, PLR, or MLR in EC are still unclear. Therefore, the purpose of this study is to explore the influence of preoperative NLR, PLR, and MLR on predicting the prognosis of endometrial cancer patients.



Materials and Methods


Search Strategy

A systematic review was performed in accordance with the Preferred Reporting Items for Systematic Reviews and Meta-analyses guideline (registered name: Jiali Leng; ID number: CRD42021227644). We conducted a systematic literature search for potentially eligible studies. We searched PubMed, EMBASE, the Cochrane Library, CNKI, WanFang, VIP, and CBM databases systematically using the following key terms: (“platelet lymphocyte ratio” OR “PLR” OR “neutrophil lymphocyte ratio” OR “NLR” OR “monocyte lymphocyte ratio” OR “MLR”) AND (“endometrial neoplasms” OR “endometrial cancer”) (see Appendix for details). The search was updated in October 2020 without language or date restrictions.



Selection Criteria

Eligible studies must fulfill all of the following criteria (1): patients with endometrial cancer diagnosed by histopathology (2), provide pretreatment cutoff values of NLR or PLR or MLR (3), provided a hazard ratio (HR) with the corresponding 95% confidence interval (CI) (4), the measured outcome indicators include overall survival (OS) or progression-free survival (PFS) or disease-free survival (DFS), and (5) the included studies were cohort studies. The exclusion criteria were as follows (1): insufficient data for estimating HR and 95% CI values and (2) full text is not unavailable. All evaluations were independently conducted by two reviewers to ensure the comprehensiveness and accuracy of the included studies.



Data Extraction

Two investigators independently collected information from each included eligible study. The data were extracted as follows: name of the first author, country of study, year of publication, sample size, age, follow-up time, tumor FIGO staging, histological type, tumor grade, treatment method, interval between blood count measurement and surgical treatment, cutoff value of each inflammation indicators (NLR, PLR, and MLR), and the corresponding HR and 95% CI values of OS, PFS, or DFS. Two reviewers independently evaluated each study and reached a consensus after a discussion.



Quality Assessment

Two independent investigators use the Newcastle Ottawa Quality Assessment Scale (NOS) (17) to evaluate the quality of the eligible studies. An article with a NOS score of 6 or more stars was considered as a high-quality article.



Statistical Analysis

HR and 95% CI were used to assess the association between NLR/PLR/MLR and OS, DFS, and PFS. Cochran’s Q test and Higgins I2 statistic were used to test the heterogeneity of the combined data. Random-effects model was adopted in all of our studies. We further conducted subgroup analyses by race (Asian or non-Asian), sample (<300 or ≥300), treatment (surgery or surgery + chemistry or surgery + radiation or surgery + chemistry + radiation), NLR cutoff value (<2.20 or ≥2.20), PLR cutoff value (<175 or ≥175), and MLR cutoff value (<0.20 or ≥0.20). Egger’s test was used to assess the publication bias, and P <0.05 was considered statistically significant. All statistical analyses were performed using STATA 12.0 software.




Results


Search Results and Eligible Study Characteristics

A total of 716 articles from the primary literature were searched in the databases of Cochrane Library, PubMed, EMBASE, CNKI, WanFang, VIP, and CBM. A flow chart for the selection of eligible studies is presented in Figure 1. First of all, 208 duplicate records were found and removed. Then, 482 studies were excluded after the initial evaluation of titles and abstracts. Among the remaining 26 articles, 12 were further excluded because they were letters, meeting abstracts, or had insufficient data. Finally, 14 available studies were included in this meta-analysis (15, 16, 18–29).




Figure 1 | Screening flow chart.



The characteristics of the 14 studies are summarized in Table 1. Of the 14 publications, 11 assessed the relationship between NLR and OS in univariate analysis (Ua) and 10 in multivariate analysis (Ma), 4 studies evaluated the association between NLR and DFS in Ua and 2 studies in Ma, 2 assessed the relationship between NLR and PFS in Ua and 2 in multivariate analysis, 8 studies evaluated the association between PLR and OS in Ua and 6 studies in Ma, four evaluated between PLR and DFS in Ua, 5 studies evaluated the association between MLR and OS in Ua and 4 studies in Ma, and two evaluated between MLR and DFS in Ua. A total of 5,274 patients were enrolled, with sample numbers ranging from 32 to 1,111. The study quality assessment, as per the Newcastle–Ottawa Quality Assessment Scale, yielded scores ranging from 6 to 8, with a mean score of 7.1.


Table 1 | Characteristics of the included studies.





Association of Pre-Treatment NLR With Overall Survival

The association between NLR and OS was assessed in 11 studies in univariate analysis consisting of 4,235 patients and 10 studies in multivariate analysis consisting of 3,817 patients. Our results showed that NLR was associated with OS (HR, 2.51; 95% CI, 1.70–3.71; p <0.001 in Ua; HR, 1.87; 95% CI, 1.34–2.60, p <0.001 in Ma) (Figure 2A, B). We also performed a subgroup analysis by race, cutoff value, sample size, and treatment (Table 2). A further subgroup analysis found that this correlation was not affected by race (Asian: HR, 3.09; 95% CI, 1.96–4.87; p <0.001 in Ua; HR, 2.11; 95% CI, 1.54–2.91, p <0.001 in Ma) or NLR cutoff value (<2.20: HR, 2.62; 95% CI, 1.38–4.99; p =0.003 in Ua; HR, 2.31; 95% CI, 1.44–3.70; p <0.001 in Ma; ≥2.20: HR, 2.50; 95% CI, 1.36–4.58; p =0.003 in Ua; HR, 1.60; 95% CI, 1.09–2.36; p =0.016 in Ma) or sample size (<300: HR, 2.73; 95% CI, 1.59–4.68; p <0.001 in Ua; HR, 1.77; 95% CI, 1.40–2.23, p <0.001 in Ma; ≥300: HR, 2.34; 95% CI, 1.14–4.82, p =0.021 in Ua; HR, 1.87; 95% CI, 1.06–3.29; p =0.030 in Ma) or treatment (surgery: HR, 3.76; 95% CI, 2.67–5.30; p <0.001 in Ua; HR, 2.71; 95% CI, 1.83–4.02; p <0.001 in Ma; surgery + chemistry: HR, 4.09; 95% CI, 1.95–8.59; p <0.001 in Ua; HR, 2.83; 95% CI, 1.28–6.30, p =0.011 in Ma; surgery + chemistry + radiation: HR, 2.03; 95% CI, 1.39–2.96, p <0.001 in Ua; HR, 1.66; 95% CI, 1.15–2.40, p =0.006 in Ma).




Figure 2 | (A)Relationship between neutrophil–lymphocyte ratio (NLR) and overall survival in univariate analysis. (B) Relationship between NLR and overall survival in multivariate analysis.




Table 2 | The results of the subgroup analysis for neutrophil–lymphocyte ratio (NLR) and overall survival are summarized below.





Association of Pre-treatment NLR With DFS

The association between NLR and DFS was assessed in 4 studies in a univariate analysis consisting of 1,257 patients and 2 studies in a multivariate analysis consisting of 505 patients. Our meta-analysis showed that NLR was associated with DFS (HR, 2.50; 95% CI, 1.38–4.56, P =0.003 in Ua; HR, 2.06; 95% CI, 1.26–3.37; P =0.004 in Ma) (Figure 3A, B). A further subgroup analysis (Table 3) found that this correlation was not affected by race (Asian: HR, 3.19; 95% CI, 2.16–4.73, p <0.001 in Ua; HR, 2.06; 95% CI, 1.26–3.37, p =0.004 in Ma) or NLR cutoff value (<2.20: HR, 2.71; 95% CI, 1.26–5.82; p =0.011 in Ma; ≥2.20: HR, 2.70; 95% CI, 1.68–4.34; p <0.001 in Ua) or sample size (<300: HR, 4.11; 95% CI, 2.43–6.94, p <0.001 in Ua; HR, 2.71; 95% CI, 1.26–5.82; p =0.011 in Ma) or treatment (surgery: HR, 3.68; 95% CI, 1.55–8.75; p =0.003 in Ua; surgery + chemistry: HR, 2.37; 95% CI, 1.34–4.17; p =0.003 in Ua; surgery + chemistry + radiation: HR, 2.71; 95% CI, 1.26–5.82; p =0.011 in Ma).




Figure 3 | (A) Relationship between neutrophil–lymphocyte ratio (NLR) and disease-free survival (DFS) in univariate analysis. (B) Relationship between NLR and DFS in multivariate analysis.




Table 3 | The results of the subgroup analysis for neutrophil–lymphocyte ratio (NLR) and disease-free survival are summarized below.





Association of Pre-treatment NLR With PFS

The association between NLR and PFS was assessed in 2 studies in a univariate analysis consisting of 352 patients and 2 studies in a multivariate analysis consisting of 349 patients. Our meta-analysis showed that NLR was associated with PFS only in the univariate analysis (HR, 1.71; 95% CI, 1.04–2.81; P =0.035 in Ua; HR, 1.79; 95% CI, 0.65–4.89; p =0.257 in Ma) (Figure 4A, B). A further subgroup analysis (Table 4) found that this correlation was not affected by race (Asian: HR, 2.36; 95% CI, 1.11–5.03, p =0.026 in Ua) or NLR cutoff value (<2.20: HR, 2.36; 95% CI, 1.11–5.03; p =0.026 in Ua; ≥2.20: HR, 2.79; 95% CI, 1.72–4.53; p <0.001 in Ma) or treatment (surgery: HR, 2.36; 95% CI, 1.11–5.03, p =0.026 in Ua; surgery + radiation: HR, 2.79; 95% CI, 1.72–4.53; p <0.001 in Ma).




Figure 4 | (A) Relationship between neutrophil–lymphocyte ratio (NLR) and progression-free survival (PFS) in univariate analysis. (B) Relationship between NLR and PFS in multivariate analysis.




Table 4 | The results of the subgroup analysis for neutrophil–lymphocyte ratio (NLR) and progression-free survival are summarized below.





Association of Pre-Treatment PLR With Overall Survival

The association between PLR and OS was assessed in 8 studies in a univariate analysis consisting of 3,202 patients and 6 studies in a multivariate analysis consisting of 3,012 patients. Our results showed that PLR was associated with OS (HR, 2.50; 95% CI, 1.82–3.43; p <0.001 in Ua; HR, 1.86; 95% CI, 1.22–2.83; p =0.004 in Ma) (Figure 5A, B). A further subgroup analysis (Table 5) found that this correlation was not affected by race (Asian: HR, 2.32; 95% CI, 1.44–3.75, p =0.001 in Ua; non-Asian: HR, 2.78; 95% CI, 2.01–3.84; p <0.001 in Ua; HR, 2.01; 95% CI, 1.42–2.84, p <0.001 in Ma) or PLR cutoff value (<175: HR, 3.06; 95% CI, 2.32–4.05; p <0.001 in Ua; ≥175: HR, 2.14; 95% CI, 1.10–4.15; p =0.025 in Ua; HR, 1.83; 95% CI, 1.30–2.57; p =0.001 in Ma) or sample size (<300: HR, 2.05; 95% CI, 1.01–4.16; p =0.047 in Ua; ≥300: HR, 2.96; 95% CI, 2.36–3.72; p <0.001 in Ua; HR, 1.92; 95% CI, 1.16–3.18; p =0.011 in Ma) or treatment (surgery: HR, 3.50; 95% CI, 2.52–4.85; p <0.001 in Ua; HR, 2.70; 95% CI, 1.90–3.84; p <0.001 in Ma; surgery + chemotherapy: HR, 2.05; 95% CI, 1.02–4.13; p =0.044 in Ua; surgery + chemotherapy + radiation: HR, 2.09; 95% CI, 1.19–3.66; p =0.010 in Ua; HR, 2.01; 95% CI, 1.42–2.84; p <0.001 in Ma).




Figure 5 | (A) Relationship between platelet–lymphocyte ratio (PLR) and overall survival (OS) in univariate analysis. (B) Relationship between PLR and OS in multivariate analysis.




Table 5 | The results of the subgroup analysis for platelet–lymphocyte ratio and overall survival are summarized below.





Association of Pre-Treatment PLR With DFS

The association between PLR and DFS was assessed in 4 studies in a univariate analysis consisting of 1,257 patients. Our meta-analysis showed that PLR was associated with DFS (HR, 1.91; 95% CI, 1.30–2.81; p =0.001 in Ua) (Figure 6). A further subgroup analysis (Table 6) found that this correlation was not affected by race (Asian: HR, 2.13; 95% CI, 1.47–3.08; p <0.001 in Ua) or PLR cutoff value (≥175: HR, 2.03; 95% CI, 1.09–3.77; p =0.025 in Ua) or sample size (<300: HR, 2.67; 95% CI, 1.64–4.37; p <0.001 in Ua) or treatment (surgery: HR, 3.08; 95% CI, 1.30–7.31; p =0.011 in Ua).




Figure 6 | Relationship between platelet–lymphocyte ratio and disease-free survival in univariate analysis.




Table 6 | The results of the subgroup analysis for platelet–lymphocyte ratio (PLR) and disease-free survival are summarized below.





Association of Pre-Treatment MLR With Overall Survival

The association between MLR and OS was assessed in 5 studies in a univariate analysis consisting of 2,623 patients and 4 studies in a multivariate analysis consisting of 2,126 patients. Our results showed that MLR was not associated with OS (HR, 1.44; 95% CI, 0.70–2.95; p =0.325 in Ua; HR, 1.01; 95% CI, 0.39–2.60; p =0.987 in Ma) (Figure 7A, B). A further subgroup analysis (Table 7) found that this correlation was not affected by race (Asian: HR, 0.23; 95% CI, 0.00–22.06; p =0.528 in Ua; HR, 0.37; 95% CI, 0.02–8.45; p =0.532 in Ma; non-Asian: HR, 2.30; 95% CI, 0.51–10.36; p =0.278 in Ma) or MLR cutoff value (<0.20: HR, 2.30; 95% CI, 0.51–10.36; p =0.278 in Ma; ≥0.20: HR, 0.23; 95% CI, 0.00–22.06; p =0.528 in Ua; HR, 0.37; 95% CI, 0.02–8.45; p =0.532 in Ma) or sample size (<300: HR, 0.33; 95% CI, 0.00–73.9; p =0.688 in Ua; HR, 0.63; 95% CI, 0.01–48.82; p =0.837 in Ma) or treatment (surgery: HR, 0.23; 95% CI, 0.00–22.06; p =0.528 in Ua; HR, 0.37; 95% CI, 0.02–8.45; p =0.532 in Ma; surgery + chemotherapy + radiation: HR, 2.30; 95% CI, 0.51–10.36; p =0.278 in Ma).




Figure 7 | (A) Relationship between monocyte–lymphocyte ratio (MLR) and overall survival (OS) in univariate analysis. (B) Relationship between MLR and OS in multivariate analysis.




Table 7 | The results of the subgroup analysis for monocyte–lymphocyte ratio (MLR) and overall survival are summarized below.





Association of Pre-treatment MLR With DFS

The association between MLR and DFS was assessed in 2 studies in a univariate analysis consisting of 752 patients. Our meta-analysis showed that MLR was also not associated with DFS (HR, 0.36; 95% CI, 0.03–4.13; p =0.409 in Ua) (Figure 8). A further subgroup analysis (Table 8) found that this correlation was not affected by race (non-Asian: HR, 1.22; 95% CI, 0.62–2.39; p =0.562 in Ua) or MLR cutoff value (<0.20: HR, 1.22; 95% CI, 0.62–2.39; p =0.562 in Ua) or sample size (≥300: HR, 1.22; 95% CI, 0.62–2.39; p =0.562 in Ua) or treatment (surgery + chemotherapy + radiation: HR, 1.22; 95% CI, 0.62–2.39; p =0.562 in Ua).




Figure 8 | Relationship between monocyte–lymphocyte ratio and disease-free survival in univariate analysis.




Table 8 | The results of the subgroup analysis for monocyte–lymphocyte ratio (MLR) and disease-free survival are summarized below.





Publication Bias Analysis

In the univariate analysis (Ua), 11 articles on the relationship between NLR and OS were included in the study. The funnel plots showed that NLR and overall survival were roughly symmetrical. The funnel plots showed a low probability of publication bias. Consistently, the Egger’s test suggested that NLR and OS did not have a publication bias (P = 0.384 > 0.05) (Figure 9).




Figure 9 | Funnel plots of the relationship between neutrophil–lymphocyte ratio and overall survival in univariate analysis.



In the multivariate analysis (Ma), 10 articles on the relationship between NLR and OS were included in the study. The funnel plots showed a low probability of publication bias. Consistently, the Egger’s test suggested that NLR and OS did not have a publication bias (P = 0.986 > 0.05) (Figure 10).




Figure 10 | Funnel plots of the relationship between neutrophil–lymphocyte ratio and overall survival in multivariate analysis.






Discussion

Our pooled data of prognosis in the endometrial cancer patients suggest that NLR or PLR was associated with OS and DFS, and NLR was associated with PFS only in a univariate analysis, but MLR was not associated with OS or DFS.

Previous studies of Liwei Ni et al. (30) had shown that high levels of pretreatment NLR and PLR were associated with decreased OS and DFS in patients with endometrial cancer. In our study, we more comprehensively analyzed the associations between inflammatory markers with PFS and added an inflammatory marker, which was MLR. However, Liwei Ni concluded that NLR higher than the cutoff was associated with a shorter OS and poorer PFS. In contrast, our further subgroup analysis showed that the higher levels of pretreatment markers (NLR ≥ 2.20, PLR ≥ 175, and MLR ≥ 0.20) were not relevant to poorer survival outcomes.

Campbell SD Roxburgh (31) first discovered the role of systemic inflammatory response in predicting the survival of cancer patients. He stated that the progression of a disease depended on the inflammatory response between the tumor and the host, and the systemic inflammatory response of the host was an important independent prognostic factor for tumor prognosis. Campbell SD Roxburgh had shown that preoperative measures of systemic inflammatory response predicted survival outcomes of operable cancers, not being affected by tumor stage. Clinically, the most common indicators of systemic inflammatory response in cancer patients are biochemical or hematological indicators. As the new prognostic biomarkers, NLR, PLR, and MLR have been the focus in recent years. Francesmary et al. (32) hypothesized that endometrial cancer might be associated with long-term inflammatory stimulation. The periodic stripping of the endometrium, known as menstruation, is essentially a chronic inflammatory process: the thickness of the endometrium is significantly thickened in the hyperplasia period, the stroma is highly edematous in the middle stage of secretion, and the uterine spiral artery is proliferated and curled. In the menstrual period, prostaglandin stimulates the myometrium, causes uterine muscle contraction, and causes uterine spiral arteriole spasm for a long time; thus, the blood flow of the endometrium decreases, and endometrial ischemic necrosis occurred, eventually leading to the stripping of ischemic and necrotic endometrium. Due to “temporary amenorrhea” during pregnancy, the endometrium can rest and protect during pregnancy, reducing the possibility of endometrium malevolence. Infertility or delayed menopause increases the physiological inflammatory response time of the endometrium so that the endometrium is more likely to be exposed to an inflammatory environment, which increases the possibility of endometrium malevolence. Sun Tong et al. (33) found through Doppler ultrasound that there was abundant blood flow in the EC tumor tissue, and the detection rate of the blood flow in the tumor was more than 90%, which indicated t there was more angiogenesis in EC. Neutrophils secrete a large number of angiogenic factors in the blood circulation, which promote the rich blood flow in EC tumor tissue, and the formation and the distribution of blood vessels are extensive. Foreign literature had shown the peripheral hematological changes in patients with EC: neutrophils increased, monocytes increased, and lymphocytes decreased, that is, NLR increased. The mechanism of NLR increase can be explained by the occurrence of an inflammatory reaction and an immune reaction in EC patients, the changes of blood inflammatory cells, and the production of corresponding antibodies in endometrial cells (34). Clinically, the peripheral hematological markers of inflammation in cancer patients are often associated with a relative increase in platelet count and a decrease in lymphocyte count. The increase in platelet count leads to platelet aggregation and platelet degranulation, which promotes tumor angiogenesis (35). At the same time, growth factors secreted by platelets in large amounts accelerate the proliferation of tumor cells, enhance the invasion, adhesion, and metastasis functions of tumor cells, and aggravate the poor prognosis of cancer patients (36). Ural et al. (37) found in an endometrial biopsy that the PLR of EC patients was significantly higher than that of the normal group and the endometrial hyperplasia group—that is, PLR can distinguish patients in the EC group from those in the normal pathological group. Acmaz et al. (38) also showed that PLR in the dysplasia and cancer group was significantly higher than that in the normal control group. At present, there is no literature report on NLR, PLR, and MLR combined score grouping to evaluate the prognosis of EC patients.

Previous studies reported that NLR or PLR or MLR level was significantly associated with a certain survival outcome—for instance, Günsu Kimyon Cömert et al. (18) showed that PLR was associated with worse OS, and the cutoff value of PLR was 168 for OS. However, NLR and MLR were not associated with worse OS or DFS. Tadashi Aoyama et al. (19) found that NLR was associated with lymph node metastasis and that PLR was associated with worse PFS. Their receiver operating characteristic curves demonstrated that the best cutoff value of NLR for predicting lymph node metastasis was 2.18 and that of PLR was 206. The study of Rong Cong et al. (16) indicates that pretreatment NLR, PLR, and MLR are independent prognostic markers for OS in EC patients, and the combination of NLR, PLR, and MLR provides a better prognostic value than any single ratio. The cutoff value is 2.14 for NLR, 131.82 for PLR, and 0.22 for MLR. Cummings M (20) showed that both NLR and PLR were independent prognostic indicators for endometrial cancer for overall survival. MLR was also associated with worse OS only in the univariable analysis. The study of Ling Ding (21) showed that NLR and PLR were associated with worse OS and DFS, and the cutoff value of PLR was 123.5 and of NLR was 1.81. Wan Kyu Eo (22) found that MLR was associated with worse OS and DFS. Tomoko Haruma (23) showed that the DFS and OS rates of patients with a high NLR were significantly shorter than those for patients with a low NLR. Tomoko Haruma thought that pre-treatment NLR is a predictor of poor prognosis in endometrial cancer. Jianpei Li (15) had first found that CRP, except NLR or PLR, was identified as an independent prognostic factor in endometrial cancer. Isa Temur (24), Miaolong He (25), and Jing Wang (27) respectively reported that NLR was shown to be an independent prognostic biomarker in endometrium cancer. Holub (26) showed that pre-treatment NLR and MLR were associated with a worse survival outcome in endometrial cancer patients, and the cutoff value was 2.2 for NLR, 0.18 for MLR. Different studies choose different cutoff values and have different sample sizes. We pooled these studies to arrive at a fairly reliable conclusion. However, we do know that, in many studies NLR, PLR, and MLR are used as a continuous rather than a dichotomous variable, and the cutoff is really variable across studies. The fixed cutoff value by our article, such as 2.2 for NLR, should not be generalized. The selection of a cutoff value has limitations, and we still need a larger-sample-size study to determine a more clinically meaningful cutoff value.

However, some limitations in our meta-analysis should be mentioned. First, all of the included studies were retrospectively observational studies; thus, our results were based on unadjusted estimates; more accurate outcomes would result from adjustments for other confounders, such as age, body mass index, lifestyle, and so on. Second, the articles that only included 14 eligible studies, including 5,274 patients in this analysis, were insufficient, especially in terms of the subgroup analysis—the sample size might not be large enough to support the outcome stability and to conduct detailed subgroup analyses. Thus, a potential publication bias is very likely to exist in spite of the fact that no evidence was obtained from our statistical tests. Third, the language of the studies was limited to English and Chinese, which may result in potential language bias. What is more, the variable cutoff values of NLR (and PLR and MLR) might bring about noticeable heterogeneity, and the insight into whether these values were influenced by other conditions remains uncertain.

As new prognostic biomarkers, NLR, PLR, and MLR have been the subject of intense research in recent years. The remarkable advantages of the prognostic factor (NLR, PLR, and MLR) are that they can be obtained from routine clinical blood tests, which is convenient, affordable, and repeatable. They represent the dawn of the age of prognosis.



Conclusions

In summary, our results indicated that pretreatment NLR and PLR were biomarkers of poor prognosis in patients with endometrial cancer. The results (shown in Table 9) indicated that NLR or PLR was associated with OS and DFS, and NLR was associated with PFS only in the univariate analysis, but MLR was not associated with OS or DFS. Larger sample sizes of different ethnic populations are required to confirm our findings.


Table 9 | Survival outcomes of patients stratified according to neutrophil–lymphocyte ratio (NLR), platelet–lymphocyte ratio (PLR) , and monocyte–lymphocyte ratio (MLR) cutoffs are summarized below.
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Prostate cancer is the most dominant male malignancy worldwide. The clinical presentation of prostate cancer ranges from localized indolent to rapidly progressing lethal metastatic disease. Despite a decline in death rate over the past years, with the advent of early diagnosis and new treatment options, challenges remain towards the management of metastatic prostate cancer, particularly metastatic castration sensitive prostate cancer (mCSPC) and castration resistant prostate cancer (mCRPC). Current treatments involve a combination of chemotherapy with androgen deprivation therapy and/or androgen receptor signalling inhibitors. However, treatment outcomes are heterogeneous due to significant tumor heterogeneity indicating a need for better prognostic biomarkers to identify patients with poor outcomes. Liquid biopsy has opened a plethora of opportunities from early diagnosis to (personalized) therapeutic disease interventions. In this review, we first provide recent insights about (metastatic) prostate cancer and its current treatment landscape. We highlight recent studies involving various circulating biomarkers such as circulating tumor cells, genetic markers, circulating nucleic acids, extracellular vesicles, tumor-educated platelets, and the secretome from (circulating) tumor cells and tumor microenvironment in metastatic prostate cancer. The comprehensive array of biomarkers can provide a powerful approach to understanding the spectrum of prostate cancer disease and guide in developing improved and personalized treatments for patients.
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1 Introduction

Prostate cancer (PCa) is the second leading cause of cancer-related death in men (1). Based on GLOBOCAN 2020 estimates, over 1.4 million new cases of PCa and 375,304 deaths were reported worldwide and PCa was the most frequently diagnosed cancer in 112 countries in 2020 (2). Despite a decline in death rates over the past few years, due to early diagnosis and new treatment regimens, PCa remains the most dominant male malignancy worldwide. The 5-year relative survival rate for localized PCa is almost 100%, while for metastatic prostate cancer (mPCa) it is about 30% (3, 4). Patients with metastatic disease thus still have a dismal prognosis; hence there is an unmet need for improving outcome in these patients.

A central feature of prostate cancer is hormone (androgen) responsiveness, whereby castration or androgen deprivation therapy (ADT) causes tumor regression in most of the prostate cancer patients (3, 4). ADT targets the androgen receptor (AR) to inhibit tumor progression as a first line of therapy in patients with hormone sensitive or castration sensitive prostate cancer (HSPC or CSPC). Resistance to castration (or ADT) can result in primary castration resistant prostate cancer (CRPC) or metastatic CRPC (mCRPC) (Figure 1). A landmark study, by Huggins and Hodges, in 1941 led to the discovery of castration and/or androgen deprivation as effective treatment(s) for mPCa (5). This early discovery led to the insight that testosterone and AR signaling are key determinants of disease progression. Since 1941, ADT, by surgical and chemical castrations, has been used for the management of patients with advanced and metastatic PCa. The latest findings also show that AR signaling reactivation plays a major role in the emergence of (m)CRPC (6–8).




Figure 1 | Clinical disease states of prostate cancer. The onset of prostate cancer begins with the localized tumor formation in the prostate glands as diagnosed by blood PSA levels, MRI and/or tissue biopsy (1). However, some patients experience biochemical recurrence and can be diagnosed with high PSA levels with or without metastasis in distant regions of the body (e.g., Bone, lymph nodes, liver, and lungs) leading to non-metastatic castration sensitive prostate cancer nmCSPC (2a) or metastatic castration sensitive prostate cancer mCSPC (2b). Despite treatments with androgen deprivation therapy (ADT) with or without androgen receptor signaling inhibitor (ARSI) or chemotherapy (docetaxel), if the PSA and testosterone levels increase within the castrate range, then the disease is considered to have become (non)metastatic castration resistant prostate cancer (n)mCRPC (3a and 3b). To control the symptoms and to reduce the cancer progression, mCRPC is commonly treated with a combination of ARSI, radiotherapy (Radium-223) and chemotherapy. Created with Biorender.com.



In the last decade, major progress has been made towards understanding the pathogenesis of metastatic prostate cancer. Consequently, significant advancements in the treatment of metastatic HSPC or CSPC patients have been observed by the inclusion of docetaxel (chemotherapy) and/or AR signaling inhibitors (ARSI), also called novel hormonal therapies (NHTs) such as abiraterone, enzalutamide, and apalutamide. This introduction of chemotherapy and/or ARSIs as adjunct to ADT for most patients showed significantly improved median overall survival (OS) (9). Unfortunately, these advances have come with considerable novel challenges. The trials that were conducted showed significant heterogeneity in patient prognosis and difficulty in choosing/personalizing the treatment. In several trials, patients have been stratified according to their assumed disease load. In these analyses, consistently, chemotherapy seems to render no benefit in patients with so-called low volume disease. Treatment with ARSIs does not seem to depend on the initial volume of disease; however, initial disease load or risk of early treatment failure seem to affect the magnitude of gains, i.e., OS in randomized trials. A review published elsewhere summarized the clinical trials performed in advanced prostate cancer patients including mCSPC and mCRPC, leading to recent drug approvals and discussing optimal treatment selection (10). Improved biological and prognostic stratification of mCSPC patients, therefore, might be helpful to further improve outcomes. In this review, we explore which (circulating) biomarkers are available to improve the prognosis in mPCa patients, and biomarkers that may help to select more personalized treatments for these patients.



2 Metastatic Prostate Cancer Biomarkers: PSA and Beyond

Prostate specific antigen (PSA) is the most widely used biomarker for PCa. However, population-based PSA screening remains controversial as this led to considerable false positive results due to poor specificity and thereof overdiagnosis and overtreatment (11, 12). Many men have a raised PSA level without having cancer (high false-positive rate) i.e., due to non-cancerous enlargement or inflammation of the prostate. Conversely, a substantial number of men (15-20%) with a low PSA level (<4 ng/ml) have prostate cancer with advanced Gleason scores (false negative detection) (13, 14). Moreover, PSA fails to distinguish between localized and metastatic PCa (15). Several forms of PSA, i.e., free PSA, or isoforms of PSA, i.e., -2 proPSA, have been evaluated alone or combined for PC screening, i.e., the prostate health index (PHI = (-2 proPSA/free PSA) x total PSA1/2) that improved the accuracy of PCa predictors at biopsy (16, 17). Other clinically validated (serum and urine) biomarkers, when combined with PSA, showed improved diagnostic accuracy include Prostate cancer antigen 3 (PCA3), Mi-Prostate Score (MiPS), 4K score, epiCaPture, and STHLM3 (15).

Despite the emergence of other markers, PSA remains one of the prognostic markers for assessment of OS in mPCa patients. A study (in accordance with the Southwest Oncology Group, SWOG 9346 trial) concluded that 7-month PSA ≤ 0.2ng/mL is prognostic for longer OS of mCSPC patients on ADT (with or without docetaxel) (18, 19). However, the availability of a prognostic biomarker that could detect clinical benefit (or lack thereof) earlier than current long-term end points such as overall survival would aid in trial design and drug development. To facilitate the identification of (novel) biomarkers, liquid biopsy is a promising technique to screen body fluids that reflect disease progression and treatment response (20). Liquid biopsy analytes include circulating tumor cells (CTCs), extracellular vesicles (EVs), circulating cell-free nucleic acids [cell-free DNA (cfDNA), circulating tumor DNA (ctDNA), cell-free RNA (cfRNA) and circulating tumor DNA (ctRNA)], genetic markers, secretome (plasma proteins), Tumor educated platelets (TEPs) and other circulating cells in tumor microenvironment (TME) have been investigated as mPCa biomarkers (Figure 2 and Table 1). Besides circulating biomarkers, recognizing the distinct genetic features within metastatic prostate cancer, through testing for AR splice variants (AR-Vs) or tumor suppressor genes (TSGs), might also lead to prognostic and predictive biomarkers for precision medicine.




Figure 2 | Circulating biomarkers in prostate cancer. Primary prostate cancer metastasizes when tumor cells and cellular components break away and enter circulation (vasculature or lymphatics), travel to distant sites and form secondary tumor(s). These circulating tumor components provide an insight into the phenotypic and genotypic properties of the tumor, can act as a prognostic and predictive tool in determining the outcome of treatments. Circulating tumor cells (CTCs), extracellular vesicles (EVs), secretome (plasma proteins), genetic markers, circulating nucleic acids and other cells i.e., cancer-associated stromal cells or tumor-educated platelets (TEPs) in circulation, have been identified as potential biomarkers and is explored to further understand the clinical progression of prostate cancer and to aid development/optimization of treatments. Created with Biorender.com.




Table 1 | Summary of circulating biomarkers used in clinical studies and trials.




2.1 Circulating Tumor Cells

CTCs are tumor cells disseminated from primary and/or metastatic tumor sites that circulate in the vasculature with potential for distant seeding. Compared with traditional biopsies, CTCs are considered to better reflect inter- and intra-tumor heterogeneity. Although present at relatively low frequencies, CTC presence is associated with poor prognosis; their rise or decline is a strong and early predictor of treatment response, and their characterization can be used to determine treatment options (38). CTC enumeration using Food and Drug administration (FDA)-cleared CellSearch system (Figure 3) is the most frequently used system to assess prognosis and to determine early response to therapy in various metastatic carcinomas including metastatic prostate cancer (39–43). While CellSearch is useful to enumerate the CTCs, a major limitation is that it captures only Epithelial cell adhesion molecule (EpCAM) positive cells, and EpCAM-negative CTCs cannot be isolated by this system. The CTC yield also shows low viability and cannot be cultured for long periods (44). To overcome this limitation, multiple microfluidic technologies have been explored in the last two decades (45). A recent assay developed by Epic Sciences, known as the AR-V7LB, counts both EpCAM-positive and EpCAM-negative cells suggesting the epithelial to mesenchymal transition (EMT) (46, 47). A recent study showed that it was a useful platform in detecting AR-V7 in CTCs of mCRPC patients starting second generation treatment with ARSI, with a strong correlation to the CTC counts from the CellSearch platform (48).




Figure 3 | Analysis of circulating biomarkers. This figure depicts the technologies (developed and used at the Medical Cell BioPhysics Department at the University of Twente) that are generally used to identify/analyze circulating biomarkers in liquid biopsy. The FDA approved CellSearch (immunomagnetic enrichment) is the gold standard and is currently used for the CTC and tdEV enrichment from prostate cancer patient diagnostic leukapheresis (DLA) sample (1). An in-house developed tool - Automated CTC Classification Enumeration and PhenoTyping (ACCEPT) - is used to classify and enumerate the CTCs and tdEVs to better understand the morphology and phenotypic heterogeniety. Other deep learning tools such as Deep or Recurrent Convolutional Neural Networks (DCNN or RCNN) based algorithms were developed with improved segmentations models for automated and bias-free CTC enumeration (2). Enriched CTCs are further sorted into single cells using microwell arrays, analyzed for protein secretions in response to treatments, after which CTCs of interest are isolated (3). Omics profiling of selected CTCs and other circulatory markers including tdEVs, ctDNA, ctRNA and miRNA using polymerase chain reaction (PCR) and low-pass whole genome sequencing (LP-WGS) is performed to identify aberrations and analyze tumor heterogenity and aggressiveness (4). Created with Biorender.com.



As mentioned before, CTCs can be derived from epithelial cells, mesenchymal cells, and/or can be of hybrid phenotype. EMT is the characteristic feature of CTCs whereby epithelial cells gain the migratory properties of mesenchymal cells and the process is considered to play an important role in metastasis (49). Likewise, disseminated cells recover epithelial properties for rapid colonization through the mesenchymal to epithelial transition (MET). Related CTC phenotypes including E-CTCs (epithelial), M-CTCs (mesenchymal) and H-CTCs (hybrid) act as promising biomarkers. E-CTCs can be characterized by epithelial markers such as EpCAM, E-cadherin, Prostate specific membrane antigen (PSMA), cytokeratin (CK); M-CTCs express mesenchymal markers (Vimentin, Twist), and H-CTCs co-express epithelial and mesenchymal markers e.g. cytokeratin and vimentin as molecular markers for EMT (49). In an observational study, the involvement of survivin, an inhibitor of apoptosis, highly expressed in mCRPC and associated with poor clinical outcome in CTCs has been suggested and the study showed that siRNA-mediated survivin-knockout inhibited EMT and invasiveness of CTCs and DU145, an AR-independent metastatic PCa cell line (23). Intriguingly, another study suggested that hypermetabolic GM+ CTCs expressing glucose metabolic markers (PGK1/G6PD) as a promising biomarker, compared to the EMT CTCs subtypes, for diagnosis of mPCa. This study suggested a triple tPSA–Gleason–GM+CTCs marker panel with an improved AUC of 0.904, compared to the tPSA–Gleason–H-CTCs marker panel (0.874) (50). Thus, besides enumeration, CTCs phenotyping and comprehensive omics analysis (Figure 3) can improve prognostication or treatment prediction of mPCa.

In mCRPC patients, the presence of ≥5 CTCs in 7.5mL of blood predicts an unfavorable prognosis, whereas a post-treatment drop in CTC count predicts an improved prognosis (42). A multicentric study replicated these findings using an open-source Automated CTC Classification Enumeration and PhenoTyping (ACCEPT) software (Figure 3) for the prognostication of mCRPC patients (21). ACCEPT is a useful tool to detect and enumerate fluorescently labeled CTCs (and EVs) where classification into different subsets is based on linear gates applied to extract measurements of objects identified by a multiscale segmentation model. However, the use of linear gates causes segmentation of objects that lie very close to one another as one event, resulting in false positives that need to be eliminated during the manual review of thumbnails (51). Hence, there exists a need to develop fully automated and robust techniques to better enumerate CTCs. Deep and recurrent convolutional neural networks (DCNN or RCNN) have been developed and are currently used with improved segmentation that effectively classify and allow bias-free enumeration of CTCs (51–53). Moreover, few studies in mCSPC patients suggest that baseline CTC count is highly predictive of 7-month PSA response and 2-year progression-free survival (PFS), and that CTC count correlate with OS and PFS (54, 55). Besides CTC count, CTC phenotypic heterogeneity can help in making informed decisions about the therapy. It was shown that low CTC phenotypic heterogeneity was associated with better OS in ARSI-treated patients, whereas high heterogeneity was associated with improved OS in patients treated with taxanes (22).

Several genetic aberrations associated with castration resistance under anti-hormonal therapy include the amplification of AR (and/or the respective upstream enhancer) and alterations with the ligand binding site, altering ligand-preferences, or even enabling a constitutionally active isoform. Besides, AR alternative splicing isoforms (AR-v’s) are generated as one of the mechanisms for PCa transition to castration resistance. AR splice variants (AR-V1, 3, 7 and 9), is a phenomenon first reported in 2004, which recently earned renewed clinical relevance due to its role as a dynamic marker throughout disease progression and treatment-induced selective (clonal) pressure (56, 57). Among AR-Vs, the most frequently expressed and biologically significant is AR-V7, a transcript encoding a variant of AR that lack the ligand-binding domain and thereby functions as a constitutionally active nuclear transcription factor (58–60). Scher et al. observed patients with an increasing number of AR-V7 positive CTCs ranging from 3% by first line of therapy to 31% by third or greater line of therapy. Furthermore, it was suggested that patients with AR-V7 positive CTCs were more resistant to ARSI compared to treatments with taxanes, that resulted in longer OS in such patients (61). Moreover, whole blood analysis of CRPC patients revealed higher expression of AR-Vs (68% for AR-V7 and 32% ARv567es) in hormone-treated patients compared to the hormone-naïve (62). These studies suggest AR-V7 in PCa as a potential negative predictive biomarker for guiding AR-directed hormonal treatments for CRPC patients. Besides, AR-V3 that also lack the ligand binding domain, cell context-dependent variants like AR-V1 and AR-V9, which are conditionally activated variants have been described and could all play a role in progression to castration resistance and hence a clinical role (63–65).



2.2 Genetic Biomarkers

PCa is characterized by a wide variety of genomic aberrations encompassing copy number alterations, genomic mutations such as single-nucleotide variants (SNVs), insertions–deletions (indels) and multi-nucleotide variants (MNVs), and large-scale structural rearrangements. The active mutational mechanisms, mutation rate, and mutational landscape and drivers alter throughout disease progression and (treatment-driven) somatic evolution and clonal dynamics.

Within primary PCa, driver-gene analysis revealed enrichment or recurrence of mutations or copy-number alterations within SPOP, FOXA1, IDH1, TP53, PTEN, PIK3CA, BRAF, CTNNB1, HRAS, MED12, ATM, CDKN1B, RB1, NKX3-1, AKT1, ZMYM3, KMT2C, KMT2D, ZNF770, CHD1, BRCA2, CDK12 as reported by The Cancer Genome Atlas (TCGA) consortium (66). Additionally, recurrent genomic gains of chromosome 7 and 8q and heterozygous losses of 8p, 13q, 16q, and 18 were often observed within PCa (66).

Compared to another large-scale sequencing study focusing on mCRPC (67), the mutational landscape harbored an overall greater mutational burden and incidence of large-scale structural variants compared to primary PCa. However, the inventory of driver genes remains similar, with the marked exception of (treatment-induced) mutations on AR. The following genes were enriched with mutations compared to primary PCa: PRAD; AR, TP53, MYC, ZMYM3, PTEN, PTPRD, ZFP36L2, ADAM15, MARCOD2, BRIP1, APC, KMT2C, CCAR2, NKX3-1, C8orf58, and RYBP. Somatic alterations influencing the expression or function of AR have been reported as one of the main driving forces of castration resistance. Recurrent amplifications of AR and/or its upstream enhancer coupled with splicing aberrations (ARVs) and treatment-related hotspot mutations have been reported previously.

Tumor suppressor genes (TSGs) such as RB1, TP53 and PTEN are among the most frequently altered genes in PCa whereby co-operative functional loss of these TSGs has been associated with poor prognosis. Hamid and colleagues found increased TSG alterations (mono-/bi-allelic loss) in mPCa, 63% in mCSPC and 92% in mCRPC versus 39% in localized CSPC. Moreover, two or more TSG alterations were more frequent in mCRPC (73%) compared to mCSPC (28%) and localized CSPC (11%). Finally, it was concluded that TSG variants were linked to early relapse and worse outcomes in the CSPC patient cohort (68). Studies have also revealed a relationship between genetic alterations and disease volume. In the STAMPEDE trial on mCSPC patients, frequent alterations in the PTEN in high-and low-volume disease were observed, while TP53 alterations were found in low-volume disease (69). Stopsack and colleagues, found an association of SPOP alterations with improved prognosis, while aberrations in AR, cell cycle and TP53 were associated with worse prognosis (70). Moreover, RB1 loss was associated with poor prognosis in mCRPC patients (71 Apart from these TSGs, BRCA2 (PROREPAIR-B study) and CDK12 mutations have been associated with increased aggressiveness and metastases, short OS time and poor response to first-line therapy (3, 72).

Next to altered genes and mutations, PCa commonly harbors gene fusions and several solid tumors that demonstrate a high frequency of recurrent gene fusions (73, 74). One of the gene fusions is the enigmatic TMPRSS2-ERG fusion observed in 50-70% of all PCa cases, yet incidences have been reported to differ among different ethnic and geographical groups (66, 67, 73). TMPRSS2-ERG is a fusion between the AR-regulated transmembrane protease serine 2 (TMPRSS2) and v-ets erythroblastosis virus E26 oncogene like (ERG) genes, and is reported as an early event in PCa initiation (75). Fusion of these genes results in androgen-dependent transcription of ERG in prostate cancer cells. The TMPRSS2-ERG fusion is the most common fusion event within PCa, however, additional (less frequent) ETS-factor fusions have been reported (76). Due to the high prevalence of TMPRSS2-ERG, this somatic event is one of the predominant molecular classification factors and could be used as a promising diagnostic and prognostic marker (75–77). Overall, detection of genetic aberrations in mCSPC and mCRPC might have predictive value for defining treatment landscapes for these patients.



2.3 Extracellular Vesicles

Prostate cancer cells release extracellular vesicles (EVs) comprising of apoptotic bodies, microvesicles and exosomes (78). EVs contain bioactive cargo (proteins, nucleic acids, and metabolites), and are increasingly recognized as a pivotal player that play a crucial role in communication between tumor cells and the TME and can also act as prognostic and diagnostic markers. Studies indicated that PCa patients have 4-fold higher levels of nanovesicles expressing both PSA and CD81 (exosomal marker) compared to benign prostate hypertrophy (BPH) patients and healthy individuals where TME acidity seems to regulate the release of PSA-EVs in the blood of PCa patients (79).

Tumor-derived EVs (tdEVs) are also known to regulate osteoclasts and osteoblasts in the bone metastasis of PCa patients (78). A recent study has also indicated that EVs derived from mesenchymal-like prostate cells promote EMT of epithelial-like prostate cancer cells and render resistance to ADT (80). MiR-34a bearing EVs were suggested as a predictive biomarker since it was observed to promote sensitivity to docetaxel by decreasing endogenous B-cell Lymphoma 2 (BCL-2) expression (81). RNA sequencing also revealed other exosomal miRNA such as miR-1290 and miR-375, whose high levels were associated with poor OS in CRPC patients (82). Exosomal CD44v8-10 mRNA copy numbers in EVs were higher in docetaxel-resistant CRPC patients than in docetaxel naïve patients and control men (83). Joncas et al. studied plasma EVs as phenotypic biomarkers in PCa patients with different stages of disease progression in CRPC patients. Authors demonstrated a novel association between high levels of AR-V7 exosomal mRNA (with undetectable androgen levels) and high neutrophil-to-lymphocyte ratio (26). High expression of full-length androgen receptor (AR-FL) was also linked with AR-V7+ CRPC patients and predicted resistance to hormonal therapy (84, 85).

Nanou et al., investigated the clinical relevance of EpCAM+, CK+, DNA-, CD45- tdEVs using the CellSearch system in blood of CRPC patients. The availability of advanced image analysis made it possible to interrogate the images gathered by the CellSearch system for CTC enumeration revealing the presence of several subclasses of CTC and tdEV (51). Using the ACCEPT tool, well-defined tdEVs and CTCs were enumerated in CRPC patients (Figure 3), and patients with >5 CTCs and >105 tdEVs were associated with poor OS. Moreover, in the same study, tdEVs showed improved predictive power, regarding sensitivity, and specificity, when compared to CTC count alone (A. 24, 25). The high incidence and superior stability of tdEVs in circulation compared to CTCs, and the tdEVs cargo reflecting tumor heterogeneity make them a promising biomarker in the metastatic setting. However, their small size makes enumeration and characterization more challenging, but with advances in technology this is expected to improve in the near feature.



2.4 Cell-Free Nucleic Acids

Cell-free DNA (cfDNA) are DNA fragments that are released into circulation by dying or apoptotic cells in healthy individuals. cfDNA is considered to originate from hematopoietic cells, and in cancer patients, cfDNA constitutes DNA derived from tumor cells (ctDNA) next to those derived from hematopoietic cells. In mCSPC patients, Chen et al., found increased plasma cfDNA concentrations compared to 112 patients with localized disease and 34 healthy subjects. Moreover, more, and shorter sized cfDNA fragments were correlated with an increased risk of localized disease compared to healthy subjects. Although cfDNA was useful in distinguishing between the two groups, cfDNA fragment size showed poor predictive performance due to its low sensitivity and specificity (27).

ctDNA has emerged as a promising biomarker with diagnostic, predictive and prognostic applications in cancer. Genomic analysis of plasma ctDNA has gained attention in recent years and aberrations in ctDNA overlapped substantially with those in tumor tissue, especially with those in bone lesions of mPCa patients (86). Several techniques have been employed for the detection and characterization of ctDNA within the total pool of cfDNA. The sequencing techniques involved can be classified into Sanger sequencing, Pyrosequencing, and next-generation sequencing (NGS). NGS holds an advantage as its sensitivity is 10 times higher compared to the other methods. Hence, it is the most commonly used sequencing technique to detect ctDNA, which is less than 1% of the total cfDNA pool (47). ctDNA can be detected using different types of biomarkers including tumor-specific somatic mutations, copy number variations (CNVs), phasing of histones and methylation patterns (87, 88). Mutant molecules and CNV numbers were consistent with metastatic tissue and the amount of ctDNA reflected poor prognosis (29, 30, 86). In a study by Wyatt et al., next-generation sequencing was performed across 72 genes in 45 cfDNA samples (ctDNA greater than 2% of the cfDNA). The results indicated AR alterations, mutations in SPOP and tumor suppressor genes and alterations in the AR, PI3K and WNT pathways of mCRPC patients who showed disease progression following one line of AR targeted therapy (86). ctDNA is also abundant in most mCSPC patients, providing additional insight into metastatic disease beyond the information diagnosed in primary prostate biopsy. Additionally, higher ctDNA levels were predictive of ADT failure and shorter metastasis-free survival (29–31, 88, 89). In a study, Fettke and Kwan et al. performed integrated sequencing of cfDNA and cfRNA from 67 mCRPC patients and found that AR alterations (AR gain and AR-V expression) correlated with poor prognosis (28). Additional larger randomized studies (with and without a specific treatment) are required to determine the potential of cfDNA, ctDNA, and/or cfRNA as a diagnostic, prognostic, or predictive marker for mPCa.



2.5 Secretome

The secretome is a class of proteins that are secreted in the extracellular space and is considered a reservoir of potential biomarkers for cancer (and other diseases). In cancer, the tumor cells (and the TME) produce a secretome with an altered composition compared to their normal state. Evidence from the literature suggests that the tumor secretome plays a vital role in cancer metastasis and progression. Tumor secretome is largely studied using bulk cell approaches, however, this approach fails to identify existing phenotypic and genotypic heterogeneity in specific cells or biomarkers of interest (90). Furthermore, it has become apparent that genetically identical cells can give rise to phenotypic variability (91, 92) indicating that profiling (single-cell) secretome signature is important to gain insights into the tumor heterogeneity, tumor biology, cellular interactive networks, and can be used for individualized diagnosis and therapeutic monitoring.

Single cell omics have gained importance over the recent years as it provides a valuable platform to measure multiple molecules such as DNA, RNA, and proteins secreted from a single cell. One of the major clinical challenges in early diagnosis and designing effective personalized therapeutics has been the lack of adequate technologies to comprehensively characterize inter- and intra-tumor heterogeneity. A recent study developed a novel technology (Figure 3) to perform proteomic analysis from single PCa cells. Abali et al., quantified protein secretions from LnCAP and VyCAP cell lines in picograms of PSA produced per cell per day. The effect of different drugs on each cell and their PSA secretions (over a period of 24-72 hours) could be quantified (93). At any time point, the individual cells can be isolated and probed for their molecular composition (94). Single-cell secretome profiling of the tumor allow reconstruction of signaling/communication networks at a systems-level and can provide valuable insights into the origins of tumor heterogeneity, tumor differentiation and evolution, and has the potential to enable the development of more effective personalized medicines for human cancers. The ability to perform such experiments on actual CTCs of mPCa patients could make personalized therapy for mPCa a reality. Availability of a sufficient number of CTC would, however, be a condition to realize this. The use of Diagnostic Leukapheresis enables the harvest of a sufficient number of CTC and as already been successfully accomplished in this disease setting (95). Apart from PSA, other biomarkers in the tumor secretome that can shed light to the complexity of the disease include a variety of cytokines and proteases, however, they lack specificity suggesting a panel of biomarkers would have a greater potential for better prognosis and in predicting therapy response.


2.5.1 Cytokines

Studies indicate that cytokines play a major role in PCa pathogenesis. A study by Pal et al., profiled the levels of cytokines in mPCa patients. The results indicated a decrease in the baseline levels of interleukins (IL) IL-6 and IL-10 and an increase in pro-inflammatory cytokines (IL-5, IL-10, IFN-γ, TNF-α) in ARSI-responsive patients when compared to ARSI-resistant patients (32). IL-8 (CXCL‐8), another pro-inflammatory cytokine released by tumor cells (and macrophages), is significantly higher in cell lines with invasive behavior and metastatic potential such as PC-3 and DU-145 compared to the less invasive LnCAP cells. Studies also found elevated levels of circulating IL-8 in men with bone metastasis compared to those with localized cancer. Harshman et al., studied the impact of serum IL-8 on mCSPC patients in the CHAARTED trial and indicated that at ADT initiation, serum IL-8 levels were elevated and predicted worse OS. The prognostic impact of IL-8 remained independent of metastatic burden, time to metastasis, and docetaxel use, and predicted a short-time to castration resistance (33). IL-23 secreted by myeloid-derived suppressor cells (MDSCs) and activating the pSTAT3-RORγ signaling pathway thereby promoting survival and proliferation of PCa cells, was shown to promote CRPC by activating the AR pathway. Calcinotto et al., observed higher frequency of IL-23-producing MDSCs in tumor biopsies in CRPC compared to CSPC patients, correlating with elevated levels of IL-23 in circulation (96). They further demonstrated that inhibition of IL-23 using IL-23 blocking antibodies restored sensitivity to AD therapy in mice suggesting blocking IL-23 during first-line therapy might reverse resistance to ADT in patients with mPCa (96). These studies show great promise using immune-related circulating biomarkers (cytokines) as predictors of outcome of treatments for patients with mPCa.



2.5.2 Proteases

Aberrantly expressed proteases are excellent candidates for cancer biomarkers, as they play critical roles in various hallmarks of cancer (97). Besides PSA, a protease in the Kallikrein family (KLK3) regulated by androgen signaling, matrix metalloproteases (MMPs) are a family of proteolytic enzymes that are known to degrade extracellular matrix (ECM) and support tumor proliferation and growth as well as migration, and metastasis. Studies have indicated a higher expression of various MMPs (MMP-2, -3, -7, -9, -13, -14, -15 and -26) in metastatic cancer, while MMP-1 expression correlates with early-stage cancer. Among MMPs, MMP-2, -7, -9 and membrane-type (MT)-MMPs are the most extensively studied MMPs in PCa progression (97).

Murray et al., found high MMP-2 expression in CTCs and disseminated tumor cells (DTCs) in mPCa patients. Patients with bone metastases showed an increased expression of HER-2 protein and a resulting increase in MMP-2 expression (34). MMP-3 is also known to promote cancer cell growth and metastasis. Frieling et al., observed high levels of MMP-3 expression in PCa patients with bone metastasis. PCa cells are considered a rich source of MMP-3 in the tumor bone microenvironment. MMP-3 ablation, in vitro and in vivo, suppressed cancer cells proliferation and reduced bone metastasis (98). High levels of circulating MMP-7 have also been observed in PCa patients with distant metastasis, particularly bone metastasis (35). Significantly elevated mRNA and protein levels of MMP-9, activated by MMP-2 and MMP-3, were seen in malignant compared to benign tumors. In PCa, MMP-2 and MMP-9 are relevant molecular biomarkers that reflect the tumor’s invasive and metastatic potential (97). Dhar et al., analyzed single-cell CTC-secreted MMPs (MMP-1, -2, -7, and -9) in CRPC patients and found that patients responding to treatment and with lower levels of PSA, had lower MMP levels. While CTCs from patients with (bone and lymph node) metastasis showed higher MMP levels (36). These preliminary results indicate a correlation between metastasis, PSA levels, and MMP secretion, thereby establishing a possibility to use MMPs as a prognostic biomarker.

Cathepsins are another family of proteases that not only play an important role in tumor metastasis and progression, but also activate other proteases like proheparanase, urokinase-plasminogen activator (uPA), and MMPs. Cathepsin K (CatK) expression is significantly higher in bone metastasis than in primary PCa and is negative in healthy prostate tissue. Circulating CatK protein expression in conditioned medium was higher in PC-3 and C4-2B (characteristics of bone metastasis) than in LnCAP and PrEC cells. CatK inhibition decreased tumor cell invasiveness, retarded tumor progression, and increased bone density in-vivo in mice, supporting an important role of CatK in PCa-induced bone metastasis (43, 99).




2.6 Tumor-Educated Platelets

Platelets play an important role during tumorigenesis and cancer metastasis and show altered behavior when exposed to tumors. These so-called TEPs harbor cancer biomarkers that include platelet-derived microparticles, proteins and RNA, and can predict therapeutic response or monitor disease (100). Tjon-Kon-Fat et al., isolated and studied platelet fractions to stratify CRPC patients based on response to therapy. They observed that PCa-associated biomarkers (KLK3, FOLH1, NPY transcripts) in platelets were associated with short OS and enabled prediction of outcome after abiraterone therapy with higher accuracy (37). Although promising, further validation is warranted to determine the potential of TEPs-derived biomarkers for blood-based companion diagnostics, cancer progression (from PCa to mPCa), therapy selection, longitudinal monitoring, and recurrence.




3 Biomarkers in Tumor Microenvironment

The tumor microenvironment combining stromal and cellular components surrounding the tumor, can release various biomarkers into circulation, which can be identified in a liquid biopsy. It is paramount to gain insights into the complexity of tumor microenvironment (TME), comprising of immune cells, fibroblasts and endothelial cells, extracellular components (such as proteoglycans, proteins, and glycoproteins) since the communication between TME and tumor cells strongly contribute to tumor progression and metastasis. S. Chen et al., investigated the heterogeneity in infiltrating immune cells and identified a tumor-associated macrophages (TAMs) subset that showed osteoclast-like features (characteristic of bone metastasis). Moreover, elevated expression of KLK3, prostate-specific antigen (PSA) gene in T cells (AR-negative) was observed, attributed to extracellular vesicle/exosome-mediated trafficking from the tumor cells to T cells (101). Apart from immune cells, the authors identified three subtypes of cancer-associated fibroblasts (CAFs), surprisingly with depleted expression of ACTA2 (a common CAF marker in most cancers). ACTA2 expression correlated with the EMT score suggesting EMT being a possible source for ACTA2-positive CAFs. Moreover, though all CAF subtypes showed angiogenesis-associated features, subtype-specific expression of myofibroblastic, cell adhesion and ECM genes was observed, indicating a shared regulatory network between CAFs and non-fibroblastic lineages in TME (S. 101). Another non-immune component, endothelial cells, are responsible for the recapitulation of tumor heterogeneity within secondary and metastatic sites. Chen et al., identified four EC subtypes, with elevated expression of CAF-related genes, termed activated endothelial cells (aECs). Further analysis revealed interactions of aECs with other TME components suggesting their role in ECM remodeling, hence promoting cancer cell invasion/metastasis, and suppressing immune activation (101, 102).

Prostate tumor-derived EVs are also known to promote a tumor-supportive environment by activating cancer-associated fibroblasts (CAFs), which release miR-409 from EVs and enhance prostate tumorigenesis (103). Docetaxel resistant CRPC derived EVs were also shown to express and secrete Brain4 (BRN4) which promotes the development of neuroendocrine differentiation (NED), leading to an aggressive variant of CRPC (104). Other markers of immunogenicity in the TME have also been shown to be predictive of cancer aggressiveness and treatment resistance. A study characterized heterogeneity of the immune checkpoint expressions of CTCs in mPCa. More than 50% of the CTCs expressed PD-L1 expression in 30% of patients with mHSPC; 20% of patients with mCRPC pre-ARSI and 30% of patients with mCRPC post-ARSI. PD-L2 expression was observed in 20-40% of the patients and B7-H3 expression (>80%) was observed in all patients of all cohorts in the study (105). To develop effective treatments, the complete pathophysiology of mPCa needs to be understood. Hence, identifying biomarkers to study mechanisms behind metastasis, tumors, heterogeneity, and crosstalk within the microenvironment will help in developing tailored treatments for patients.



4 Conclusions and Outlook

This review highlights the potential biomarkers in circulation to improve diagnosis and tailor treatments for metastatic prostate cancer patients using liquid biopsies. In the current treatment landscape, developing systemic treatments will become more focused on mCSPC and mCRPC patients. There is a need to start balancing the drive for intensifying treatment, to improve outcomes and to maintain as much quality of life as possible for the men involved. This can be achieved by improving the ability to stratify patients based on their risk of progression, and development of therapy resistance combined with the ability to monitor longitudinally the effects of administered individual (combination) treatments. Liquid biopsy-based strategies are essential to achieve this, since, in metastatic prostate cancer, tumor tissues are often difficult to obtain, and the disease load is often difficult to assess using imaging. Thus, comprehensive analysis of analytes in liquid biopsies will inform us about the biology of the disease, and hence can guide us in making informed decisions about improved and personalized treatments for the patients. Of these analytes, the prognostic biomarkers that were seen to be most effective in the clinics are the CTCs (specificity 67%, sensitivity 69%), tdEVs (69%, 69%), PSA (6-66%, 78-100%) and cfDNA (56%, 88%). These analytes provide useful insight on the overall survival of patients suffering from mCRPC (24, 25, 27). Other biomarkers used in clinics including AR-V7, TMPRSSQ-ERG and secretome proteins also show promise, however, their prognostic value in assessing treatment outcomes is still under investigation. A major challenge that remains with PCa clinical disease management is tumor heterogeneity. Understanding the biology and mechanisms behind the genetic and epigenetic alterations in primary and metastatic tumor, using techniques such as single cell sequencing can provide more insight into the pathophysiology of the disease. With technological advances in single-cell omics analysis and machine learning tools, together with rapid strides in imaging techniques and treatment modalities, the understanding and management of metastatic prostate cancer will continue to evolve rapidly over the next decade.
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Purpose

To investigate the association between preoperative systemic immune-inflammation index (SII) and neutrophil–lymphocyte ratio (NLR) and oncological outcomes in localized prostate cancer (PCa) patients after radical prostatectomy (RP).



Methods

Between January 2014 and December 2019, 291 patients with pathologically confirmed localized PCa who underwent RP were included in this study. The threshold values of SII and NLR for biochemical recurrence (BCR) were calculated according to Youden’s index based on the receiver operating characteristic (ROC) curve, then the patients were divided into two groups by the threshold values of SII and NLR, and the clinicopathological outcomes were analyzed and compared between groups, respectively. The binary logistic regression model was used to evaluate the association between SII, NLR, and pathological outcomes including Gleason score (GS) and pathological T (pT) stage. Kaplan–Meier curves and univariable and multivariable Cox regression models were used to determine the association between high SII, high NLR, and BCR-free survival, respectively.



Results

The median follow-up time was 48 months (IQR 36–62), and 114 (39.18%) patients developed BCR. The AUC of SII for BCR was 0.813 (P < 0.001), with a threshold value of 528.54, a sensitivity of 72.9%, and a specificity of 76.3%; the AUC of NLR for BCR was 0.824 (P < 0.001), with a threshold value of 2.62, a sensitivity of 71.2%, and a specificity of 81.6%. Patients were divided into two groups according to the threshold values of SII and NLR, respectively. Patients in the high SII group had higher tPSA, GS, pT stage, and BCR rate than patients in the low SII group (P = 0.004, 0.04, 0.007, and <0.001, respectively), and patients in the high NLR group had higher tPSA, GS, pT stage, and BCR rate than patients in the low NLR group (P = 0.04, 0.02, 0.006, and <0.001, respectively). Multivariable logistic regression analysis revealed that high SII was significantly correlated with adverse pathological outcomes of GS (HR, 1.656; 95% CI, 1.00–2.742, P = 0.042) and pT stage (HR, 1.478; 95% CI, 0.972–3.64, P = 0.028); there was no association between high NLR and pathological events. Kaplan–Meier analysis showed significantly poorer BCR-free survival in patients with high SII or high NLR (P < 0.001 and <0.001, respectively). By using the multivariable Cox regression model, high SII (HR, 4.521; 95% CI, 2.262–9.037, P < 0.001) and high NLR (HR, 4.787; 95% CI, 2.339–9.798, P < 0.001) were both significant predictors of BCR after RP.



Conclusion

High SII was significantly related to unfavorable clinicopathological outcomes. High preoperative SII and NLR were related to higher BCR rate in localized PCa after RP, and they were all independent risk factors associated with shorter BCR-free survival. These two factors might provide promising and inexpensive methods for predicting clinical outcomes in patients with RP.
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Introduction

For localized prostate cancer (PCa), the most useful treatment method is radical prostatectomy. Unfortunately, approximately 30%–50% of patients will experience biochemical recurrence (BCR) after radical prostatectomy (RP), which is closely associated with tumor recurrence and metastasis (1). Many factors may influence the prostate-specific antigen (PSA) level after RP, and a retrospective study demonstrated that smoking status might be one of the most important factors (2). Meanwhile, several factors including Gleason score (GS) and clinical or pathological stage may be used for predicting BCR after RP as proven by several studies, but they lack the accuracy to guide the following therapeutic approach (2, 3). Therefore, reliable, easily accessible, and inexpensive markers are needed for assessing clinical outcomes in patients with localized PCa after RP.

The association between inflammation and PCa has been proven by literature (4). Neutrophil–lymphocyte ratio (NLR) is a well-known inexpensive and effective representative marker of an inflammatory condition. It has been proven to be positively associated with prognosis in various kinds of malignant tumors (5, 6). Regarding PCa, NLR was revealed to be an independent predictor for overall survival (OS) in patients with metastatic castration-resistant prostate cancer (mCRPC) (7). Recently, one retrospective study has shown a significantly worse prognosis in metastasis-free and OS of localized PCa patients with high NLR after radiotherapy (8). However, there is a paucity of studies about the association between NLR and clinical and pathological outcomes in localized PCa after RP.

In addition, another novel inflammatory marker, systemic immune-inflammation index (SII) which combines components of NLR and platelet–lymphocyte ratio (PLR), has been proven to be a more powerful method of predicting occurrence and progression in several kinds of tumors (9–11). In terms of PCa, it was firstly described in 2016 and was considered a powerful marker for predicting the prognosis of mCRPC (12). However, there are no data on the predictive value of SII on BCR in the setting of localized PCa after RP.

Thus, in this retrospective study, we aimed to evaluate the values of preoperative NLR and SII in predicting BCR after RP and detected their association with clinicopathological outcomes.



Material and Methods

This retrospective study was carried out at Peking University Cancer Hospital & Institute and got the approval of the Medical Ethics Review Committee of Peking University Cancer Hospital & Institute (protocol code 2020KT30).


Patients

Two hundred and ninety-one patients with localized PCa who underwent RP, consisting of 287 with laparoscopic RP and 4 with open RP, between January 2014 and December 2019z were reviewed. Among these patients, no one received neoadjuvant therapy before RP and adjuvant therapy after RP until the detection of BCR. In patients with smoking status, smoking was recommended to be ceased 1 month before RP. Preoperative clinical characteristics including age, serum total PSA (tPSA) value, total prostate volume (TPV), body mass index (BMI), and complete blood count (CBC)-based parameters as well as postoperative pathological and BCR outcomes were collected and compared according to the level of NLR and SII, respectively. Data of risk factors related to BCR including GS, pT stage, NLR, and SII were collected, and their associations with BCR-free survival time were analyzed. A single preoperative CBC with differential was performed as part of the routine assessment testing 1–2 days before RP simultaneously with the tPSA value. The CBC-based parameters including NLR and SII were used in this study. To ensure the CBCs were not affected by other factors, patients who met one of the following criteria were excluded: any surgical intervention within 1 month, non-steroidal anti-inflammatory drugs used within 1 month, acute or chronic infection, malignant tumors in other organs, and systemic inflammatory disease.



Procedure

Ultrasound-guided 13-core transrectal prostate biopsy was performed in patients with PSA >4 ng/ml at our institute. The results of serum tPSA value and CBC-based parameters were collected just 1–2 days before the RP surgery and at least 3 weeks after the prostate biopsy to minimize the effect of the prostate biopsy. MRI, emission computed tomography (ECT), or CT was performed before surgery to confirm no bone, lymph node, or distant organ metastasis. Laparoscopic RP or open RP was performed in patients with PCa at least 30 days after the biopsy. Extrafascial radical prostatectomy through an extraperitoneal approach was performed by skilled and experienced surgeons in our institute according to the technique of Walsh et al., and standard pelvic lymph node dissection was performed in all patients (13). All specimens were assessed by a sophisticated pathologist at our institute, and serum tPSA value was detected every 1–3 months after RP.



Variables

The prostate was measured in 3-dimensional aspects, and its volume was estimated with the modified ellipsoid formulation in cm3 (0.523 [length × width × height]) after surgery. Pathologic GSs were recorded and patients were staged according to the 2010 American Joint Committee on Cancer system (AJCC, pathologic stages T1–T4) (14). Tumors were classified into low (GS ≤ 6), intermediate (GS = 7), and high grade (GS ≥ 8) according to the D’Amico risk classification (15). NLR and SII were calculated by using the numbers of blood cell count-based systemic markers of inflammation. The NLR and SII were calculated as follows: NLR = neutrophil count/lymphocyte count; SII = platelet count × neutrophil count/lymphocyte count. SII was presented as a combination of NLR and PLR (9, 16). Body mass index (BMI) = weight (kg)/height (meter)2. BCR was defined as at least two consecutive serum tPSA ≥0.2 ng/ml according to the guidelines of the American Urological Association (17), and data of time free from BCR were collected.



Statistical Analysis

Measurement data confirming normal distribution analyzed by the Shapiro–Wilk test are presented as mean ± SD. The independent sample t-test was used to evaluate the differences between continuous variables, while chi-square tests were performed to examine categorical variables. To determine the optimal cutoff value of NLR and SII for BCR, Youden’s index was calculated using the receiver operating characteristic curve (ROC), and the corresponding specificity–sensitivity levels were provided. Youden’s index was defined as YI(C) = max c [Se(C) + SP(C) − 1]. The binary logistic regression model (univariate and multivariate analysis) was used to evaluate the association between NLR, SII, and adverse pathological events, which were all compared with the reference group (Ref). Kaplan–Meier analyses were performed for BCR-free survival according to NLR and SII using the log-rank test, and the survival curves were described. The univariable and multivariable Cox regression models were used to identify the co-variables that influence BCR. The software used to run the analysis was IBM-SPSS version 20. All tests were two-sided. P <0.05 was considered to be the threshold for statistically meaningful differences.




Results


Patients’ Clinicopathologic Characteristics and the Cutoff Values of SII and NLR for BCR

A total of 291 patients with localized PCa were enrolled in the study. The median values of clinical factors were 66.13 ± 6.05 years for age, 24.35 ± 4.14 for BMI, 36.62 ± 23.15 ml for TPV, and 26.15 ± 33.77 ng/ml for tPSA. Twelve patients (4.12%) were pT1, 117 (40.21%) were pT2, and 162 (55.67%) were pT3. Thirty-nine patients (13.4%) were of low risk (GS ≤ 6), 129 (44.33%) were of intermediate risk (GS = 7), and 123 (42.27%) were of high risk (GS ≥ 8). Twenty patients (6.87%) were with pelvic lymph node metastases. The ROC of SII and NLR for BCR were analyzed to determine the optimal cutoff values for SII and NLR (Figure 1). The AUC for SII was 0.813, which was significantly lower than 0.05 (P < 0.001), with a threshold value of 528.54, a sensitivity of 72.9%, and a specificity of 76.3%; the AUC for NLR was 0.824, which was significantly lower than 0.05 (P < 0.001), with a threshold value of 2.62, a sensitivity of 71.2%, and a specificity of 81.6%; therefore, according to the threshold values of NLR and SII, the patients were divided into low-level and high-level groups, respectively. The patients’ clinicopathologic demographics are summarized in Table 1.




Figure 1 | Role of the systemic immune-inflammation index (SII) and neutrophil–lymphocyte ratio (NLR) in predicting biochemical recurrence (BCR) after radical prostatectomy (RP) by ROC curve analysis. The AUC for NLR was 0.824 with P-value <0.001, and the AUC for SII was 0.813 with P-value <0.001.




Table 1 | Clinicopathological characteristics of the entire cohort and the NLR and SII subgroups.





Clinicopathological Characteristics in the Low and High NLR Groups

Initially, the distribution of clinicopathological characteristics was compared between groups according to the threshold value of NLR. The high NLR group showed unfavorable features compared with the low NLR group. In the high NLR group, preoperative serum tPSA (P = 0.04), GS (P = 0.02), and pT stage (P = 0.006) were significantly higher compared with those in the low NLR group, but the distribution of age, BMI, and TPV did not show any significant differences as shown in Table 1.

Then, univariable and multivariable logistic regression models were used to evaluate the association between NLR and several adverse pathological events. The results showed that there was no association between high NLR and pathological events including pT stage and GS as shown in Tables 2,  3.


Table 2 | Univariable and multivariable analyses of the impact of NLR and SII on pathological T stage.




Table 3 | Univariable and multivariable analyses of the impact of NLR and SII on GS.





Clinicopathological Characteristics in the Low and High SII Groups

The distribution of clinicopathological characteristics was compared between groups according to the threshold value of SII. The high SII group showed unfavorable features compared with the low SII group. In the high SII group, preoperative serum tPSA (P = 0.004), GS (P = 0.04), and pT stage (P = 0.007) were significantly higher compared with those in the low SII group, but the distribution of age, BMI, and TPV did not show any significant differences as shown in Table 1.

Then, univariable and multivariable logistic regression models were used to evaluate the association between SII and adverse pathological events. In the univariable analysis, SII ≥528.54 was a risk factor associated with higher pT stage (HR, 1.243; 95% CI, 0.806–1.917, P = 0.039) and higher GS (HR, 1.577; 95% CI, 0.965–1.578, P = 0.038); in the multivariable analysis, SII ≥528.54 was an independent risk factor strongly associated with higher pT stage (HR, 1.478; 95% CI, 0.972–3.64, P = 0.028) and higher GS (HR, 1.656; 95% CI, 1.00–2.742, P = 0.042) as shown in Tables 2, 3.



The Association Between NLR, SII, and BCR-Free Survival

The median follow-up time was 48 months (IQR 36–62) and 114 (39.18%) patients developed BCR. Thirty-eight (26.95%) and 76 (50.67%) patients developed BCR in the low and high NLR groups (P < 0.001). Kaplan–Meier analysis showed that BCR-free survival was significantly shorter in the high NLR group than in the low NLR group as shown in Figure 2 (P < 0.001). By using the multivariable Cox regression model, it was revealed that NLR ≥2.62 (HR, 4.787; 95% CI, 2.339–9.798, P < 0.001) was a significant independent factor associated with BCR after RP as shown in Table 4.




Figure 2 | Kaplan–Meier curves for BCR-free survival according to NLR level. BCR-free survival of patients with NLR <2.62 was significantly longer than that of patients with NLR ≥2.62 (P < 0.001 by log-rank test).




Table 4 | Cox regression analysis of potential factors associated with BCR after RP.



Thirty-five (27.13%) and 79 (48.77%) patients developed BCR in the low and high SII groups (P < 0.001). Kaplan–Meier analysis showed the BCR-free survival was significantly shorter in the high SII group than in the low SII group as shown in Figure 3 (P < 0.001). By using the multivariable Cox regression model, it was revealed that SII ≥528.54 (HR, 4.521; 95% CI, 2.262–9.037, P < 0.001) was a significant independent factor associated with BCR after RP as shown in Table 4.




Figure 3 | Kaplan–Meier curves for BCR-free survival according to SII level. BCR-free survival of patients with SII <528.54 was significantly longer than that of patients with SII ≥528.54 (P < 0.001 by log-rank test).



Meanwhile, the multivariable Cox regression model revealed that GS ≥8 (HR, 2.187; 95% CI, 1.602–2.964, P = 0.032) and pT3 stage (HR, 8.385; 95% CI, 0.952–73.835, P = 0.042) were also significant independent factors associated with BCR after RP as shown in Table 4.




Discussion

In China, the incidence of PCa has been increasing in recent years. Among PCa patients after RP, BCR is one of the most important factors associated with the poor prognosis of patients (18). In a previous study, we investigated the association between NLR, SII, and the occurrence of PCa and revealed that high SII and NLR were all independent factors predicting PCa. SII seemed to be a more powerful tool compared with NLR (19). In this study, we further investigated the relationship between inflammatory factors and clinicopathological outcomes in localized PCa patients after RP and demonstrated that high SII and NLR were significantly associated with higher BCR rate and shorter BCR-free survival; meanwhile, high SII was strongly associated with higher GS and pT stage. To the best of our knowledge, this is the first study that investigated the relationship between SII and BCR in localized PCa patients after RP.

The relationship between inflammation and various kinds of malignant tumors has been reported by many studies (20, 21). The NLR based on the calculation of neutrophil to lymphocyte counts has been proposed as an indicator of general immune response to various stress stimuli and the host inflammatory status. An elevated NLR may be associated with both an increased neutrophil-dependent systemic inflammatory response and a lower lymphocyte-mediated antitumor immune response, reflecting a favorable immune microenvironment for tumor development and metastasis (22). In urological malignant tumors, inflammatory parameters have been considered important biomarkers for predicting bladder cancer progression (23). The relationship between NLR and clinical outcomes in PCa has been reported by many studies. Zhang et al. indicated that NLR ≥2.36 increased the risk of involvement of lymph nodes and was associated with higher GS (24). Another study revealed that NLR ≥2.5 was positively associated with GS, pT stage, and extracapsular extension (25). But only a few studies have investigated the role of NLR in predicting BCR after RP in localized PCa (26, 27). One study investigating the clinical outcomes in localized PCa patients after RP revealed that high NLR was significantly correlated with poor OS, CSS (cancer-specific survival), and BCR (27). Lee et al. demonstrated that NLR ≥2.5 was significantly related to unfavorable clinicopathological outcomes and worse BCR-free survival (25). Another study obtained the opposite conclusion: the study analyzed the data of 327 PCa patients who underwent robot-assisted RP and found that there was no correlation between NLR and PLR with BCR (28). However, the relationship between NLR and BCR remained controversial. In our study, we revealed that the threshold value of NLR for BCR was 2.62, which was similar to those reported by Lee et al. and Zhao et al. (25, 29). NLR ≥2.62 was significantly associated with poorer BCR-free survival according to Kaplan–Meier analysis and Cox regression analysis, but not associated with clinicopathological outcomes. We believed that NLR was an effective factor in predicting BCR in localized PCa patients after RP.

Recently, besides neutrophils and lymphocytes (30), the role of platelets has also been well-established in tumor occurrence and metastasis (31). SII, a novel inflammatory index that combines components of neutrophils, lymphocytes, and platelets, has been considered to reflect the systemic inflammatory responses more comprehensively than other inflammatory indexes. High SII suggested an elevated non-specific inflammatory status and a weak adaptive immune response in patients, which might promote the occurrence and progression of the tumor (32, 33). Several studies on inflammatory markers analyzed their predictive values in the PCa setting with various conclusions, but only a few of them included SII (34, 35). Our previous study demonstrated that high SII was an independent predictor for PCa, and it was one of the few studies detecting the role of SII in PCa (18). Recently, Rajwa et al. have evaluated the role of SII in non-metastatic PCa patients after RP and demonstrated that high preoperative SII ≥620 was independently associated with extracapsular extension, non-organ confined disease, and upgrading at RP (36). Another study evaluated the prognostic role of SII and NLR in mCRPC patients treated with abiraterone and revealed that SII ≥535 and NLR ≥3 were all independent predictors associated with shorter OS (12). Fan et al. obtained the same results and concluded that high SII could be used as a predictor for OS in mCRPC patients treated with abiraterone (37). However, none of these studies investigated the association between SII and BCR-free survival in localized PCa after RP. In our study, for the first time in the literature, the role of SII in predicting BCR-free survival was analyzed and the results indicated that high SII was significantly associated with shorter BCR-free survival. The cutoff value of SII for BCR was determined to be 528.54, and we also demonstrated that SII was associated with high BCR rate, pT stage, and GS, which was consistent with the conclusion of previous literature (36). For NLR, we failed to detect the association between NLR and pathological outcomes. Furthermore, both SII and NLR could represent the novel predictive markers for BCR in PCa patients after RP, and SII seemed more favorable for it was also associated with aggressive pathological outcomes.

This study still has some limitations. First, this was a single-center, retrospective study. Second, the biomarker was measured at a single time point, and it can be strengthened by collecting different preoperative sets of blood samples. Third, because of the relatively small sample size, more samples are needed in further studies.



Conclusion

High preoperative SII was associated with higher GS and pT stage. High preoperative SII and NLR were related to higher BCR rate in localized PCa after RP, and they were all independent risk factors associated with shorter BCR-free survival. These two factors might provide promising and inexpensive methods predicting clinical outcomes in patients with RP. However, additional well-organized and large prospective studies are needed.
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Objective

It has been reported that perineural invasion (PNI) after radical prostatectomy (RP) is associated with unfavorable prostate cancer (PCa) prognosis. However, the clinicopathological factors especially hematological parameters that influenced PNI remain unknown. Our aim was to explore the relationship between clinicopathological parameters and PNI in patients who underwent RP.



Methods

A total of 348 patients with PCa who underwent RP at our center between 2018 and 2021 were consecutively collected. We divided them into non-PNI and PNI groups based on PNI status and compared clinicopathological characteristics including hematological parameters between non-PNI and PNI groups. The association of clinicopathological parameters including whole blood parameters, age, body mass index (BMI), hypertension, diabetes mellitus, prostate-specific antigen (PSA), ISUP (International Society of Urological Pathology) grade, pathological stage T (pT), and neoadjuvant hormonal therapy (NHT) with PNI was determined by univariate and multivariate logistic regression analyses.



Results

The pathological results of the RP specimen consisted of 254 (73.0%) patients with PNI and 94 (27.0%) cases without PNI. The level of PSA, percentages of advanced pT and grade, positive surgical margin rate, and vessel carcinoma embolus rate were significantly higher in the PNI group when compared with non-PNI counterpart (p = 0.007, p < 0.001, p < 0.001, p < 0.001, and p < 0.001, respectively). Among the whole blood parameters, only platelet count and plateletcrit were significantly different [216 (178.8–252.0) vs. 200.5 (173.5–236.5), p = 0.04; 0.0021 (0.0018–0.0025) vs. 0.0020 (0.0017–0.0023), p = 0.008, respectively]. Univariate logistic regression analysis demonstrated that platelet, ISUP, and pT were all positively correlated with the presence of PNI (T3 vs. T1, odds ratio (OR) = 2.029, p = 0.020; OR = 1.697, p < 0.001; OR = 3.836, p < 0.001). In the stepwise multivariate regression analysis, the association between platelet and PNI remained significant (T2 vs. T1, OR = 2.171, 95% CI: 1.082–4.354, p = 0.029; T3 vs. T1, OR = 2.595, 95% CI: 1.259–5.349, p = 0.010) after adjusting for confounding factors including age, BMI, hypertension, diabetes mellitus, PSA, ISUP, pT, and NHT.



Conclusions

The study first revealed that platelet count rather than other whole blood parameters was independently associated with the presence of PNI in patients with PCa, suggesting that platelets might play an essential role in PCa aggressiveness.





Keywords: platelet, perineural invasion, radical prostatectomy, correlation, specimen



Introduction

Prostate cancer (PCa) is the second most common cancer and the fifth most common cause of cancer death among men worldwide in 2020 (1). Radical prostatectomy (RP) is appropriate for men with intermediate- and high-risk diseases in whom RP prevents further metastatic seeding of potentially lethal PCa cell clones. Small series have suggested that it might be appropriate to offer RP to men with low metastatic burden as part of a multimodal therapeutic approach (2). Postoperative histopathology results of RP including pathologic T stage (pT), Gleason score, and positive surgical margin (PSM) are of crucial importance to clarify the stage, make decisions for adjuvant treatment, and predict biochemical recurrence and prognosis after RP (3, 4). More and more pathological information was explored and added to the current models for improving the predictive power of prognosis and the precise timing of adjuvant treatment. Perineural invasion (PNI), a routine evaluation in RP specimens (a mean frequency of 62.2% and up to 80%), has recently attracted more and more attention recently (3). PNI is defined as cancer tracking along or around a nerve within the perineural space; it can be observed in the absence of lymphatic or vascular invasion (5). There was no doubt that the presence of PNI in the RP specimen was correlated with multiple adverse clinicopathological factors (6–13). Although controversial (6–9), there were abundant evidence supporting that PNI could be used as an independent predictor of biochemical recurrence in patients with PCa who underwent RP (10–13).

The exact mechanism of PNI is still unclear although PNI is usually seen in cases of PCa; the factors associated with the ability of PCa cells to permeate nerves are not completely elucidated. Some studies focused on the perineural space and the interaction between PCa cells and nerves, suggesting that the perineural space may be a tumor microenvironment (TME) that promotes both cancer spread and growth (5, 14). As one of the important stromal components in the TME, platelets have attracted attention in recent years, and their interaction with cancer cells could promote the spread of PCa cancer cells with less resistance (15, 16). However, it remains largely unknown whether platelet is correlated with PNI in PCa. Until now, there was no study that systematically and comprehensively investigated the correlation between platelet and other whole blood parameters with PNI and other clinicopathological features of PCa.

Hence, the aim of the current study was to identify the association of comprehensive whole blood parameters with the presence of PNI of RP specimen in the Chinese patients with PCa.



Materials and Methods


Collection of Patients’ Clinicopathological Data

A total of 348 patients with PCa who had been pathologically diagnosed as PCa by biopsy and underwent laparoscopic RP and pelvic lymph node dissection at our institution between May 2018 and June 2021 were reviewed. Exclusion criteria of the study were the presence of infection, hematologic diseases, severe hepatic and/or renal insufficiency, hypersplenism, hyperthyroidism, cardiovascular disease, medical history of other malignancies, and receiving any radiotherapy or chemotherapy.

All clinicopathological data including age, body mass index (BMI), hypertension, diabetes mellitus, prostate-specific antigen (PSA), neoadjuvant hormonal therapy (NHT), operative time, blood loss, preoperative whole blood parameters, and postoperative pathological results including ISUP (International Society of Urological Pathology) grade and pathological stage T (pT) were collected from medical records. All RP samples were routinely sent to the pathological department for diagnosis. The cancer grade assessment was performed according to the ISUP 2014 classification system (17). The pT was evaluated on the basis of a prostatectomy specimen according to the American Joint Committee on Cancer (AJCC) TNM classification of malignant tumors in 2017 (AJCC, pT2–T4, Nx,0,1) (18). The pathology of the presence of PNI, PSM, and vessel carcinoma embolus (VCE) was reviewed by two pathologists. For controversial cases, a third pathologist was invited to reach group agreement.



Hematological Parameter Measurement

Morning venous blood samples were taken on admission at the nurse station after 8-h fasting and before biopsy without any treatment. The serum PSA value and the whole blood parameters were measured; the latter included white blood cell (WBC), neutrophils (%), neutrophil counts, lymphcytes (%), lymphocyte counts, monocytes (%), monocyte counts, eosinophils (%), eosinophil counts, basophils (%), basophil counts, red blood cell (RBC), hemoglobin (Hb), hematocrit (Hct), mean corpuscular volume (MCV), mean corpuscular hemoglobin (MCH), mean corpuscular hemoglobin concentration (MCHC), red blood cell volume distribution width-standard deviation (RDW-SD), red blood cell volume distribution width–coefficient of variability (RDW-CV), platelet, mean platelet volume (MPV), platelet–large cell ratio (P-LCR), platelet distribution width (PDW), and plateletcrit.



Statistical Analysis

Data were expressed as number (percentage) for categorical variables and means ± SD or median with interquartile range for continuous variables. Categorical variables were analyzed by χ2-test. The differences between continuous variables were analyzed by unpaired t-tests, Mann–Whitney U-tests, or one way ANOVA as appropriate. All PCa subjects were divided into two groups according to PNI status: non-PNI and PNI groups, and clinicopathological characteristics especially all hematological parameters were compared between the two groups. The platelet was stratified into tertiles as follows: the first tertile group (T1, <192 × 109/L (33.3th percentile), n = 118); the second tertile group [T2, 192–236 × 109/L (33.3–66.7th percentile), n = 116]; and the third tertile group (T3, >237 × 109/L [66.7–100th percentile); n = 114], and clinicopathological characteristics were analyzed in the different tertiles of platelet. The binary logistic regression model (univariate and multivariate analysis) was used to evaluate the association between clinicopathological parameters including platelet, age, BMI, hypertension, diabetes mellitus, PSA, ISUP grade, pT, and NHT with PNI. A p-value <0.05 (two-sided) was considered significant for all tests. The statistical analyses were performed with SPSS version 22.0 software (SPSS Inc., Chicago, IL, USA).




Results


Characteristics of PNI and Non-PNI Patients

The clinicopathological characteristics and whole blood parameters of the enrolled subjects were shown in Table 1. Of the total 348 eligible RP cases, the mean values of the clinical factors were 66.2 ± 6.6 years for age and 25.1 ± 3.2 for BMI; the median PSA was 14.0 (8.7–29.6); 135 cases (38.8%) received NHT therapy; 258 (74.1%) were pT2, 68 (19.5%) were pT3, and 22 (6.3%) were pT4; lymph node involvement occurred in 24 cases (6.9%), and metastasis occurred in 19 cases (5.5%). The percentages of ISUP grades from 1 to 5 were 40 (11.5%), 97 (27.9%), 69 (19.8%), 55 (15.8%), and 87 (25%). The PSM and VCE rate were 94 (27%) and 54 (15.5%), respectively. It is noteworthy that PNI was presented in 254 cases (73.0%) and absent in 94 cases (27%). The representative hematoxylin-eosin (HE) staining images of PNI and non-PNI were shown in Figures 1A–D. No significant differences in age, BMI, hypertension, diabetes, NHT percentage, operative time, blood loss, or complete blood count except platelet were observed between the non-PNI and PNI groups. Platelet count and plateletcrit were significantly higher in the PNI group than that in the non-PNI group [216 (178.8–252.0) vs. 200.5 (173.5–236.5), p = 0.04; 0.0021 (0.0018–0.0025) vs. 0.0020 (0.0017–0.0023), p = 0.008, respectively] (Figures 2A, B). The level of PSA was significantly higher in the PNI group compared to the non-PNI counterpart [15.5 (9.5–31.5) vs. 12.2 (7.6–22.0), p = 0.007] (Figure 2C). In addition, as shown in Figures 2D, E, the percentages of advanced pT (T3 + T4) and high IUSP grades (4 + 5) were significantly higher in the PNI group when compared with non-PNI counterpart (32.7% vs. 7.4%, p < 0.001; 47.6% vs. 22.3%, p < 0.001). Furthermore, there were also significant differences in the PSM and VCE rates between the two groups [84 (33.1%) vs. 10 (10.6%), p < 0.001; 51 (20.1%) vs. 3 (3.2%), p < 0.001].


Table 1 | Baseline characteristics of the PCa subjects underwent RP according to the PNI stratification.






Figure 1 | Representative of PNI and non-PNI sections of HE staining from patients with PCa. (A) Representative image of PNI (HE, ×200). The nerves (red arrow heads) were invaded by surrounding cancer cells. (B) Representative image of non-PNI (HE, ×200) for comparison. (C) Higher magnification of A (HE, ×400) showing that the nerves (red arrow heads) were invaded by surrounding cancer cells. (D) Higher magnification of (B) (HE, ×400). PNI, perineural invasion; PCa, prostate cancer; HE, hematoxylin-eosin.






Figure 2 | The comparisons of platelet count, plateletcrit, PSA level, the percentage distributions of pT, and IUSP grade between the non-PNI (n = 94) and PNI (n = 254) groups. (A) Comparison of platelet count between the non-PNI and PNI groups; median (interquartile range) was measured and showed in a violin plot (the dotted line); statistical significance was determined by the Mann–Whitney U-test. (B) Comparison of plateletcrit between the non-PNI and PNI groups, median (interquartile range) was measured and showed in a violin plot (the dotted line), statistical significance was determined by the Mann–Whitney U-test. (C) Comparison of PSA levels between the non-PNI and PNI groups; median (interquartile range) was measured and showed in a violin plot (the dotted line); statistical significance was determined by the Mann–Whitney U-test. (D) Comparison of pT distribution (including T2, T3, and T4 percentages) between the non-PNI and PNI groups; a pie plot was generated to visualize the proportional change of the numerical data; statistical significance was determined by χ2-test; (E) Comparison of ISUP grade distribution (including proportions of ISUP grades 1, 2, 3, 4, and 5) between the non-PNI and PNI groups; a pie plot was generated to visualize the proportional change of the numerical data; statistical significance was determined by χ2-test. Values are expressed as median with interquartile range or number (percentage); *, P < 0.05. PSA, prostate-specific antigen; pT, pathological stage T; ISUP, International Society of Urological Pathology; PNI, perineural invasion.





Relation of Platelet Count With the Clinicopathological Characteristics of PCa

Patients with PCa who underwent RP were stratified into three groups according to the platelet count level tertiles as mentioned due to the evident difference in platelets between the PNI and non-PNI groups. Statistically significant differences in age, PNI, and platelet-related parameters including MPV, P-LCR, PDW, and PCT were found among the three different groups (p < 0.001, p = 0.030, p < 0.001, p < 0.001, p < 0.001, and p < 0.001, respectively) (Table 2). Specifically, PNI percentages increased with the elevation of the platelet count level, from 65.3%, 73.3%, up to 80.7%. However, we did not observe any significant difference regarding the PSA, pT, lymph node involvement, metastasis, ISUP grade, or VCE among the three platelet groups (p = 0.295, p = 0.065, p = 0.200, p = 0.687, p = 0.424, and p = 0.868, respectively).


Table 2 | Clinical characteristics of PCa subjects according to tertiles of platelet levels.





Correlation of Platelet Count and Other Clinicopathological Variables With the Presence of PNI

To evaluate the correlation of platelet count and other clinical variables with PNI, in the present study, a univariate and multivariate logistic regression analysis was performed. As shown in Table 3, parameters including platelet, ISUP, and pT were found to be significantly and positively correlated with the presence of PNI (T3 vs. T1, OR = 2.029, 95% CI: 1.119–3.680, p = 0.020; OR = 1.697, 95% CI: 1.396–2.063, p < 0.001; OR = 3.836, 95% CI: 2.504–5.876, p < 0.001) in univariate logistic regression analyses. In the stepwise multivariate regression analysis (Table 4), we gradually added and adjusted confounding factors from model 1 to model 4 and ultimately revealed that the correlations of platelet, ISUP, and pT with PNI remained significant (T2 vs. T1, OR = 2.171, p = 0.029; T3 vs. T1, OR = 2.595, p = 0.010; OR = 1.509, p = 0.001; OR = 3.220, p < 0.001) after adjustment for confounding factors. In particular, the positive correlation between platelets and PNI became increasingly evident when confounders were gradually adjusted. Furthermore, the multivariate regression analysis showed that NHT was negatively and independently correlated with the presence of PNI (OR = 0.420, 95% CI: 0.220–0.804, p = 0.009). However, no significant correlation between PSA and PNI was observed (OR = 1.002, 95% CI: 0.992–1.013, p = 0.704).


Table 3 | Univariate analysis for PCa patients with PNI.




Table 4 | Multivariate analysis to identify the independent correlation between PLT and PNI of PCa.






Discussion

Our study, for the first time, explored the correlation between clinicopathological parameters and PNI in patients who underwent RP and demonstrated that platelet count was independently and positively associated with the presence of PNI among all whole blood parameters. Therefore, the current research may have clinical implications for the assessment of PCa aggressiveness from the perspective of routine blood tests. Moreover, our study provided novel clues to explore the mechanisms of the roles the platelet played in PCa cell invasion.

PNI, a pathologic feature defined as the invasion of cancer cells in, around, and through the nerves, is an indicator of poor prognosis in PCa (19). Different from lymphatic or vascular involvement (5), PNI occurs within all three layers of the nerve sheath (epineurium, perineurium, and endoneurium), which means that cancer cells could track along nerves beyond the predicted anatomic boundaries of primary tumors, often resulting in residual tumor within the body after surgery. PNI has been reported to be correlated with adverse pathological features, elevated biochemical recurrence rates, increased risk of bone metastasis, and poor overall survival in patients with PCa (20–22). PNI is highly prevalent in PCa; one study reported that PNI was observed in up to 75% of surgical resection specimens (23). In our study, PNI was presented in 73.0% of the prostatectomy specimens, which was consisted with the mentioned data. Our data showed that patients with PNI had higher PSA levels, more advanced stage and grade, higher PSM rate and VCE rate, compared to their counterparts without PNI. The explanation for this phenomenon was that PNI is an ominous clinical and pathological characteristic of PCa, which has been associated with adverse pathological features (19).

In our study, among all whole blood parameters, only platelet count and plateletcrit in the PNI group were significantly higher than those in non-PNI group. Chronic inflammation promotes cancer progression and metastasis (24). Changes in peripheral blood counts can partly reflect inflammatory responses in cancer patients. Some studies suggested that platelets can mediate cancer cell growth, dissemination, and angiogenesis (25–29). Platelet–tumor cell interactions could prime tumor cells for subsequent extravasation and metastasis through platelet-derived transforming growth factor-β (TGFβ)-mediated pathways in cancer cells (26, 27). In addition, aggregation of platelets around tumor cells could protect tumor cells from immune surveillance, which, in part, enhances cancer cell invasion (28, 29). Moreover, platelets can change the phenotype of epithelial tumors, which is known as the epithelial–mesenchymal transition, conferring stem cell properties to tumor cells associated with increased mobility (30). Regarding studies of the relationship between platelets and PCa aggressiveness, recently, Rudzinski et al. (31) reported that platelets could enhance the invasion of androgen receptor-negative PCa cells; Brady et al. identified that platelet-coated circulating tumor cells existed in 29.5% of patients with metastatic PCa (32), and Chai et al. claimed that platelet-coated circulating tumor cells could predict the worst prognosis of a subset of patients with metastatic castration-resistant PCa (33).

Our study first showed that the percentage of PNI gradually increased (from 65.3%, 73.3%, to 80.7%) with increasing platelet count (from T1, T2, to T3), indicating that platelets play crucial roles in helping tumor cells pass through neural metastasis when they interact with each other. The D’Amico risk stratification system classifies patients with PCa into low-, intermediate-, and high-risk groups based on PSA level, clinical tumor stage, and Gleason score at diagnosis (34). Among the three parameters, our study demonstrated that ISUP grade (converted from the Gleason score) and pT (more accurate than clinical stage) were found to be significantly and positively correlated with the presence of PNI. In addition, our results showed that NHT was negatively and independently correlated with the presence of PNI, suggesting that NHT could result in less frequent invasion of the perineural spaces, which consisted with one previous study (35). It should be emphasized that platelet was the only whole blood parameter that was independently and positively correlated with the presence of PCa PNI. The present study might have two potential clinical hints. First, the blood platelet count could be used to predict the PNI of postoperative specimen and to estimate the prognosis; second, as platelets play crucial roles in PCa invasion and metastasis, maybe anti-platelet agent(s) could be recommended to patients with PCa with high platelet count to reduce the risk of PNI and metastasis.



Conclusions

In conclusion, this study first demonstrated the clinicopathological characteristics that included whole blood parameters between PNI and non-PNI of patients with PCa who underwent RP and finally found that platelet count was positively and independently associated with the presence of PNI. There were two main limitations in our study. First, there might be selection bias because our data were derived from a single center, and studies from different institutions are needed for validation of these results. Second, the exact mechanism of platelet induced PNI was not explored in the current analysis.
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Objectives

The aim of this study is to identify and validate urine exosomal AMACR (UE-A) as a novel biomarker to improve the detection of prostate cancer (PCa) and clinically significant PCa (Gleason score ≥ 7) at initial prostate biopsy.



Methods

A total of 289 first-catch urine samples after the digital rectal exam (DRE) were collected from patients who underwent prostatic biopsy, and 17 patients were excluded due to incomplete clinical information. Urine exosomes were purified, and urinary exosomal AMACR (UE-A) was measured by enzyme-linked immunosorbent assay (ELISA). The diagnostic performance of UE-A was evaluated by receiver operating characteristic (ROC) analysis, decision curve analysis (DCA), and waterfall plots.



Results

The expression of AMACR in PCa and csPCa was significantly higher than that in BPH and non-aggressive (p < 0.001). The UE-A presented good performance in distinguishing PCa from BPH or BPH plus non-significant PCa (nsPCa) from csPCa with an area under the ROC curve (AUC) of 0.832 and 0.78, respectively. The performance of UE-A was further validated in a multi-center cohort of patients with an AUC of 0.800 for detecting PCa and 0.749 for detecting csPCa. The clinical utility assessed by DCA showed that the benefit of patients using UE-A was superior to PSA, f/t PSA, and PSAD in both the training cohort and the validation cohort in terms of all threshold probabilities. Setting 95% sensitivity as the cutoff value, UE-A could avoid 27.57% of unnecessary biopsies, with only 4 (1.47%) csPCa patients missed.



Conclusions

We demonstrated the great performance of UE-A for the early diagnosis of PCa and csPCa. UE-A could be a novel non-invasive diagnostic biomarker to improve the detection of PCa and csPCa.





Keywords: urine exosomes, AMACR, prostate cancer, diagnosis, biomarker



Introduction

Prostate cancer (PCa) is a serious threat to men’s health. It is one of the leading causes of death in men worldwide. Statistical reports showed that there would be 1,414,259 new cases and 375,304 new deaths in 2020 globally (1) and 268,490 new cases and 34,500 new deaths in the USA (2). Early PCa was confined to the capsule. However, if the tumor invaded the capsule or had metastasis, the treatment was brutal, and the prognosis was poor (2, 3). Therefore, the early diagnosis of PCa has a significant clinical and social value. Prostate-specific antigen (PSA), as the most recognized and most commonly used biomarker of PCa, plays a significant role in detecting PCa at present, but it also has great limitations. A systematic review of PSA screening showed that PSA screening did not clearly reduce cancer mortality (4) but led to overdiagnosis. Another well-known systematic review also published similar results in the same year, showing that PSA reduced cancer mortality but did not improve overall survival and resulted in short-term and long-term surgical complications (5). These studies indicate that PSA as a molecular marker of PCa has low specificity. It is urgent to explore new methods and technologies for early screening and diagnosis of PCa in clinical practice to improve the predictive efficacy of PCa.

Urine is absolutely non-invasive and easy to obtain. The PCa-derived secreted body likely exists in the urine after prostate massage. Protein markers are characterized by solid stability and high specificity. Detection of urine protein after prostate massage will help improve the specificity of PCa diagnosis. Exosomes are small vesicles actively released by cells into the extracellular environment, carrying numerous biomolecules and providing an encouraging non-invasive approach for detecting cancers (6, 7). Recent reports showed that circulating exosomal RNAs could serve as promising biomarkers for cancer detection (6–9). However, urinary exosomal proteins have not been adequately explored as an easily collected and non-invasive source of cancer biomarkers (10).

AMACR (a-Methylacyl-CoA racemase, also known as P504S) is an enzyme that interconverts pristanoyl-CoA and C27-bile acyl CoA between their (R)- and (S)-stereoisomers (11). This protein is elevated in PCa tissue and can act as a biomarker of PCa (12). Urinary and circulating AMACR mRNA has been reported to perform well in PCa diagnosis (13–15). Here, we first evaluated the protein levels of AMACR in urine exosomes between PCa and BPH participants and evaluated its diagnostic performance in differentiating PCa from BPH or csPCa from BPH plus nsPCa patients. We then validated the clinical utility of urine exosomal AMACR to detect PCa and csPCa at initial biopsy.



Materials and Methods


Participants

The research was authorized following the Hospital Ethics Committee’s manual by Shanghai Changhai Hospital, Taizhou People’s Hospital and Zhongda Hospital (No. CHEC2013-115). Three sites shared the same standard operating procedure (SOP) for participant recruitment and sample processing. Written informed consents were obtained from the participants before sampling.

A total of 289 consecutive PCa and biopsy-negative control patients with elevated PSA before biopsy were admitted from Changhai Hospital, Taizhou People’s Hospital and Zhongda Hospital, who underwent a prostate biopsy between February 2017 and March 2018. All subjects in this study underwent transperineal biopsy guided by transrectal ultrasound, including patients with PSA > 4 ng/ml and no increase in PSA but with abnormal DRE or imaging examination. The specimen was examined individually by two pathologists and assigned a Gleason score. Baseline information of the study subjects is provided in Table 1. Individuals combined with other known tumor histories were excluded. All recruited research subjects signed an informed consent form at admission. We defined benign disease and Gleason score = 6 as the non-aggressive disease and Gleason score ≥7 as the clinically significant PCa (csPCa), which was the same as described in the previous study.


Table 1 | Demographics and clinical characteristics of participants.





Sample Collection and Preparation

We collected first-catch urine samples following an attentive DRE on the day of the biopsy. The urine samples were processed within 2 h of collection (13). Patients who underwent biopsy were assessed to have an abnormal PSA value (>4 ng/ml), or DRE revealed a nodule or PI-RADS > 3. The diagnosis results were confirmed by biopsy. The pathology diagnosis was double-blind confirmed by two pathologists.



Exosome Extraction

Exosomes were extracted by a commercial kit according to the manufacturer’s manuals, as in our previous studies (16). In brief, samples were kept on ice and then 20 ml of which was centrifuged at 3,000 g at 4°C for 15 min. Afterward, the supernatant was transferred to a centrifuge tube. Reagent A (7.5 ml) was mixed thoroughly with 670 ml of Reagent B. Incubation was conducted at 4°C for 12–16 h, followed by centrifugation at 3,000 g at 4°C for 60 min. More than 1 ml of the supernatant was retained, with the residual supernatant discarded. One milliliter of solution was added above the pellet to fully resuspend it. After centrifuging at 10,000 g at 4°C for 10 min, the supernatants were discarded. We resuspended the pellet in 200 μl of filtered PBS and then centrifuged it again for 5 min at 10,000 g at 4°C. Exosomes were collected in the supernatant and stored in a −80°C refrigerator.



Transmission Electron Microscopy

Exosome samples were resuspended in PBS. The sample was prepared first and then loaded onto the copper grid. After standing for approximately 20 min at room temperature, the filter paper was used to assimilate excess moisture. The sample was negatively stained for 5 s with 20 μl of 2% phosphotungstic acid (pH 5.52). Then, excess liquid was sucked up by filter paper from the side. After drying at room temperature, the typical structure of exosomes was observed by TEM.



Western Blot Analysis

The exosome suspension was thawed on ice, and more than 20 μl of RIPA buffer (89901, Thermo Fisher) containing protease inhibitor (B14001, Bimake) was used to lyse for 30 min. The sample was centrifuged at 12,000 g for 5 min at 4°C. Then, a BCA kit was used to measure the protein concentration. Then, a 5× loading buffer was added to the supernatant, and the mixture was heated in a metal bath at 97°C for 3 min. Based on the manufacturer’s instructions, a PAGE Gel Fast Preparation Kit (PG112, EpiZyme) was prepared. According to the determined concentration, more than 20–40 μg of protein and protein marker (1610374, Bio-Rad) were each added to the well; SDS-PAGE electrophoresis was conducted at 100 V and run for 105 min. After that, the instrument was set to 100 V and 90 min for electrotransfer. After the transfer was completed, the membranes containing the protein of interest were placed in 5% BAS and blocked for 2 h at room temperature. Then, these were transferred to a primary antibody [including CD9, CD63, CD81, TSG101, Cytochrome c, calnexin (AP1482, Abgent), and ACTB (A5441, Sigma)] and placed on a shaker at 4°C overnight. The next day, the membranes were washed 3 × 5 min by TBST. Incubation of the secondary antibody with the membrane was performed for 2 h at room temperature, followed by three rewashes. Finally, the membrane is photographed.



Nanoparticle Tracking Analysis

Samples were diluted 1:300 in filtered PBS to control concentrations within the most accurate detection range. Panalytical NanoSight NS300 (Malvern) was used to detect the size and distribution of exosomes. The instrument detection cell was washed with DPBS solution without any nanoparticles. After cleaning the detection module, the diluted sample was added to the syringe and placed on the motorized pump. The testing module should be connected and the manufacturer’s instructions should be followed before testing. To reduce errors, particle diameters were calculated using the Stokes–Einstein equation with three replicates per sample.



ELISA

Experiments were performed using ELISA kits (E0993h) from EIAab. After the reagents and samples were taken out of the refrigerator, they should be left at room temperature for 30 min, and the working solution should be configured according to the manufacturer’s instructions. The standard was diluted in equal proportions, and 100 μl of the standard or sample was added to the 96-well plate pre-incubated with the primary antibody. Three replicate wells were made for each sample. After blocking with film, the 96-well plate was incubated in a 37°C incubator for 2 h. The liquid in the 96-well plate was discarded, and 100 μl of Reagent A was added. After gentle shaking and placement in a 37°C incubator for 1 h, the liquid was discarded and washed three times with washing working solution (300 μl/well) for 2 min each time. Reagent B operation was similar to a previous operation. Finally, more than 90 μl of the reaction solution was added to each well and then placed in a 37°C incubator for 10–20 min in the dark. When a clear color gradient appeared in the standard wells, more than 50 μl of stop solution was added, and the absorbance value at 450 nm was measured on the computer within 15 min.



Data Analysis

Data analysis was performed by MedCalc v13.0 (MedCalc Software bvba) and Prism V9.2 (GraphPad software). The age of the different groups was compared by Student’s t-test. The Mann–Whitney U test was used to compare PSAD, PSA, and f/t PSA by the nonparametric test. Pearson’s chi-squared test compared DRE status. Exosomal AMACR was compared in different groups using a nonparametric test. A univariate logistic regression was used to identify independent predictors of PCa based on biopsy results. We evaluated the diagnostic value of the parameters using the receiver operating characteristic (ROC) curve and the area under the curve (AUC). Comparisons of AUC between different indicators were made using MedCalc and Delong methods. Patients’ net benefit was evaluated using decision curve analysis (DCA). Two-sided p-values were used, and p < 0.05 was considered statistically significant.




Results


Participants’ Characteristics

The baseline information of the training and validation cohorts of patients is shown in Table 1. We collected the urine sample of 289 patients from February 2017 to March 2018 and excluded 17 patients due to incomplete clinical information. Finally, we analyzed 272 patients (including 185 controls and 87 PCa patients, with a positive biopsy rate of 31.98%). The mean age of participants in the training and validation cohorts was 65.1 years (SD 7.2) and 64.7 years (SD 8.1), respectively. Not all patients underwent MRI. Sixty-six (47.5%) patients in the training cohort and 58 (43.6%) patients in the validation cohort had MRI results. The median tPSA of participants in training and validation cohorts were 8.8 (IQR: 6.6–12.4) and 9.3 (IQR: 6.9–12.9), respectively. For the f/t PSA, the medians were 0.16 (IQR: 0.11–0.25) in the training cohort and 0.12 (IQR: 0.08–0.19) in the validation cohort. The median PSAD was 0.18 (IQR: 0.11–0.25) in the training cohort and 0.18 (IQR: 0.11–0.29) in the validation cohort. The results of exosome identification refer to the literature previously published by our group (16).



Urine Exosomal AMACR Could Distinguishing PCa From BPH and BPH Plus Non-Aggressive PCa

The expression of AMACR in PCa and csPCa was significantly higher than that in BPH and non-aggressive (Figures 1A, D, p < 0.001). The diagnostic performance of AMACR, evaluated by ROC, was 0.832 for detecting PCa from BPH (Figure 1B, p < 0.001) and 0.78 for detecting clinically significant PCa (csPCa) (Figure 1E, p < 0.001) from BPH plus non-aggressive PCa. AMACR was superior to PSA, PSAD, and f/t PSA in detecting PCa from BPH (Figure 1C, AMACR vs. PSA, p = 0.0054; AMACR vs. f/t PSA, p = 0.056, AMACR vs. PSAD, p = 0.008). Diagnostic efficiency (p = 0.0054), and compared with f/t PSA, the p-value was 0.056.  For the diagnosis of csPCa, AMACR was also superior to PSA, f/t PSA, and PSAD but could not reach statistical significance (Figure 1F, AMACR vs. PSA, p = 0.1838; AMACR vs. f/t PSA, p = 0.125, AMACR vs. PSAD, p = 0.214). The detailed information is summarized in Table 2.




Figure 1 | The diagnostic utility of urine exosomal AMACR in the training cohort. The urine AMACR was significantly higher in the PCa (A) (p < 0.001) and csPCA (D) (p < 0.001) than in the control group. The utility of urine AMACR in distinguishing PCa (B) (AUC: 0.832, p < 0.001) and csPCa (E) (AUC: 0.780, p < 0.001). Comparison ROC illustrated that the urine AMACR has a better performance than PSA, f/t PSA, and PSAD in PCa (C) and csPCa (F) diagnosis.




Table 2 | The performance of urine exosomal AMACR and clinical features to predict biopsy results in the training cohort.





The Diagnostic Performance of Urine Exosomal AMACR Was Validated in an Additional Cohort of Participants

We further evaluated the levels of urine AMACR in the samples of the validation cohort of participants. Similar results were observed. The expression of AMACR was upregulated in PCa compared to BPH (Figure 2A, p < 0.001) and also significantly upregulated in PCa compared to BPH plus non-aggressive PCa (Figure 2D, p < 0.001). The ROC was 0.800 for detecting PCa from BPH (Figure 2B, p < 0.001) and 0.749 for detecting clinically significant PCa (csPCa) from BPH plus non-aggressive PCa (Figure 2E, p < 0.001). Compared to clinical parameters, AMACR was superior to PSA, f/t PSA (Figure 2C, AMACR vs. PSA, p = 0.001; AMACR vs. f/t PSA, p = 0.032), and PSAD but could not reach statistical significance (Figure 2C, AMACR vs. PSAD, p = 0.06) in detecting PCa from BPH. For the diagnosis of csPCa, AMACR was also superior to PSA (Figure 2F, AMACR vs. PSA, p = 0.031), f/t PSA, and PSAD but could not reach statistical significance (Figure 2F, AMACR vs. f/t PSA, p = 0.109, AMACR vs. PSAD, p = 0.115). The detailed information is summarized in Table 3.




Figure 2 | The diagnostic utility of urine exosomal AMACR in the validation cohort. The urine AMACR was significantly higher in the PCa (A) (p < 0.001) and csPCA (D) (p < 0.001) than the control group, respectively. The utility of urine AMACR in distinguishing PCa (B) (AUC: 0.800, p < 0.001) and csPCa (E) (AUC: 0.749, p < 0.001). Comparison ROC illustrated that the urine AMACR has a better performance than PSA, f/t PSA, and PSAD in PCa (C) and csPCa (F) diagnosis.




Table 3 | The performance of urine exosomal AMACR and clinical features to predict biopsy results in the validation cohort.





The Clinical Application of Urine Exosomal AMACR

To determine the net benefit of participants, the clinical DCA was used (Figures 3A–D). The results showed that the benefit of patients using AMACR was superior to PSA, f/t PSA, and PSAD in both the training cohort and the validation cohort in terms of diagnostic efficiency. There are also good performances in diagnosing csPCA. Setting 30% as the threshold, AMACR could avoid 60.4% of unnecessary biopsies in the training cohort, which was significantly higher than 47.4% in PSA, with only 12 (8.6%) csPCA patients missed. AMACR could avoid 58.6% of unnecessary biopsies in the validation cohort, which was significantly higher than 26.3% in PSA, with only 10 (7.5%) patients missed, among which 9 (6.8%) of these patients had clinically significant PCa. Setting 95% sensitivity as the cutoff value 8.9, UE-A could avoid 27.57% of unnecessary biopsies, which was significantly higher than 13.24% in PSA, with only 4 (1.47%) csPCa patients missed. The waterfall plot shows the biopsy results of each participant and AMACR results (Figure 3E).




Figure 3 | Clinical application of the urine exosomal AMACR. The DCA indicates that urine AMACR has a higher net benefit across a threshold of 20%–50% probabilities for diagnosing PCa (A, C) and csPCa (B, D) in two cohorts. (E) Waterfall plot of the urine AMACR in relation to prostate biopsy results (n = 272). Red bar indicates the ISUP grade ≥2 tumors (GS ≥ 7); the blue one indicates the ISUP grade 1 tumors (GS = 6); the green one indicates the negative biopsies. Two horizontal lines represent the cutoff points of 9.8 at a sensitivity of 90% and 8.9 at a sensitivity of 95%.






Discussion

The diagnostic rate of PCa has steadily increased with the increased PSA screening (17)... In spite of abnormal DRE and transrectal ultrasound (TRUS) triggering prostate biopsy, PSA is still the main indicator for prostate biopsy (18). Higher levels of PSA are routinely used in predicting PCa risk. Scientists are therefore encouraged to develop more specific biomarkers for detecting clinically significant PCa due to the low specificity of PSA testing for screening PCa and its limitations in identifying clinically significant PCa at an early stage and avoiding unnecessary biopsies (19).

AMACR is a racemase encoded by the P504S gene, which plays a vital role in the β oxidation of fatty acids and cholic acid metabolism (20). Lee et al. reported that AMACR has a diagnostic and prognostic value in glioblastoma (21). In PCa, AMACR can cause DNA damage that leads to the expression of peroxide, which promotes tumor progression (12). At present, many studies have pointed out that the AMACR mRNA level is significantly highly expressed in PCa tissues, and its sensitivity and specificity as a diagnostic marker are 82%–100% and 97%–100%, respectively (22, 23). Rogers et al. (24) first proposed the potential of AMACR as a diagnostic marker for PCa in the current study on the diagnostic value of AMACR protein level in urine. After testing the urine samples of 26 patients with PCa biopsy, they found that the sensitivity of AMACR for diagnosis was 100%, but the specificity was only 58%. This may be due to the limitation of sample size. However, in the study of Sroka et al. (25), AMACR level in the PCa group was higher than the control group (p < 0.001), but its AUC as a diagnostic indicator was 0.748, slightly lower than the diagnostic efficacy of serum PSA (AUC = 0.769) and could not replace PSA as a new diagnostic marker. Here, we showed that urine exosomal AMACR achieved an AUC of 0.832 in detecting PCa from BPH and an AUC of 0.78 in predicting csPCa at initial biopsy. Moreover, the diagnostic performance of urine exosomal AMACR was superior to PSA, f/t PSA, and PSAD. The similar results were observed in an additional cohort of patients. These results indicated that urine exosomal AMACR could serve as a promising biomarker to improve the detection of PCa and csPCa.

Research conducted in the present study may provide a new perspective on PCa and csPCa diagnosis. Several limitations remain, however. First, the sample size was inadequate. We need another multi-center, perspective, large-scale study to verify our findings. Second, we did not compare UE-A to other emerging assays, such as MiPS, SelectMDx, and EPI. Third, UE-A was significantly correlated with PI-RADS (Figure S1, p = 0.0020). However, we could not compare the performance of UE-A to that of PI-RADS because more than half of patients did not undergo MRI. Finally, given the noticeable differences in genetic alteration signatures between Asians and Westerners (26), additional studies should be conducted to compare the clinical utility of our UE-A in Asian and Western patients.



Conclusion

In summary, we developed and validated a new non-invasive, urinary-based, exosomal biomarker, AMACR, for the detection of PCa and csPCa early in the disease course. Clinically, the urine exosomal AMACR had a higher net benefit than current clinical parameters, while it could spare a significant amount of unnecessary biopsies.
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Objective

Post-operative biochemical relapse (BCR) continues to occur in a significant percentage of patients with localized prostate cancer (PCa). Current stratification methods are not adequate to identify high-risk patients. The present study exploits the ability of deep learning (DL) algorithms using the H2O package to combine multi-omics data to resolve this problem.



Methods

Five-omics data from 417 PCa patients from The Cancer Genome Atlas (TCGA) were used to construct the DL-based, relapse-sensitive model. Among them, 265 (63.5%) individuals experienced BCR. Five additional independent validation sets were applied to assess its predictive robustness. Bioinformatics analyses of two relapse-associated subgroups were then performed for identification of differentially expressed genes (DEGs), enriched pathway analysis, copy number analysis and immune cell infiltration analysis.



Results

The DL-based model, with a significant difference (P = 6e-9) between two subgroups and good concordance index (C-index = 0.767), were proven to be robust by external validation. 1530 DEGs including 678 up- and 852 down-regulated genes were identified in the high-risk subgroup S2 compared with the low-risk subgroup S1. Enrichment analyses found five hallmark gene sets were up-regulated while 13 were down-regulated. Then, we found that DNA damage repair pathways were significantly enriched in the S2 subgroup. CNV analysis showed that 30.18% of genes were significantly up-regulated and gene amplification on chromosomes 7 and 8 was significantly elevated in the S2 subgroup. Moreover, enrichment analysis revealed that some DEGs and pathways were associated with immunity. Three tumor-infiltrating immune cell (TIIC) groups with a higher proportion in the S2 subgroup (p = 1e-05, p = 8.7e-06, p = 0.00014) and one TIIC group with a higher proportion in the S1 subgroup (P = 1.3e-06) were identified.



Conclusion

We developed a novel, robust classification for understanding PCa relapse. This study validated the effectiveness of deep learning technique in prognosis prediction, and the method may benefit patients and prevent relapse by improving early detection and advancing early intervention.





Keywords: prostate cancer, relapse prediction, multi-omics, autoencoder, deep learning, H2O package



Introduction

Data accumulation is increasing exponentially with the development and application of advanced technologies such as chips and sequencing in the biomedical field. Combined with state-of-the-art algorithms, it is revealing strong biological associations in the pathomechanism of various cancers (1, 2). Before this new era, cancer studies concerning single-dimensional data could only obtain limited information, but multi-omics data integration approaches can now address important biological questions. Multi-omics data integration techniques have been widely applied for identifying subtypes, and multiple studies have revealed that the deep learning (DL) method may be effective for transducing multi-omics data to construct more accurate prognosis models (3, 4).

Prostate cancer (PCa) is one of the most common malignancies in elderly men, accounting for 26% of all cancers and 11% of estimated cancer death in males in 2021 (5). After the PCa patients received either radical prostatectomy (RP) or external beam radiotherapy, 27−53% of patients experienced biochemical recurrence (BCR) (6). Combined with surgical margin status, clinically applied prognostic factors such as prostate specific antigen (PSA) value, tumor-node-metastasis (TNM) status and Gleason score can help assess the risk of relapse after RP (7). However, these parameters lack predictive accuracy. As we all know, the best medical decisions should be made according to the patients’ specific situations. Relapse is indeed a very significant part of it, and prediction represents a major challenge (8). New methods to discover relapse-sensitive subtypes are much needed, and a more accurate risk-stratification tool improve the allocation of medical resources (9).

In recent years, several studies have identified PCa molecular subtypes (10–14). Huang et al. (10) generated a set of long non-coding RNAs (lncRNAs) to predict BCR-free survival of PCa using The Cancer Genome Atlas (TCGA; https://www.cancer.gov/) dataset, a large and detailed database including omics data for more than 30 cancer types. The results showed that this four-lncRNA model was more precise than the American Joint Committee on Cancer T stage and Gleason score, although differences were not significant. Chu et al. (11) used a random forest-based variable hunting approach to select eight messenger RNA (mRNA), and developed a risk score staging system. Importantly, this eight-gene model was further validated by another independent dataset. Wang et al. (13) integrated mRNA, microRNA (miRNA), and methylation data, selected TELO2, ZMYND19, miR-143, miR-378a, cg00687383, and cg02318866 for model construction, and reported a high concordance index (C-index = 0.713).

Genomics, epigenomics, transcriptomics, and other omics approaches can broadly be defined as systematic methods for collecting multifarious biological data, and these techniques can reveal the heterogeneity of tumors and provide new types of molecular classification. The H2O Deep Learning Estimator has not been applied to PCa relapse prediction, and meanwhile one or a few omics layers have been considered in previous studies, with a small number of biomarkers. To more comprehensively mine multi-omics data, we herein developed a robust relapse risk-stratification model for PCa based on up to five-omics data using the H2O Deep Learning Estimator, consisting of mRNA, miRNA, DNA methylation, copy number variations (CNVs), and lncRNA. Five external validation sets were employed to evaluate its robustness, which was lacking for previous predictive models. Furthermore, detailed bioinformatic analysis was performed from multiple perspectives. We evaluated differentially expressed genes (DEGs), critical signaling pathways, CNVs, and tumor-infiltrating immune cell (TIIC) groups associated with PCa relapse.



Materials and Methods


Data Acquisition and Study Design

Multi-omics PCa data from TCGA, including mRNA, miRNA, DNA methylation, CNVs and lncRNA, were subjected to dimensionality reduction analysis to extract associated genes using the H2O package in R (v3.6.0) (15), an open-source machine learning platform that supports the most widely used machine learning models and advanced models, such as DL and so forth. Multi-omics datasets were obtained from the TCGA data portal. CNV values were generated by GISTIC 2.0, and processing of methylation data was conducted as previously described (3, 9). Hyperparameter optimization was performed by grid search, and DL models were then built. Five additional validation sets were applied to evaluate the predictive robustness of the best-performing model. The study workflow is shown in Figure 1.




Figure 1 | Overall workflow. Firstly, mRNA, miRNA, DNA methylation, CNVs, and lncRNA deep features from the TCGA PCa cohort were stacked up as input features for the autoencoder, a deep-learning method. Then each of the new and transformed features in the bottleneck layer of the autoencoder were subjected to univariate Cox-PH models to select the features associated with relapse. Then K-mean clustering was applied to relapse-associated deep features and 10-fold cross-validation was applied to analyze the C-index for different clusters and relapse in 8 DL models. The best model (model_3) with better discriminative ability was finally selected using Kaplan-Meier plotter between two models with the highest C-index. Then the Lasso method was used to filter out the relapse-associated feature labels, according to model_3 subgroups, from the database of TCGA, including mRNA, miRNA, DNA methylation, CNVs and lncRNA. The Lasso model was constructed, and five external validation sets from GEO were used to evaluate its prediction ability. Last but not least, functional analysis was performed to understand the different characteristics between two relapse-associated subgroups.



An autoencoder with three hidden layers (n = 50, 100, 150, 200, 250, 300, 400, 500) was implemented, for which the bottleneck layer was used to discover new labels from the multi-omics data, with αa = 0.0001 and αw = 0.001. As reported, selection parameters to train the autoencoder were ‘TanhWithDropout’ as the activation function, ‘log loss’ as the objective function, and ‘10 epochs and 50% dropout’ as the gradient descent algorithm (3).In detail taking the input x = (x1, ..., xn), the output of x′, for a given i the formula is x′ = tanh(Wix+bi) where Wi is the weight matrix of size x×x′. For k layer in the autoencoder, the formula is x′F1→k(x)=f1°...°fk−1°fk(x)  was applied to measure the error between the input and output. To control overfitting, . Finally, eight DL models were built based on different hidden layers.



Robustness Assessment and Model Selection

We extracted deep features from eight DL models, and features related to relapse were screened out by univariate Cox proportional hazards (Cox-PH). Next, we used the K-means clustering algorithm to cluster the samples. Different clusters and relapse C-index were evaluated by 10-fold cross-validation.

Then, patients were divided into two subgroups based on relapse-associated deep features according to the models with good C-index scores, and KM plot was used to analyze the relapse level. Finally, the most suitable model was chosen for subsequent validation.



Lasso Model Building and DL Model External Validation

The Lasso method was used to filter out relapse-associated feature labels from the TCGA database depending on the chosen model, including mRNA, miRNA, DNA methylation, CNVs and lncRNA. Five additional validation sets from the GEO database, an international public functional genomics data repository, were applied to assess the predictive effectiveness of this DL-based relapse prediction model (i.e., GSE70768 for mRNA, GSE70768 re-annotation for lncRNA, GSE26367 for miRNA, GSE26126 for DNA methylation, and GSE21035 for CNVs). Log-rank p-value and C-index were applied for performance evaluation.



Bioinformatics Analysis

The characteristics of two relapse-associated subgroups of TCGA PCa samples were explored through multiple bioinformatics analysis.


Identification of DEGs

To identify DEGs between the two subgroups, differential gene expression analysis was performed for each omics data type. The DESeq2 R package (16) was used to filter DEGs between the two subgroups (absolute (log2 fold change >0.585 and adjusted p-value <0.01). The lumi and limma R packages were applied for processing DNA methylation (17–19), and filtering was defined as averaged M value differences >1.



Enriched Pathway Analysis

The clusterProfiler R package was used to perform the GO and KEGG enrichment analyses (20). Up- and down-regulated genes and pathways were separately assessed. The GO and KEGG enrichment analysis results were visualized as bubble plots. GSEA was also performed using the clusterProfiler package. Hallmark gene sets c2.cp.kegg.v6.2.symbols.gmt, c2.cgn.v6.2.symbols.gmt, c5.all.v6.2.symbols.gmt and c6.all.v6.2.symbols.gmt were downloaded from the MSigDB molecular signatures database (http://software.broadinstitute.org/gsea/msigdb). GSVA package was then implemented, and the single sample GSEA method was used for hallmark gene sets to further calculate the GSVA scores of each gene set for each sample.



Copy Number Analysis

Firstly, Wilcoxon’s signed-rank test was used to compare differentially expressed CNVs between two subgroups. Secondly, the Heatmap function in R was used to present copy number heatmaps. Thirdly, copy number frequency and gistic score in different chromosomes was generated by GISTIC 2.0. Finally, GO enrichment analysis was carried out for CNV differential genes, proportional Venn diagrams were generated with a Venn diagram plotter, and functional enrichment analysis was then separately performed for up- and down-regulated genes.



Immune Cell Infiltration Analysis

The CIBERSORT algorithm was used to calculate the proportion of infiltrating immune cell subsets, and 22 types of immune cells were detected in these PCa samples. Cells with statistically significant differences were screened and analyzed by Wilcoxon’s signed-rank test, with a threshold of p <0.05.





Results


Identification of Two Differential Relapse Subgroups in TCGA PCa Samples

A total of 417 tumor samples were obtained from the TCGA PCa project, which included five-omics data (mRNA, miRNA, DNA methylation, CNVs and lncRNA). In our study population, all patients underwent RP due to PCa, and 265 (63.5%) experienced BCR while 152 (36.5%) did not. As mentioned in the Materials and Methods, we subsequently performed preprocessing of this data. The autoencoder architecture or DL framework was applied (Figure 1), which stacked these five-omics features together.

Eight DL models were constructed based on the different hidden layers. Univariate Cox-PH regression on each of the deep features as then performed to verify significance (Wald test p-value <0.05) associated with relapse. We used K-means for clustering analysis and 10-fold cross-validation (CV) to calculate C-index for different clusters related to relapse. The results showed that all eight DL framework models generated a good C-index value (>0.64), and this value was >0.75 for model_3 and model_8 (Table 1).


Table 1 | Characteristics of eight DL models.



Subgrouping procedures were separately employed using the relapse-related deep features obtained from model_3 and model_8. Relapse differences between subgroups were then evaluated by Kaplan-Meier plotter (KM plot). Two subgroups of model_3 revealed more significant differences (log-rank p-value = 6e-09), with a time to relapse ~3.5 years for half of patients (Figure 2A, Supplementary Figure 1).




Figure 2 | Significant survival differences for model _3 and five external validation sets. Relapse-related deep-features of model_3 were used for subgrouping, and KM plot was used to show the difference in relapse levels between the two subgroups. The Lasso model constructed according to model_3 was validated in each of the five external validation sets. (A) KM plot of model_3 (log-rank P-value = 6e-09, the time of half relapse is about 3.5 years). (B) GSE70768 validation set (mRNA, Number of samples = 111, log-rank p-value = 4.46e-07). (C) GSE26367 validation set (miRNA, N = 149, log-rank P-value = 0.000319447). (D) GSE26126 validation set (DNA methylation, N = 85, log-rank P-value = 0.003265681). (E) GSE21035 validation set (CNVs, N = 198, log-rank P-value = 0), and (F) Re-annotated GSE70768 validation set (mRNA, N = 111, log-rank P-value = 0.017250485).





Evaluation of Relapse in Five Independent Validation Sets

Characteristic labels were selected and a Lasso model was constructed, with 43 mRNAs, 22 miRNAs, 24 lncRNAs, 30 methylation genes, and 72 CNV genes (Supplementary Table 1). Five independent validation sets from the Gene Expression Omnibus (GEO; http://www.ncbi.nlm.nih.gov/geo/) database were then applied to demonstrate the predictive classification robustness of the model for PCa relapse outcomes. Each of the validation sets represented mRNA, miRNA, DNA methylation, CNVs, or lncRNA, respectively (Figures 2B–F). The GSE70768 dataset was a mRNA validation set with 111 patients, which had a log-rank p-value of 4.46e-07 between the two PCa relapse-associated subgroups (low-risk S1 vs. high-risk S2; Figure 2B). The GSE26367 miRNA validation set consisted of 150 samples with a log-rank p-value of 0.000319447 between S1 and S2 (Figure 2C). The GSE26126 DNA methylation validation set included 85 samples, and the two subgroups yielded a log-rank p-value of 0.003265681 (Figure 2D). The GSE21035 CNVs validation set with 198 patients had an extremely low log-rank p-value of 0 between the two subgroups (Figure 2E). Finally, the GSE70768 re-annotated lncRNA validation set had a log-rank p-value of 0.017250485 between S1 and S2 (Figure 2F).



Analysis of DEGs in Relapse Subgroups

DEGs between the two identified subgroups were identified by the DESeq2 package. After applying adjusted p-value <0.01 and absolute fold change >1.5 as cut-off criteria, we obtained 1530 DEGs including 678 up-regulated and 852 down-regulated genes in the S2 subgroup (the high relapse risk subcluster) compared to S1 (the low relapse risk subcluster). Gene expression profile comparisons of these 1530 genes after normalisation is shown in Figure 3A, and the results are presented as a volcano plot (Figure 3B). The three most significantly up-regulated genes in the S2 subgroup, von Willebrand factor a domain-containing 5B1 (VWA5B1), uridine 5’-diphosphate glucuronosyltransferase 2B15 (UGT2B15), and urotensin II-related peptide (URP, also called UTS2B), all with log2[fold change] >2 and -log10[q-value] >2, are related to genetic polymorphisms (21–23). In addition, down-regulated genes such as CCK, NRAP and PAH (log2[fold change] <-2 and -log10[q-value] >2) were also noted.




Figure 3 | Differentially expressed genes (DEGs) in the two subgroups from the TCGA PCa samples. (A) Differential expression: S2 vs S1, S1: a low relapse-risk subgroup of PCa, S2: a high relapse-risk subgroup of PCa. (B) Volcano plot of DEGs.



Next, Gene Ontology (GO) and Kyoto Encyclopedia of Genes and Genomes (KEGG) pathway analyses were performed on DEGs which were significantly up-regulated (fold change >2 and p <0.05) or down-regulated (fold change <-2 and p <0.05). GO analysis results for up-regulated genes were enriched with cancer-related cell proliferation terms such as organelle fission, nuclear division, chromosome segregation, mitotic nuclear division, nuclear chromosome segregation, metaphase/anaphase transition of the cell cycle, and others (Figure 4A), KEGG analysis results showed that up-regulated genes were also involved in the cell cycle, and some other pathways including neuroactive ligand-receptor interaction, cell cycle, oocyte meiosis, protein digestion, and absorption were also highly enriched (Figure 4B). GO analysis revealed that these down-regulated genes were enriched in many muscle-related biological process terms including muscle system process, muscle organ/tissue development, actin-mediated cell contraction, actin-myosin filament sliding, and myofibril assembly (Figure 4C). KEGG analysis showed that DEGs were enriched in calcium signaling, IL-17 signaling, adrenergic signaling in cardiomyocytes, dilated cardiomyopathy (DBM), mineral absorption, salivary secretion, and others (Figure 4D).




Figure 4 | GO and KEGG enrichment of upregulated and downregulated genes. (A) GO enrichment analysis of upregulated genes. (B) KEGG enrichment analysis of upregulated genes. (C) GO enrichment analysis of downregulated genes. (D) KEGG enrichment analysis of downregulated genes.



Next, Gene set enrichment analysis (GSEA) was performed and the results indicated several malignant hallmarks and pathways of cancer, of which the top five up-regulated hallmarks were E2F targets, G2/M checkpoint, mitotic spindle, myc targets v1 and myc targets v2 (Figure 5A), and the top five down-regulated hallmarks were apical surface, estrogen response early, estrogen response late, myogenesis, and TNFA signaling via NF-kb (Figure 5B). Additionally, several malignant KEGG pathways of cancer were identified, among which the top five up-regulated pathways were cell cycle, homologous recombination, mismatch repair, oocyte meiosis and ribosome (Figure 5C), and the top five down-regulated pathways were arrhythmogenic right ventricular cardiomyopathy, cardiac muscle contraction, dilated cardiomyopathy, glutathione metabolism and hypertrophic cardiomyopathy hcm (Figure 5D).




Figure 5 | GSEA enrichment analysis in Hallmarks and KEGG (S2 vs S1). (A) The top five upregulated hallmarks. (B) The top five downregulated hallmarks. (C) The top five upregulated pathways in KEGG. (D) The top five downregulated pathways in KEGG.



Moreover, a heatmap plot was used to present the different expression levels of hallmark gene sets (Figure 6A), and a bar chart further showed 23 differentially expressed hallmark gene sets based on -log(p) value of the gene set variation analysis (GSVA) score order (Figure 6B). Five hallmark gene sets were up-regulated (-log(p) value of GSVA score >10), and 13 hallmark gene sets were down-regulated (-log(p) value of GSVA score <-10).




Figure 6 | GSVA enrichment analysis in Hallmarks. (A) Heatmap plot. (B) Bar Chart (-log(p) value of GSVA score were used, S2 vs S1).





CNVs Analysis

Since analysis of functional difference outcomes showed that DNA damage repair pathways such as homologous recombination and mismatch repair were significantly enriched in the S2 subgroup, we compared differences in CNVs between the two subgroups. The results showed that 30.18% (7844/25988) of genes in the S2 subgroup were significantly up-regulated, and no significant differences were found in other genes between the two subgroups (p <2.2e-16; Figure 7A). Further analysis was performed on the gene copy number for different chromosomes, with 265 samples in the S1 subgroup and 152 samples in S2 subgroup, and the results showed that gene amplification on chromosomes 7 and 8 in the S2 subgroup was significantly greater than that in the S1 subgroup (Figure 7B–H).




Figure 7 | CNVs difference analysis between S1 and S2. (A) CNVs difference analysis by Wilcoxon. (B) Hierarchical clustering. Red indicates amplification, whereas blue indicates deletion. (C–H) Chromosomal distribution of copy number by GISTIC. Red indicates amplification, whereas blue indicates deletion.



GO analysis was applied for CNV differential genes, and the results showed that protein-DNA complex subunit organization, chromatin assembly, disassembly and silencing, nucleosome organization, negative regulation of gene expression (epigenetic), and DNA replication-dependent nucleosome assembly and organization were enriched (Figure 8A). Regarding overlapping CNV differential genes and expression differential genes, 443 gene expression levels were altered, of which 190 were up-regulated and 253 were down-regulated (Figure 8B). Subsequent GO analysis of up-regulated CNV genes revealed enrichment in chromosome segregation, nuclear division, organelle fission, skeletal system morphogenesis, mitotic nuclear division, and others (Figure 8C), and down-regulated CNV genes were enriched in muscle system process, antimicrobial humoral response, cellular response to zinc ion, and thyroid hormone metabolic process terms. Interestingly, a humoral immune response was also involved (Figure 8D).




Figure 8 | Functional analysis of CNV differential genes. (A) GO enrichment analysis of CNV differential genes. (B) Venn diagrams of CNV differential genes and expression differential genes. (C) GO enrichment analysis of upregulated CNV genes. (D) GO enrichment analysis of downregulated CNV genes.





Analysis of Tumor-Infiltrating Immune Cells

We calculated and displayed 22 TIICs per sample from TCGA analysis for the two subgroups with significantly different relapse-risk subgroups. The heatmap shows the relative levels of TIICs between the two sample subgroups (Figure 9A). Finally, four types of TIICs, namely CD4 naïve T cells, CD4 memory-activated T cells, monocytes, and M2 macrophages, differed significantly between the two subgroups (Table 2, Figure 9B–E). Among them, M2 macrophages, CD4 naïve T cells and CD4 memory-activated T cells were more abundant in the S2 subgroup (p = 0.00014, p = 1e-05, p = 8.7e-06), while monocytes were more abundant in the S1 subgroup (p = 1.3e-06).




Figure 9 | Immuno-infiltration analysis between S1 and S2. (A) Heatmap plot of the 22 tumors infiltrating immune cells (TIICs) in two groups. (B–E) Relative proportion of the differential four types of TIICs between two subgroups, respectively.




Table 2 | Characteristics of four significantly different tumor-infiltrating immune cells.






Discussion

Although patients with localized PCa undergoing RP may have favorable oncological results, the incidence of BCR can reportedly be more than one-fourth (24). Thus, it is clinically important for urologists to distinguish patients at high risk of relapse from those with low risk to initiate early salvage treatment, while for those with a low risk of relapse, treatment can be deferred. Although there are some studies on relapse prognostication of PCa patients, incorporating multi-omics data to identify subgroups has rarely been reported (25, 26). In addition, most published PCa subgroup models have either no or very few independent validation sets, hence the predictive values of these identified subgroups are not very satisfactory. Thus, new practical procedures in which a predictive model could feed back the relapse outcome of PCa patients directly are needed.

DL has emerged as a versatile approach for predicting complex biological phenomena (27). Previous DL-based models of PCa were mainly applied in preclinical discovery, Gleason grading, and tumor metastasis (28–31). Baek et al. (32) proposed two biological features based on mRNA, miRNA, and methylation datasets to predict high-risk pancreatic adenocarcinoma, which achieved good performance with C-index ~0.8 for both disease-free survival and overall survival. In terms of liver cancer, a previous DL-based three-omics (mRNA, miRNA, and methylation) integration robustly predicted survival, with C-index = 0.68. Furthermore, another support vector machine model using bidirectional deep neural networks integrating DNA methylation and mRNA expression data could also cluster samples into two survival subgroups (3, 33). Herein, we identified differences in relapse risk between two subgroups of PCa patients using five-omics data, and the model performed well, with C-index >0.75 and log-rank p-value = 6e-9 between the two relapse subgroups. To our knowledge, this is the first application of a DL framework for integrating five different datatypes to predict relapse of PCa, and it achieved the best C-index reported to date and included sufficient external confirmation cohorts.

The open-source H2O platform is a powerful tool that can automatically select DL strategies and parameter settings to predict biological differences (34). Furthermore, automated machine learning has great value for many areas of medicine, especially in cancer diagnosis and judging prognosis (35–37). In the present study, we established eight DL-based predictive models for PCa relapse according to different hidden layers using H2O. The results showed that the final selected model (model_3) was robust and might be superior to others, including previous prediction models, for several levels. Because of its ability to achieve more accurate outcomes and its great universality, the DL technique is attracting increasing interest (38). The results of 10-fold CV analysis displayed performance consistency, indicating the reliability and robustness of the model (Table 1). This autoencoder framework was more efficient at identifying features related to relapse compared with others, with a C-index of 0.767. Li et al. (13) used the DL method combined with another computational method, namely similarity network fusion (SNF), for prediction of PCa relapse. Univariate Cox regression analysis, K-means clustering algorithms for the autoencoder model, and spectral clustering algorithms for SNF were then performed sequentially. Finally, six significantly overlapping biomarkers were considered. These valuable biomarkers could contribute to the early detection of high-risk relapse patients. However, limited omics data and only six biomarkers had a C-index value of 0.713, and an external validation set was not included. A most recent study identified relapse-related genes using core enrichment genes extracted from KEGG pathways via GSEA for univariate Cox regression analysis. The model was constructed using the Lasso method and a KM plot was mapped. The receiver operating characteristic (ROC) curve of the model was then used to evaluate predictive efficiency. The results showed that the area under the curve (AUC) for 3- and 5-year time-dependent ROC curves were 0.739 and 0.729 (39). Of equal importance, our model was also validated using five additional validation sets, each associated with a different omics level (mRNA, miRNA, DNA methylation, CNVs and lncRNA). The Lasso model constructed with these molecular labels according to model_3 was equally well able to classify these external validation sets into high relapse-risk and low relapse-risk subgroups (Figure 2), indicating that the relapse-related subgroups clustered using the DL-based model_3 have a broad spectrum of biological significance.

Using this model, more than 1000 differential genes were identified between S1 and S2 subgroups. VWA5B1, UGT2B15, and UTS2B were significantly up-regulated. In a previous study, von Willebrand factor (vWF) antigen was differentially abundant between patients with PCa or BPH and other prostatic diseases (40). Of note, the level of vWF antigen was elevated in patients with metastases, compared to localized PCa. However, VWA5B1 has not been reported in PCa, which may be a potential biomarker or target, but confirming this requires further research. The other two DEGs are closely related to PCa. In particular, UGT2B15 contributes to PCa risk, diagnosis and disease progression (41, 42), and 3α-diol-17 glucuronide, a product of UGT2B15/B17, is linked to prostate volume changes, indicating that this metabolite might serve as a biomarker of androgen activity. Moreover, UGT2B15 is one of the main determinants controlling the expression of target genes of androgen receptors in PCa cells (43). In addition, the UGT2B15 Asp85Tyr polymorphism is associated with PCa risk (41). Urotensin II receptor (UT) is involved in regulating the biological functions of urotensin II and UTS2B in mammals (44). UT mRNA expression was decreased in androgen-independent DU145 and PC3 cells, but increased in androgen-dependent LNCaP cells, and UT expression was strongly correlated with the prognosis of PCa, providing a potential prognostic marker for this disease (45). In summary, these three significantly up-regulated genes were directly or indirectly correlated with the progression and prognosis of PCa. All the identified DEGs may assist the prediction or prevention of PCa relapse.

Various up- and down-regulated genes were respectively enriched in GO and KEGG terms. Organelle fission enrichment has been linked to tumor tissues (46, 47). Hec1, a component of the nuclear division cycle 80 complex, was found to be elevated and associated with cancer progression in PCa (48). Emerging evidence suggests that chromosome segregation plays a vital role in PCa tumorigenesis, development and bone metastasis (49, 50). Neuroactive ligand-receptor interactions contribute to therapy-related neuroendocrine PCa, a lethal castration-resistant PCa subtype (51, 52). Both the initiation and progression of PCa have been associated with enhanced cell proliferation and cell cycle dysregulation (53).

GO/KEGG analyses focus on differential genes, and target a subset of genes that are significantly different between groups, and may therefore miss genes that are not significantly different but biologically significant. By contrast, GSEA identifies a set of genes with concordant differences from an expression matrix of all genes, and therefore takes into account genes that are less different. We applied GSVA, and the results suggested several relapse-related hallmarks/pathways of PCa, including 5 up-regulated and 13 down-regulated in the S2 subgroup. Several studies have proved that E2F factors play a critical role in mediating cell cycle gene expression and progression in PCa (54, 55). Nucleolar and spindle-associated protein (NuSAP), which binds DNA to the mitotic spindle, is associated with relapse after RP, and its promoter region contains two CCAAT motifs and binding sites for E2F, overexpression of which appears to be mediated partly by E2F1 activation (56). Similarly, the G2/M checkpoint plays a vital role in the cell cycle. Caspase-8, depletion of which can result in G2/M arrest, is involved in DNA damage (57). Furthermore, MYC enhances the expression of related genes to help cancer cells survive, grow, proliferate and metabolize, and MYC plays a central role in PCa according to tissue proteomics research (58). In summary, our results reconfirmed numerous genes or pathways closely linked with PCa, identified some potential tumor markers or therapeutic targets for PCa relapse, and revealed that DNA damage repair-related pathways, such as nuclear division and chromosome segregation, were significantly enriched in the S2 subgroup.

We investigated CNVs and found that 30.18% of genes had a significantly higher proportion of CNVs in the high relapse-risk S2 subgroup. As we all know, CNVs may be associated with malignancy through the accumulation of driver aberrations, and genomic instability can increase because DNA damage responses are absent and replication pressure is elevated in cancer cells (59, 60). Interestingly, cancer cells might be more vulnerable due to the relative specificity of these defects, which also has potential for increasing therapeutic indices of antineoplastic therapies, thereby improving the prognosis of cancer patients. Several clinical studies assessed the safety and effectiveness of state-of-the-art strategies such as DNA repair-targeted agents in various cancers (61, 62). Higher genomic instability was suggested for metastatic PCa (mPCa), based on the observation that the burden of CNVs and the weighted genome instability index were significantly higher in mPCa than localised PCa (63). Moreover, a significant correlation was observed between the burden of CNVs and PCa relapse and death (64, 65), indicating the potential of CNVs as prognostic biomarkers (66), consistent with our results.

Importantly, GO enrichment analysis of up-regulated DEGs (Figure 4A) yielded consistent results, suggesting a strong correlation between genomic or chromosomal instability and PCa relapse. Massive alterations in genetic information are the main feature distinguishing cancer cells and healthy cells. In addition to point mutations and small insertions/deletions (indels), large-scale changes occur, including chromosomal rearrangements, and chromosome gains and losses (individual or entire sets) (67). In other words, chromosome mis-segregation is rare in normal tissues, but chromosome (whole or part) gains and losses are common in cancer tissues. This chromosomal instability is correlated with intra-tumor heterogeneity, and it contributes to resistance to medical therapy as well as adverse outcomes of disease (68). Analysis of the distribution of these CNVs in chromosomes has important implications for future clinical and research studies on PCa relapse. Our CNV analysis results revealed that the S2 subgroup expressed significantly more genes on chromosomes 7 and 8 than did the S1 subgroup. Copy number-induced alterations are considered to be critical for tumor evolution (67). A 1991 study suggested that centromeric CNVs of chromosome 7 are closely related to tumor histological grade, and might be highly predictive for tumor aggressiveness in human bladder cancer (68). Alcaraz et al. (69) reported that aneuploidy and aneusomy of chromosome 7 are generally observed in the poor prognosis PCa patients. Meanwhile, allelic loss is frequently observed on the short arm of chromosome 8 (70). Ichikawa et al. (71) applied the microcell-mediated chromosome transfer technique to introduce human chromosome 8 into highly metastatic rat PCa cells and found that metastatic ability was suppressed, but similar trends were not observed in growth rate or tumorigenicity, indicating that chromosome 8 contains genes inhibiting metastasis of PCa, and implying a vital role in the progression of PCa. Regardless, chromosomes 7 and 8 may be correlated with PCa relapse according to current and previous research.

Interestingly, we also observed that immune infiltration might be involved in PCa relapse from the functional enrichment analysis of multiple differential CNVs (Figure 8D) and DEGs (Figure 4D). Emerging evidence shows that tumor immune cell infiltration, a significant hallmark of the tumor microenvironment, is an enormous contributing factor to therapeutic circumvention, cancer progression, and subsequent adverse outcomes (72). We calculated the proportion of infiltrating immune cell subsets of the two subgroups using the CIBERSORT algorithm (https://cibersort.stanford.edu/) and identified four TIICs with a significant difference.

However, four types of TIICs were not all elevated in the high relapse-risk S2 subgroup. Among them, monocytes were more abundant in the low relapse-risk S1 subgroup (Figure 9D). In a clinical study on 1107 participants, histopathological findings showed that patients with positive prostate biopsy had higher monocyte counts than negative patients, and multivariate Cox regression analyses showed that a high monocyte count was an independent prognostic factor of both cancer-specific and other mortalities (73). Even when adjusted by clinicopathological signatures, these outcomes were statistically significant, further confirming the independent correlations between high monocyte count and poor prognosis of PCa, contrary to our PCa relapse results. Therefore, whether monocytes differ during distinct stages of PCa, and whether this plays a major regulatory role in PCa progression, requires further investigation. Further studies of the influence of monocytes on PCa are also warranted. Recent work on aging men undergoing RP showed that the peripheral monocyte count was not linked to long-term results in PCa (74). The study included black and white RP men, but the peripheral monocyte count was not found to be a useful marker of PCa long-term results. One limitation of this work was the lack of Asian participants. Macrophages are important in cancer, too. Macrophages, derived from circulating monocytes, can be routinely classified into M1-type and M2-type macrophages. Classically activated M1 macrophages, acting as part of the innate immune response, are of great significance in the fight against invading pathogens, while activated M2 macrophages, also known as M2 tumor-associated macrophages, are vital components of tissue restoration and tumor promotion (75). M2 macrophages are involved in tumor development in various ways. They can directly interact with T cells and secrete factors associated with immunosuppression to inhibit CD8+ T cell immunity against cancer (72). Furthermore, some M2 macrophages influence tumor development via the destruction of antitumor T cell immunity, providing novel perspectives for immune tolerance and escape properties of cancers, consistent with our results.

Despite our best efforts, there remain some limitations with the current work. Firstly, because some raw data cluster labels were absent and survival information was lacking, it was difficult to compare directly with previous research. To confirm its predictive performance and direct application value in clinical practice, five external validation sets consisting of different omics data were applied, and the results were encouraging. Secondly, it remains unclear how many of the novel biological features we identified are linked to PCa relapse. Despite this, the results provide new directions for further exploration. Thirdly, while we demonstrated the effectiveness and robustness of this DL model in various ways, future experiments and clinical data are needed to realize its potential.

In summary, we successfully constructed a DL-based predictive model integrating five-omics for PCa relapse with a significant relapse difference between two subgroups. Furthermore, validation using five independent omics datasets confirmed its robustness. A number of critical DEGs, pathways, and functions were found to be associated with PCa relapse. The model provides new insights for distinguishing relapse-risk patients, and it could benefit patients due to its early predictive ability and subsequent early therapeutic intervention. The findings contribute to our current understanding of PCa relapse, and the developed model may serve clinical applications and support decision-making.
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Purpose

The aim of this study was to explore a new model of clinical decision-making to predict the occurrence of clinically significant prostate cancer (csPCa).



Patients and Methods

The demographic and clinical characteristics of 152 patients were recorded. Prostate-specific antigen (PSA), PSA density (PSAD), adjusted PSAD of peripheral zone (aPSADPZ), and peripheral zone volume ratio (PZ ratio) were calculated and subjected to receiver operating characteristic (ROC) curve analysis. The calibration and discrimination abilities of new nomograms were verified with calibration curve and area under the ROC curve (AUC). The clinical benefits of these models were evaluated by decision curve analysis and clinical impact curves.



Results

The AUCs of PSA, PSAD, aPSADPZ, and PZ ratio were 0.521, 0.645, 0.745, and 0.717 for prostate cancer (PCa) diagnosis, while the corresponding values were 0.590, 0.678, 0.780, and 0.731 for csPCa diagnosis, respectively. All nomograms displayed higher net benefit and better overall calibration than the scenarios for predicting the occurrence of csPCa. The new model significantly improved the diagnostic accuracy of csPCa (0.865 vs. 0.741, p = 0.0284) compared with the base model. In addition, the new model was better than the base model for predicting csPCa in the low or medium probability while the number of patients with csPCa predicted by the new model was in good agreement with the actual number of patients with csPCa in the high-risk threshold.



Conclusions

This study demonstrates that aPSADPZ has a higher predictive accuracy for csPCa diagnosis than the conventional indicators. Including aPSADPZ, PZ ratio, and age can improve csPCa diagnosis and avoid unnecessary biopsies.





Keywords: adjusted prostate-specific antigen density of peripheral zone, biopsy, diagnosis, PIRADS, prostate cancer



Introduction

Prostate cancer (PCa) has become the second most common male cancer that affects approximately 375,000 men/year worldwide (1). The incidence of PCa has risen dramatically in recent years, especially in China, where it ranks second among male tumors (2). The multiparameter magnetic resonance imaging (mpMRI) has been increasingly used to diagnose patients with PCa in recent years (3, 4). In 2012, the European Society of Urogenital Radiology (ESUR) established a series of guidelines for the interpretation of mpMRI images using a structured reporting scheme called Prostate Imaging Reporting and Data System (PIRADS) (5). In 2015, the American College of Radiologists, EUSR, and the AdMeTech Foundation improved and updated PIRADS to version 2 (PIRADS V2) (6). In 2019, they upgraded PIRADS V2 to V2.1 (7). The PIRADS consists of five levels, ranging from 1 (clinically significant cancer is highly unlikely to present) to 5 (clinically significant cancer is highly likely to present). Of these, a score of 3 means the presence of clinically significant cancer is equivocal (8). In previous reports (9–11), the detection rate of PCa in PIRADS 3 lesions ranged from 11% to 33.3%, and the rate of clinically significant PCa (csPCa) ranged from 4.2% to 12%. Therefore, we are more concerned about whether there are other indicators that can help us detect more PCa and avoid unnecessary biopsy in patients with PIRADS v2 category 3 (PIRADS 3). In this paper, we established a new model to increase the detection rates of PCa and csPCa, and compared its diagnostic performance with the conventional model.



Patients and Methods


Ethical Approval

All patients were counseled about the risks of the procedure, and then, they signed a consent form that included permission to use their clinical data for research. Ethical approval was obtained from the Institutional Review Board of The First Affiliated Hospital of Soochow University.



Patient Recruitment

In this retrospective cohort study, patients with PCa were recruited at The First Affiliated Hospital of Soochow University (Suzhou, China) from July 2016 to June 2020. A total of 824 male patients presented to our institution for prostate biopsy (PB). Of these patients, 45 had prior treatment, 63 had prostate-specific antigen (PSA) > 100 ng ml−1, 27 were not able to undergo MRI examination, and the remaining 689 received a transperineal PB. Among them,139 with PIRADS 2, 181 with PIRADS 4, and 217 with PIRADS 5 were excluded, and 152 with PIRADS 3 were included in this study. The patient selection flowchart is shown in Figure 1.




Figure 1 | Flowchart for study inclusion among biopsy-naïve men with PIRADS 3 with clinical suspicion for prostate cancer.





MRI Acquisition

All patients were subjected to a 3-T magnetic resonance (MR) scanner (MAGNETOM Skyra, Siemens Healthineers, Erlangen, Germany). The 18-channel body and standard spine array coils were employed for signal reception. The transverse T1-weighted turbo spin-echo (TSE) images, as well as the transverse, coronal, and sagittal T2-weighted TSE images of the prostate and seminal vesicles were acquired. The apparent diffusion coefficient was obtained from diffusion-weighted imaging (DWI) and was calculated using a 2-dimensional echo planar imaging sequence with multiple b-value acquisitions (0, 100 s mm−2, 800 s mm−2, 1,000 s mm−2, and 1,500 s mm−2), with diffusion-sensitizing gradients applied along the x-, y-, and z-axes. Dynamic contrast-enhanced (DCE) imaging was conducted through a 3-dimensional T1-weighted gradient-echo volumetric interpolated breath-hold examination, and was in the same plane as the 3D T2W sequence. Then, an intravenous contrast agent (Medtron AG, Saarbruecken, Germany) was administered at 1 ml kg−1 body weight and 2.5 ml s−1 injection rate. The MR Tissue4D software (Syngo. via VA20B; Siemens Healthineers) was used to construct perfusion curves. The details of the imaging protocol are shown in Supplementary Table 1.



Prostate Biopsy and Pathology Analysis

Transperineal prostate targeted biopsy (TB) and systematic biopsy (SB) were performed on all patients. During TB, the DICOM data of mpMRI images (Figures 2A–C), including T2WI, DWI, apparent diffusion coefficient (ADC), and DCE, were imported into the Real-time Virtual Sonogra (RVS) ultrasonography host (Preirus, Hitachi, Japan), and the target lesion was marked as region of interest (ROI). Through RVS, the ROI marked on MRI images was displayed in real time on the ultrasonography images. Ultrasonography and MRI images were matched by sagittal and axial anatomical markers, such as urethral orifices and small prostate cysts. Following these steps, the urologist performed the TB, and each ROI was executed on 2-core biopsy. After completion of TB, the RVS was turned off and the same urologist continued to perform SB. All specimens were fixed in 10% formalin and subjected to pathological analysis. The csPCa was defined as a single biopsy core with a Gleason score of 3 + 4 or above [International Society of Urological Pathology (ISUP) grade group (GG) >1] as described previously (9).




Figure 2 | The MRI images including (A) T2WI sequence, (B) DWI sequence, and (C) ADC sequence of a patient (age: 66 years; PSA: 7.8 ng/ml; f/tPSA: 0.138; ISUP GG: 2) with PIRADS 3 ROI in the right lateral posterior of peripheral zone. (D) Maximum transverse diameter of prostate (47.96 mm) measured on axial T2WI, and (E) maximum longitudinal diameter (37.29 mm) and maximum AP diameter (27.91 mm) of prostate measured on mid-sagittal T2WI. (F) Maximum transverse diameter of transitional zone (29.19 mm) measured on axial T2WI, and (G) maximum longitudinal diameter (30.55 mm) and maximum AP diameter (20.46 mm) of transitional zone measured on mid-sagittal T2WI.





Patient Characteristics

The patients’ age, pre-biopsy PSA, free/total PSA(f/tPSA), and pathological features were included in the study. The included MRI characteristics were PIRADS scores, prostate volume (PV) [prostate volume (PV) = 0.52 × height × length × width] (Figures 2D, E), PSAD (PSAD = PSA/PV), transitional zone volume (TZV) [TZV = 0.52 × height (TZ) × length (TZ) × width (TZ)] (Figures 2F, G), peripheral zone volume (PZV) (PZV = PV − TZV), PZ ratio (PZ ratio = PZV/PV), PSADPZ (PSADPZ = PSA/PZV), and adjusted PSADPZ (aPSADPZ = PSAD × PZ ratio). Each patient was graded according to PIRADS V2 by the same radiologist who graded more than 500 prostate MRI readings. The biopsy cores were examined by a dedicated pathologist.



Statistical Analysis

Categorical and continuous variables were analyzed using the Pearson’s chi-squared test and Mann–Whitney U test, respectively. Binary logistic regression was used to calculate the odds ratios of each predictive factors. The predictive models were constructed as follows. First, univariate regression analysis was performed to evaluate the power of each parameter in diagnosing PCa and csPCa. Next, the variables with p-value < 0.05 in the univariate analysis were further analyzed by multivariate logistic regression models using the procedure of enter selection method. The multivariate regression coefficients were then used to construct nomograms. From multivariable binary logistic analysis, the following predictive models were built to predict the occurrence of PCa and csPCa: the base model included clinical factors such as PSA, f/tPSA, and PSAD, while the new model included age, PZ ratio, and aPSADPZ. The calibration and discrimination abilities of these models were evaluated using the calibration curve (1,000 bootstrap resamples) and area under the receiver operating characteristic (ROC) curve (AUC), respectively. The nomograms were also validated using an internal validation cohort (1,000 bootstrap resamples). The clinical benefits of these models were determined by decision curve analysis (DCA). In this case, we focused on 10%–40%, in which clinical decision-making is particularly difficult. The AUCs of both models were compared using methods described previously (12). In DCAs, the horizontal line along the x-axis indicated that all patients developed PCa and csPCa. The nomogram, calibration plots, and DCA were constructed by R x64 4.0.2 (http://www.r-project.org, last accessed date: 03/10/2022 18:10:01). Other statistical tests were conducted with SPSS v22.0 (IBM Corp, Armonk, NY, USA) and MedCalc v18.2.1 (MedCalc Software, Belgium). All reported p-values were two-sided and the level of statistical significance was set at p < 0.05.




Results


Demographic and Clinical Characteristics

Overall, 19.1% of patients (29/152) had histologically confirmed PCa, while 11.8% (18/152) had histologically confirmed csPCa. The clinical data of all patients are summarized in Table 1. PCa patients had significantly higher PSAD, PZ ratio, and aPSADPZ, and lower f/tPSA, PV, and TZV, compared to patients with benign disease. Similar results were observed for the differences in these parameters between the csPCa group and the benign or clinically insignificant prostate cancer (isPCa) group.


Table 1 | Patient demographics and the correlation with biopsy results.





Univariate and Multivariate Regression Analyses of Independent Predictors for Diagnosing PCa and csPCa

As shown in Table 2, f/tPSA, PSAD, TZV, PZ ratio, and aPSADPZ were important predictors for diagnosing PCa and csPCa in univariate logistic regression analysis. Age was only important for csPCa while PV was only important for PCa. The findings of multivariate analysis are presented in Table 3. Notably, only aPSADPZ was included in the predictive model of PCa, while age, f/tPSA, PZ ratio, and aPSADPZ were included in the predictive model of csPCa.


Table 2 | Univariate regression analyses for various parameters to detect PCa and csPCa in biopsy-naïve men with PIRADS v2 categories 3.




Table 3 | Multivariate regression analyses for various parameters to detect PCa and csPCa in biopsy-naïve men with PIRADS v2 categories 3.





ROC Curve Analysis of Predictive Factors in Comparison With aPSADPZ

ROC curve analysis revealed that the AUC for aPSADPZ in the diagnosis of PCa and csPCa was 0.745 and 0.780, respectively. Compared with other parameters, PSAD was 0.645 and 0.678, PZ ratio was 0.717 and 0.731, and PSA was 0.521 and 0.590, respectively (Figure 3). After pairwise comparison, the AUC of aPSADPZ was significantly larger than PSA and PSAD for PCa diagnosis (aPSADPZ vs. PSA, Z value: 3.488, p < 0.01; aPSADPZ vs. PSAD, Z value: 3.169, p < 0.01) and csPCa diagnosis (aPSADPZ vs. PSA, Z value: 2.440, p = 0.01; aPSADPZ vs. PSAD, Z value: 2.560, p = 0.01). The AUCs between aPSADPZ and PZ ratio for PCa diagnosis (aPSADPZ vs. PZ ratio, Z value: 0.561, p = 0.575) and csPCa diagnosis (aPSADPZ vs. PZ ratio, Z value: 0.696, p = 0.486) had no statistical difference.




Figure 3 | ROC curves of various parameters in the diagnosis of (A) PCa and (B) csPCa in biopsy-naïve men with PIRADS v2 categories 3. PIRADS, Prostate Imaging Reporting and Data System; tPSA, total prostate-specific antigen; PSAD, prostate-specific antigen density; aPSADPZ, adjusted prostate-specific antigen density of peripheral zone; PZ ratio, peripheral zone ratio; PCa, prostate cancer; csPCa, clinically significant prostate cancer; ROC, receiver operating characteristic; AUC, area under the curve.





Nomograms and Validation of the Two Models for Diagnosing PCa and csPCa

Based on the multivariate regression coefficients, nomograms (Figures 4A, B) were used to visualize the predictive results. The calibration and discrimination abilities of these nomograms were further validated with an internal cohort (1,000 bootstrap resamples, Figures 4C, D). The C-index of the two nomograms was 0.762 and 0.880. Compared to the base model (including PSA, f/tPSA, and PSAD), the new model (including age, aPSADPZ, and PZ ratio) exhibited obviously higher AUC values (PCa: 0.782 vs. 0.689, p = 0.0931; csPCa: 0.865 vs. 0.741, p = 0.0284) for predicting csPCa (Figures 5A, B). Calibration curves showed excellent calibration between the actual and predicted probabilities of the new model for diagnosing PCa and csPCa.




Figure 4 | Nomogram of two models for predicting the probability of (A) PCa and (B) csPCa in biopsy-naïve men with PIRADS v2 categories 3. Calibration curves of these two nomograms in the diagnosis of (C) PCa and (D) csPCa in biopsy-naïve men with PIRADS v2 categories 3. PSA, prostate-specific antigen; aPSADPZ, adjusted prostate-specific antigen density of peripheral zone; PV, prostate volume; PIRADS, Prostate Imaging Reporting and Data System; PCa, prostate cancer; csPCa, clinically significant prostate cancer.






Figure 5 | ROC curves of the two models in the diagnosis of (A) PCa and (B) csPCa in biopsy-naïve men with PIRADS v2 categories 3. Decision curve analysis of the two models for predicting the occurrence of (C) PCa and (D) csPCa in biopsy-naïve men with PIRADS v2 categories 3. Clinical impact curves of the two models for the diagnosis of (E) PCa and (F) csPCa in biopsy-naïve men with PIRADS v2 categories 3. AUC, area under the curve; ROC, receiver operating characteristic; PCa, prostate cancer; csPCa, clinically significant prostate cancer; PIRADS, Prostate Imaging Reporting and Data System.





Decision Curve Analysis for Diagnosing PCa and csPCa

The DCA indicated that the net benefit of the new model was better than that of the base model for predicting PCa and csPCa in the defined regions of interest (10%–40% probability) (Figures 5C, D). In addition, clinical impact curves showed that in the high-risk threshold, the number of patients with PCa and csPCa predicted by the new model was in good agreement with the actual number of patients with PCa and csPCa (Figures 5E, F).




Discussion

We believed that both PSAD and PZ ratio are dependent on the correct measurement of PV and TZV. Colvin et al. (13) reported the current PIRADS V2.1 recommendation of either traditional ellipsoid or segmentation volume measurements as viable methods to assess prostate volume. The predictive capability of PSAD for csPCa was not significantly different between the two measurements. Stanzione et al. (14) also made a similar viewpoint. Thus, we still used the traditional ellipsoid volume measurement to calculate PV and TZV. Luis et al. (15) showed that PSAD can improve the early detection of csPCa. Porcaro et al. (16) found that increased prostate volume index (PVI), which is defined as the ratio of the volume of the TZV to the PZV, decreased the risk of increased tumor load and was associated with less aggressive PCa biology in patients at baseline random biopsies. They made a point that PVI is a pure measurement that is separate from PSAD, which compared the PSA serum levels with the PV and is largely influenced by TZV. Chang et al. (17) showed that the PZ ratio could be used as a predictor of PCa. We believe that PVI and PZ ratio have the same diagnostic efficacy because they both represent the percentage of the PZV in the PV. Thus, we only chose PZ ratio for PCa prediction. Koo et al. (18) and Lee et al. (19) indicated that PZPSAD was better than PSAD for the detection of PCa. Schneider et al. (20) found that TZPSAD exhibited a stronger correlation to cancer aggressiveness compared to PSAD. In our views, since BPH is mainly due to hyperplasia in the TZ, while PCa predominantly occurs in the PZ (21), conventional PSAD does not take into account whether the hyperplastic prostate tissue is mainly in the TZ or the PZ. Recently, the PIRADS score has shown important clinical significance in PCa diagnosis (6). The current consensus is that PIRADS 3 is a gray area for the diagnosis of PCa (22). The lesions of PIRADS 3 do not have typical features (7). Satoshi et al. (23) demonstrated that PSAD was useful for the diagnosis of PCa in men with a PIRADS score ≤ 3, thus avoiding unnecessary biopsy. Gaudiano et al. (24) found that PSAD and location within the prostate gland are associated with an increased risk of the presence of PCa in patients with PIRADS 3. In our study, we combined PSAD with PZ ratio to obtain a new index (aPSADPZ), which achieved a better predictive outcome. We found that aPSADPZ had an advantage over PSA and PSAD in the diagnosis of PCa and csPCa in biopsy-naïve men with PIRADS 3. In our opinion, PCa is mostly found in the PZ (21), and tumors in the PZ possibly increase the levels of PSA in patients with a high PZ ratio. Our results showed that the aPSADPZ had a significant predictive ability in both univariate and multivariate analyses, indicating that it was the best predictor of PCa and csPCa in this study.

Eastham et al. (25) reported the first nomogram to predict PCa in 1999. Zhang et al. (26) reported that a model including PIRADS, PSAD, and age showed internally validated high discrimination and calibration for the absence of PCa and csPCa in biopsy-naïve men with PIRADS ≤ 3. To our knowledge, this is a new nomogram that combines aPSADPZ, PZ ratio, and age to predict PCa in biopsy-naïve men with PIRADS 3. In our study, the new model’s C-index of csPCa diagnosis was 0.88, which had good diagnostic performance. The AUC of the new model was 0.865 for csPCa diagnosis, whereas the base model’s AUC was 0.741. The new model had a significantly higher diagnostic efficiency compared to the base model (0.865 vs. 0.741, p = 0.0284). Further validation of the new model for diagnosing csPCa indicated its excellent performance. In the defined region of interest (10%–40% probability), which means difficulty in making clinical decisions, the net benefit of the new model is higher than that of the base model in the DCA. It means that when the probability of csPCa is moderate or low, which makes it difficult to make a clinical decision as to whether to biopsy or not, the new model can increase the rate of detection for csPCa and avoid unnecessary biopsy. The new model is more suitable for guiding clinical decision-making in men with PIRADS 3. On the other hand, we found a good calibration between the actual and predicted probabilities of the new model in the region of high probability. Taken together, for low or medium probability populations, the new model can detect more csPCa and reduce unnecessary biopsies, while for high probability populations, it will not miss csPCa and cause adverse outcomes.

Our study has several limitations: (1) This was a retrospective study performed at a single institution with a possible risk of selection bias. (2) PIRADS scores are dependent on the experience of the radiologist, and may vary from physician to physician. (3) The definition of csPCa used in this study does not include all clinically significant diseases, in that ISUP GG1 with a high tumor volume load may be significant and ISUP GG2 with a low tumor volume load may be insignificant. (4) We did not consider an upgrade or a downgrade of Gleason scores in specimens after radical prostatectomy, which may be a limitation for the determination of csPCa.



Conclusions

In summary, aPSADPZ has a higher predictive accuracy for the diagnosis of PCa and csPCa in biopsy-naïve men with PIRADS 3 than the conventional indicators, which may decrease the risk of misdiagnosis and reduce the number of unnecessary biopsies. The prediction model of aPSADPZ, PZ ratio, and age can improve csPCa detection, increase diagnostic accuracy, and avoid unnecessary biopsies.
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Background

The aberrant regulation of cell cycle is significantly correlated with cancer carcinogenesis and progression, in which cell cycle checkpoints control phase transitions, cell cycle entry, progression, and exit. However, the integrative role of cell cycle checkpoint-related genes (CRGs) in bladder carcinoma (BC) remains unknown.



Methods

The transcriptomic data and clinical features of BC patients were downloaded from The Cancer Genome Atlas (TCGA), used to identify CRGs correlated with overall survival (OS) by univariate Cox regression analysis. Then, the multivariate and least absolute shrinkage and selection operator (LASSO) Cox regression analyses further developed a prognostic CRG signature, which was validated in three external datasets retrieved from Gene Expression Omnibus (GEO). The receiver operating characteristic curve (ROC) analysis was conducted for evaluating the performance of the CRG signature in prognosis prediction. RNA sequencing (RNA-Seq) was performed to explore the expression difference in the identified CRGs between tumor and normal tissue samples from 11 BC patients in the local cohort. Ultimately, genomic profiles and tumor microenvironment (TME), and the Genomics of Drug Sensitivity in Cancer (GDSC) were investigated to guide precision treatment for BC patients with different CRG features.



Results

The novel constructed 23-CRG prognostic signature could stratify BC patients into high-risk and low-risk groups with significantly different outcomes (median OS: 13.64 vs. 104.65 months). Notably, 19 CRGs were the first to be identified as being associated with BC progression. In three additional validation datasets (GSE13507, GSE31684, and GSE32548), higher CRG scores all indicated inferior survival, demonstrating the robust ability of the CRG signature in prognosis prediction. Moreover, the CRG signature as an independent prognostic factor had a robust and stable risk stratification for BC patients with different histological or clinical features. Then, a CRG signature-based nomogram with a better performance in prognostic prediction [concordance index (C-index): 0.76] was established. Functional enrichment analysis revealed that collagen-containing extracellular matrix (ECM), and ECM-related and MAPK signaling pathways were significantly associated with the signature. Further analysis showed that low-risk patients were characterized by particularly distinctive prevalence of FGFR3 (17.03% vs. 6.67%, p < 0.01) and POLE alterations (7.97% vs. 2.50%, p < 0.05), and enrichment of immune infiltrated cells (including CD8+ T cells, CD4+ naïve T cells, follicular helper T cells, Tregs, and myeloid dendritic cells). RNA-seq data in our local cohort supported the findings in the differentially expressed genes (DEGs) between tumor and normal tissue samples, and the difference in TME between high-risk and low-risk groups. Additionally, CRG signature score plus FGFR3 status divided BC patients into four molecular subtypes, with distinct prognosis, TME, and transcriptomic profiling of immune checkpoint genes. Of note, CRG signature score plus FGFR3 status could successfully distinguish BC patients who have a higher possibility of response to immunotherapy or chemotherapy drugs.



Conclusions

The CRG signature is a potent prognostic model for BC patients, and in combination with FGFR3 alterations, it had more practical capacity in the prediction of chemotherapy and immunotherapy response, helping guide clinical decision-making.
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Introduction

Cell cycle checkpoint-related genes (CRGs) play pivotal roles in cell cycle progression (CCP), ensuring and control regulating cell cycle events (1). Generally, in eukaryotic cells, the mitotic cell cycle is composed of two stages, the interphase (G1, S, and G2) and the mitotic (M) phase. The gap phases of G1-to-S (2), S-to-G2 (3), and G2-to-M (4), likely as decision windows, can determine cell cycle entry and progression. In cancer cells, some CRGs preventing DNA damage are usually compromised, contributing to genetic alterations and genomic instability (5), but those CRGs involved in DNA replication stress are scarcely altered to endure the replication stress (6). On the other hand, cancer cells could potentiate DNA replication stress through transcriptional regulation of CRGs (7). Overall, CRGs and CRG-related signaling pathways play a key role in regulating the phase transitions, CCP, and cell cycle entry and exit in cancer cells (8).

In previous studies, it has been revealed that aberrantly expressed CRGs might be an essential prerequisite for cells to become cancerous, leading to tumor development and progression. For instance, CRG ataxia telangiectasia mutated (ATM) plays a core role in responding to DNA damage and stimulating DNA repair signaling pathways, and its absence is highly prone to giving rise to carcinogenesis (9). Of note, its downregulation or inactivation is associated with the highly accumulated genomic aberrations, which is one of the hallmarks of cancer (10). Ataxia telangiectasia and Rad3-related (ATR), another CRG encoding protein kinase that regulates DNA damage response (DDR), is correlated with the polarization of M2 tumor-associated macrophages, lymph node metastasis, and poor prognosis of patients with nasopharyngeal carcinoma (11). The abnormal expression of CRGs has been found to be associated with the development and progression of multiple kinds of cancers, including melanoma (12), lung cancer (13), colorectal cancer (14), and hepatocellular carcinoma (15). A growing body of evidence has found that the dysregulation of CRGs could render cells to be cancerous and promote cancer cell proliferation, but most studies only disclose the role of a single CRG in cell cycle, tumor carcinogenesis, and progression. Currently, the role of integrated CRGs representing checkpoint mechanisms in the regulation of cell cycle in tumor carcinogenesis and progression remains to be fully delineated.

Previous studies have already expounded that dysregulation of CRGs is correlated with increased genomic instability and malignant progression in bladder carcinoma (BC) patients (16–18), indicating that there is a great potential of CRGs to become prognostic or targeted biomarkers for BC patients. BC generally presents as non-muscle-invasive bladder cancer (NMIBC), muscle-invasive bladder cancer (MIBC), or metastatic BC, of which the MIBC subtype has a relatively worse prognosis and poor treatment responses (19). Moreover, BC is a molecularly heterogeneous cancer with divergent clinical outcomes (20). The heterogeneity of tumor is always a huge challenge for cancer management and could reduce the efficacy of molecularly targeted therapies; therefore, the dissection of molecular signatures is urgently needed. Based on transcriptomic profiling of CRGs, a novel signature was constructed in the present study with good performance in prognosis prediction and that could function as a biomarker for treatment response. Overall, this study was of guiding significance in the clinical management of BC patients and promoting precision treatment.



Materials and methods


Data acquisition

In the current study, RNA-seq data (TPM: transcripts per million) and related clinical features of BC patients involved in the TCGA-BC cohort were collected (https://www.cbioportal.org/) as the training cohort (BC samples with no available RNA-seq data or survival information were excluded in subsequent analyses). The transcriptional profiles together with clinical features of GSE13507 (including 62 MIBC and 103 NMIBC patients), GSE31684 (including 79 MIBC and 14 NMIBC patients), and GSE32548 (including 131 BC patients; the muscle-invasive status was uncertain) were downloaded, as three independent validation groups, from GEO (https://www.ncbi.nlm.nih.gov/geo/). The tumor and normal tissue samples from the TCGA, GSE133624, GSE188715, and GSE13507 cohorts were retrieved to conduct the differentially expressed gene (DEG) analysis. The RNA-seq data were normalized by Log2(x+0.001). Cell cycle checkpoint gene sets were obtained from the database of Gene Ontology (GO), Biological Process (http://geneontology.org/), and Reactome (https://reactome.org/). The term “cell cycle checkpoint” was used for the acquisition of CRGs. After merging, a total of 464 CRGs were included in the union set, which were then selected for the further processes of establishing a prognostic signature.



Identification of the prognostic CRG signature

In order to investigate whether transcriptomic characterization was associated with prognosis of BC patients, the unsupervised hierarchical clustering analysis was conducted by using the package “Fastcluster”, dividing BC patients into different clusters. The principal component analysis (PCA) was performed via the “ggbiplot” package, further revealing the distinction between clusters. The Kaplan–Meier curve analysis showed the overall survival (OS) of patients between clusters. Subsequently, the univariate Cox proportional hazard regression analysis, by using the packages “rms” and “survival”, was conducted to classify the relationship of OS and the expression of each CRG in the TCGA-BC cohort. The least absolute shrinkage and selection operator (LASSO) and multivariate Cox proportional hazard regression analyses were used to construct a prognostic CRG signature via the “glmnet” package. Subsequently, a risk formula was established, and the CRG score was generated for each BC patient with the following formula: CRG score = expression value of gene 1 × C1 + expression value of gene 2 × C2 + … + expression value of gene x × Cx, where Cx is the coefficient of gene x. The optimal CRG score was adapted as the cutoff value by using the package “maxstat” to divide BC patients into high-risk and low-risk groups, while the same method was utilized in the validation groups. The value of area under the receiver operating characteristic (ROC) curve (AUC) revealed the prognostic performance of specificity and sensitivity. All analyses were also applied in the validation groups.



RNA sequencing in the local BC cohort

Tumor and matched normal tissues were collected from 11 MIBC patients in our local cohort to perform RNA-seq. This study was approved by the ethics committee of the Chinese PLA General Hospital (S2019–302-01), and all enrolled patients have signed the informed consent. The total RNA of each sample was collected using a FastPure® Cell/Tissue Total RNA Isolation Kit V2 (Vazyme, Jiangsu, China), and its concentration and RNA Integrity Number (RIN) were determined by using Qubit (Thermo Fisher Scientific, MA, United States) and an Agilent 2100 bioanalyzer (Agilent Technologies, CA, United States), respectively. One sample of normal tissue failed quality control and then was discarded. Library construction was conducted using the NEBNext® Ultra™ RNA Library Prep Kit for Illumina® Kit (NEB, MA, United States) and finally sequenced on the Illumina Novaseq-6000 system (Illumina, MA, United States).



Construction of the predictive nomogram

The univariate and multivariate Cox proportional hazard regression analyses, by using the packages “rms” and “survival”, were conducted to explore whether the CRG signature was an independent prognostic factor. Furthermore, the OS-related clinical features were selected for the construction of a CRG signature-based nomogram. The value of AUC was used to evaluate the performance of a novel constructed nomogram in prognosis prediction, and the calibration plots were built to perform the consistency between actual OS and predicted OS by using the package “rms”.



Functional enrichment analysis

The Pearson correlation analysis was conducted to screen out the CRG score-associated genes by the cutoff criteria of |Pearson Correlation Coefficient| > 0.4 and p < 0.05, and the heatmap showing the expression of the identified genes was drawn by using the package “pheatmap”. The Gene Ontology (GO) and Kyoto Encyclopedia of Genes and Genomes (KEGG) pathway enrichment analyses were conducted based on the expression of CRG score-associated genes.



Tumor microenvironment analysis

The stromal score and immune score could predict the infiltration levels of stromal and immune cells, respectively. Moreover, the ESTIMATE (Estimation of STromal and Immune cells in MAlignant Tumor tissues using Expression data) algorithm was used to determine the tumor purity in tumor tissues (21). The CIBERSORT (Cell type Identification By Estimating Relative Subsets Of known RNA Transcripts) algorithm was a widely used method to characterize the tumor-infiltrated lymphocytes (TILs) inside tumor tissues based on the gene expression profile (22); thus, the abundance of TILs between different groups was compared by the evaluation of CIBERSORT. The T-cell dysfunction score, exclusion score, and Tumor Immune Dysfunction and Exclusion (TIDE) score were analyzed to estimate the tumor immune escape (23). Furthermore, the expression levels of immune checkpoint genes, such as PD-1, PD-L1, CTLA-4, TIM-3, and LAG3 (24), were investigated to explore the potential immune therapies for different BC patients.



Evaluation of therapeutic treatment responses

The data were downloaded from the Genomics of Drug Sensitivity in Cancer (GDSC, https://www.cancerrxgene.org/), a publicly available pharmacogenomic database, to predict the treatment response of chemotherapy for BC patients. The measuring parameter of half-maximal inhibitory concentration (IC50) was used to estimate the chemotherapeutic treatment response and chemo-drug sensitivity between different groups via the “pRRophetic” package. In addition, the clinical information and transcriptomic data of 348 urothelial cancer (UC) patients involved in the IMvigor210 cohort receiving anti-PD-L1 therapy (Atezolizumab) were downloaded from the following website (25): http://research-pub.gene.com/IMvigor210CoreBiologies/. The criteria of treatment response were defined as previously described: CR: complete response, PR: partial response, SD: stable disease, PD: progressive disease. In addition, the GSE176307 dataset (26), including 86 UC patients with wild-type FGFR3 and 17 patients with altered FGFR3 receiving anti-PD-1 or anti-PD-L1 treatment, was further employed to explore the response prediction ability of the CRG signature for BC patients with different molecular subtypes by immunotherapeutic treatment.



Statistical analysis

The statistical data were analyzed by the Kruskal–Wallis (K-W) test, Mann–Whitney U test, Chi-square test, and Fisher’s exact test in R studio. Cluster analysis was performed by the unsupervised hierarchical clustering. The univariate and multivariate Cox proportional hazards regression models were employed to assess the hazard ratio of the signature and clinical features. The Kaplan–Meier curve analysis along with log-rank test was conducted to evaluate the clinical outcomes of BC patients. The statistically significant difference was determined by “p < 0.05”.




Results


The expression profiling of CRGs correlated with OS of BC patients

The design of this study was exhibited in a work flowchart (Figure 1). Initially, by way of the unsupervised hierarchical clustering analysis, BC patients from the TCGA cohort were divided into two clusters (Figure 2A), which could be separated in the Dim2 axis (Figure 2B), indicating that the expression profiling of CRGs between two clusters was noticeably distinct. Of note, BC patients in cluster 1 had worse OS (median OS: 32.02 vs. 64.80 months, p = 0.088, Figure 2C). The above results suggested that the expression profiling of CRGs potentially affected the clinical outcomes in BC.




Figure 1 |  A work flowchart of constructing a novel cell cycle checkpoint gene (CRG) signature, with predictive abilities for prognosis and treatment response in BC.






Figure 2 | The transcriptomic profiling of cell cycle checkpoint-related genes (CRGs) was correlated with overall survival (OS) of BC patients from the TCGA-BC cohort. (A) The unsupervised hierarchical clustering of BC patients based on the transcriptional characterization of CRGs. (B) The principal component analysis (PCA) showed the differentiation between clusters 1 and 2. (C) Kaplan–Meier curve analysis to compare OS between clusters 1 and 2. (D) The least absolute shrinkage and selection operator (LASSO) Cox regression analysis for construction of the prognostic CRG signature. (E) The scatterplot demonstrated the distribution of CRG scores corresponding to survival status of BC patients in the training cohort. (F) Kaplan–Meier curve analysis to compare OS between high-risk and low-risk groups. (G) The receiver operating characteristic curve (ROC) analysis for evaluating the ability of the CRG signature in prognosis prediction.





Identification and validation of the prognostic CRG signature

Subsequently, a total of 398 BC patients (Table 1) were selected into the univariate Cox proportional hazard regression analysis to investigate the relationship between OS and the expression of 464 CRGs (Supplementary Table 1), and eventually, expression levels of 52 CRGs were significantly correlated with the OS of BC patients (Supplementary Table 2). Subsequently, the LASSO and multivariate Cox proportional hazard regression analyses determined a novel prognostic CRG signature, consisting of 23 CRGs (Figure 2D, Table 2). The scatterplot demonstrated the distribution of CRG score and the corresponding survival status of BC patients in the training group, in which BC patients were divided into high-risk and low-risk groups (Figure 2E). It was identified that BC patients in the high-risk group had a significantly worse OS than those in the low-risk group (median OS: 13.64 vs. 104.65 months, p < 0.0001, Figure 2F). The AUC values of the CRG signature for predicting OS at 1, 2, 3, 4, and 5 years were 0.78, 0.75, 0.76, 0.76, and 0.80, respectively (Figure 2G), indicating good specificity and sensitivity of the CRG signature in predicting the prognosis of BC patients.


Table 1 | Clinical features of 398 involved BC patients from the TCGA cohort.




Table 2 | The identified 23 genes involved in the prognostic CRG signature.



Three additional independent cohorts, namely, GSE13507, GSE31684, and GSE32548, were further employed to validate the predictive ability of the prognostic CRG signature (Figures 3A–F). In each validation cohort, the CRG signature had good risk stratification, and a higher CRG score indicated a significantly shorter OS (median OS: 70.73 vs. 98.00 months in GSE13507, p = 0.0320; 17.02 months vs. not reached in GSE31684, p = 0.0017; not reached vs. not reached in GSE32548, p = 0.0019, Figures 3A, C, E). The AUC values for predicting OS at 1, 2, 3, 4, and 5 years were 0.64, 0.64, 0.64, 0.63, and 0.61 in GSE13507; 0.64, 0.64, 0.64, 0.66, and 0.68 in GSE31684; 0.79, 0.74, 0.71, 0.67, and 0.69 in GSE32548, respectively (Figures 3B, D, F). Additionally, MIBC patients had significantly higher CRG scores compared with the NMIBC patients in both GSE13507 and GSE31684 datasets (p < 0.05, Figures 3G, H), suggesting the potential capability of the CRG signature in differentiating NMIBC and MIBC.




Figure 3 | The prognostic CRG signature was validated in three independent datasets: GSE13507, GSE31684, and GSE32548. Kaplan–Meier curve analysis to compare OS between high-risk and low-risk groups in GSE13507 (A), GSE31684 (C), and GSE32548 (E). The receiver operating characteristic curve (ROC) analysis for validating the ability of CRG signature in prognosis prediction in GSE13507 (B), GSE31684 (D), and GSE32548 (F). Comparison analysis of the CRG scores between MIBC and NMIBC patients in GSE13507 (G) and GSE31684 (H).





Clinical association of the prognostic CRG signature

Underlying the CRG signature, a significantly higher proportion of female patients as well as patients diagnosed at age over 68.5 years old were observed in the high-risk group (p < 0.05, Figure 4A). Moreover, there was also a significantly increased proportion of BC patients with advanced T (tumor stage), N (lymph node status), M (metastasis), and clinical stages (p < 0.05) in the high-risk group. Overall, it was demonstrated that a higher CRG score indicated advanced T, N, M, and/or clinical stages. In addition, stratification by age, gender, TNM, or clinical stages in the TCGA cohort further revealed that the CRG signature had a good predictive prognosis ability, and the higher CRG score was invariably correlated with worse survival (Figure 4B).




Figure 4 | Clinical association of the CRG signature. (A) The association analysis between the CRG signature and clinical features in the TCGA-BC cohort. (B) The prognostic CRG signature predicted prognosis for BC patients with different clinical features in the TCGA-BC cohort.





Construction of a nomogram based on the prognostic CRG signature

Apparently, the CRG signature was the most robust risk factor, by comparison with classical clinical features (Figure 5A), and it was the only independent prognostic factor for BC patients (p < 0.01, Figure 5B). Subsequently, the CRG signature-based prognostic nomogram was constructed in combination with several clinical parameters together, including diagnosis age, and T, N, and M stage (Figure 5C). The C-index of the novel constructed prognostic nomogram was 0.76, with 95% confidence interval ranging from 0.70 to 0.81. In addition, the AUC values of the nomogram for predicting OS at 1, 2, 3, 4, and 5 years were 0.79, 0.81, 0.81, 0.80, and 0.85, respectively (Figure 5D), and the calibration plots exhibited good consistency between actual OS and predicted OS by the nomogram (Figures 5E–I).




Figure 5 | The construction of the CRG signature-based prognostic nomogram. The univariate (A) and multivariate (B) Cox regression analyses for the CRG signature and clinical features. (C) The constructed nomogram for the survival prediction of BC patients. (D) The receiver operating characteristic curve (ROC) analysis for evaluating the ability of novel constructed nomogram in prognosis prediction. The calibration curve analysis exhibited the consistency between actual OS and predicted OS by the nomogram at 1 (E), 2 (F), 3 (G), 4 (H), and 5 years (I).





Exploration of the CRG signature-related biological functions

The highly CRG score-associated genes were defined with the criteria of |Pearson Correlation Coefficient| > 0.4 and p < 0.05, and a total of 252 and 159 genes were found to be positively or negatively correlated with CRG score, respectively (Figure 6A). The extracellular matrix (ECM)-related biological functions, focal adhesion, regulation of actin cytoskeleton, and MAPK signaling pathway were mainly enriched (Figures 6B, C).




Figure 6 | The functional enrichment analysis underlying the CRG signature. (A) The heatmap exhibited the expression levels of CRG signature-associated genes positively and negatively correlated with CRG score (|Pearson Correlation Coefficient| > 0.4, p < 0.05). The GO enrichment analysis (B) and KEGG pathway enrichment analysis (C) of the identified CRG signature-associated genes.





Genomic characteristics and TME underlying the CRG signature

The genomic alteration profiles, respectively in high-risk and low-risk groups, showed that the most prevalently altered genes were distinct (Figures 7A, B). Through statistical analysis, among the prevalently altered genes between high-risk and low-risk groups (the altered genes with prevalence ≤ 5.00% in both high-risk and low-risk groups were excluded), there was a total of 46 altered genes with higher alteration frequencies enriched in the low-risk group, including RYR2 (frequency: 20.29% vs. 11.67%, p < 0.05), FAT4 (frequency: 17.75% vs. 9.17%, p < 0.05), and FGFR3 (frequency: 17.03% vs. 6.67%, p < 0.01), whereas the high-risk group had a significantly higher prevalence of only 5 altered genes, namely, RB1 (25.00% vs. 15.94%, p < 0.05), FBXW7 (12.50% vs. 5.80%, p < 0.05), NFE2L2 (10.83% vs. 3.99%, p < 0.05), ASAP2 (5.83% vs. 1.45%, p < 0.05), and PCSK6 (5.83% vs. 1.09%, p < 0.05) (Figure 7C). Notably, only one DDR-related gene POLE was found with higher alteration frequency in the low-risk group (frequency: 7.97% vs. 2.50%, p < 0.05, Figure 7D). Of note, BC patients with altered POLE had a trend of better clinical outcomes (median OS: 33.14 months vs. not reached, p = 0.13, Figure 7E).




Figure 7 | The characteristics of genomic alterations between high-risk and low-risk patients from the TCGA-BC cohort. The oncoprint plots exhibited the genomic alteration profile of the high-risk group (A) and low-risk group (B). (C) The genomic alteration enrichment analysis demonstrated the prevalently altered genes between high-risk and low-risk groups. (D) The alteration enrichment analysis of DNA damage response (DDR) genes between high-risk and low-risk groups. (E) Kaplan–Meier curve analysis for BC patients with or without POLE alterations.



Subsequently, the molecular characterization of TME was presented, demonstrating that the high-risk group had a significantly increased stromal score and ESTIMATE score (Figure 8A). Moreover, the high-risk group also had a significantly higher T-cell exclusion score and TIDE score (Figure 8B). Additionally, more plasma B cells, CD8+ T cells, CD4+ naïve T cells, follicular helper T cells, Tregs, and activated myeloid dendritic cells were significantly more enriched in the low-risk group, whereas the high-risk group only had significantly higher infiltration levels of macrophage M0 and M2 (Figure 8C).




Figure 8 | The evaluation of tumor environment between high-risk and low-risk groups. (A) Comparison of stromal, immune, and ESTIMATE scores between high-risk and low-risk groups. (B) Comparison of T-cell dysfunction, exclusion, and TIDE scores between high-risk and low-risk groups. (C) The evaluation of 22 tumor-infiltrated lymphocytes between high-risk and low-risk groups. *p < 0.05, **p < 0.01, ***p < 0.001, ****p < 0.0001, ns represented “not significant”.





Exploration of CRG signature or related genes in the local BC cohort

It was found that the DEGs between tumor and normal tissue samples significantly varied in public datasets and our local cohort, and remarkably, only 7 of the 23 discovered CRGs exhibited significant differences between tumor and normal tissue samples across the TCGA, GSE133624, GSE188715, and GSE13507 cohorts (Figure 9A). Among which, SLC25A15, RAD9A, PRF19, THOC1, and TIPIN were significantly overexpressed in tumor tissues in both the TCGA (Figure 9B) and our local cohorts (Figure 9C). PPP2CB and FBXO31 were upregulated in normal tissues in the TCGA cohort, but our local samples did not differ significantly. Limited by the sample size, there was no statistically significant difference in TILs between high-risk and low-risk groups in our local cohort, whereas, a consistent trend of more CD8+ T cells, follicular helper T cells, Tregs, and activated dendritic cells were presented in the low-risk group and relatively more macrophage M0 and M2 were presented in the high-risk group in our local cohort (Figure 9D). In our local cohort, the ESTIMATE score was found to be relatively higher but not statistically significant in the high-risk group (Figure 9E), but notably, high-risk individuals in our local BC cohort had significantly higher TIDE scores (Figure 9F).




Figure 9 | The exploration of the CRG signature and related genes in the local BC cohort. (A) Overlapping number of differentially expressed CRGs between tumor and normal tissue samples across the TCGA, GSE133624, GSE188715, and GSE13507 cohorts. (B) The comparison of seven CRG signature-related genes’ expression between tumor and normal tissue samples in the TCGA cohort. (C) The comparison of seven CRG signature-related genes’ expression between tumor and normal tissue samples in our local cohort. (D) The evaluation of 22 tumor-infiltrated lymphocytes between high-risk and low-risk groups in our local cohort. (E) Comparison of stromal, immune, and ESTIMATE scores between high-risk and low-risk groups in our local cohort. (F) Comparison of T-cell dysfunction, exclusion, and TIDE scores between high-risk and low-risk groups in our local cohort. *p < 0.05, **p < 0.01, ***p < 0.001, ****p < 0.0001, ns represented “not significant”.





Clinical significance of CRG signature in BC patients with altered FGFR3

Regarding the CRG score and FGFR3 alteration status, BC patients were further divided into four different risk groups. It could be apparently seen that high-risk patients with wild-type FGFR3 had the highest CRG scores (p < 0.0001, Figure 10A). Moreover, patients with wild-type FGFR3 had significantly higher CRG scores than those with FGFR3 alterations (FGFR3mt-high vs. FGFR3wt-high and FGFR3mt-low vs. FGFR3wt-low, p < 0.0001). Expectedly, high-risk patients with wild-type FGFR3 had the significantly shortest OS (Figure 10B), further demonstrating the robust ability of CRG signature in prognosis prediction.




Figure 10 | The evaluation of tumor microenvironment and immune checkpoint genes’ expression for patients stratified by CRG signature plus FGFR3 status. (A) Comparison of CRG score between four molecular subgroups. (B) Comparison of survival via the Kaplan–Meier curve analysis between four molecular subgroups. (C) Comparison of stromal, immune, and ESTIMATE scores between four molecular subgroups. (D) Comparison of T-cell dysfunction, exclusion, and TIDE scores between four molecular subgroups. (E) The heatmap exhibited infiltrated levels of 22 tumor-infiltrated lymphocytes between four molecular subgroups. (F) The comparison of immune checkpoint genes’ expression levels between four molecular subgroups. *p < 0.05, **p < 0.01, ***p < 0.001, ****p < 0.0001, ns represented “not significant”.





Immunity of BC patients with altered FGFR3 underlying the CRG signature

Compared to other groups, low-risk patients with altered FGFR3 had the significantly lowest stromal score, immune score, ESTIMATE score, and TIDE score (Figures 10C, D), as well as a relatively higher enrichment of plasma B cells, activated NK cells, CD8+ T cells, and follicular helper T cells (Figure 10E). However, among the other three groups, there was no statistically significant difference in ESTIMATE and TIDE scores (Figures 10C, D), except that low-risk patients with wild-type FGFR3 had a significantly lower TIDE score than high-risk patients with wild-type FGFR3 (p < 0.05, Figure 10D). Remarkably, the distribution of TILs in high-risk patients with altered FGFR3 was similar to that of BC patients with wild-type FGFR3, regardless of whether they had a high or low CRG score (Figure 10E). Interestingly, low-risk patients with altered FGFR3 had a lower expression of immune checkpoint genes, including PD-L1, CTLA4, TIM3, LAG3, PD-1, CD27, CD47, and IDO1 (p < 0.05); on the contrary, high-risk patients with altered FGFR3 had a higher expression of TIM3 and CD47 (p < 0.05), whereas the expression level of PD-L1 in BC patients with altered FGFR3 was quite low (Figure 10F).



Estimate of chemotherapeutic treatment response

As investigated for commonly used chemotherapeutic drugs for BC patients (including cisplatin, docetaxel, paclitaxel, methotrexate, and doxorubicin), it was found that IC50 values for the response prediction of chemotherapeutic treatment by cisplatin, docetaxel, paclitaxel, methotrexate, or doxorubicin significantly differed between patients with distinctive molecular subtypes (Figures 11A–E). Regardless of BC patients (whether FGFR3 was altered or not), the higher CRG score indicated the relatively higher sensitivity to cisplatin and docetaxel (Figures 11A, B). Moreover, compared to low-risk BC patients with altered FGFR3, those with wild-type FGFR3 seemed to be more sensitive to paclitaxel (Figure 11C). Meanwhile, low-risk patients with altered FGFR3 had the highest sensitivity to methotrexate (Figure 11D). For patients with wild-type FGFR3, those in the high-risk group were more sensitive to doxorubicin (Figure 11E).




Figure 11 | The estimate of chemotherapy treatment response via the GDSC database. The violin plots exhibited the IC50 value representing the response of chemotherapeutic treatment by cisplatin (A), docetaxel (B), paclitaxel (C), methotrexate (D), and doxorubicin (E) between four different molecular subgroups. *p < 0.05, **p < 0.01, ***p < 0.001, ****p < 0.0001, ns represented “not significant”.





Prediction of immunotherapeutic treatment response

The CRG signature further exhibited a robust prognosis prediction ability, and CRG score was negatively correlated with the survival of UC patients treated with PD-1/L1 blockades (median OS in the IMvigor210 cohort: 7.92 months vs. 10.58 months, p = 0.028, Figure 12A; GSE176307 dataset: 4.57 months vs. 13.00 months, p = 0.041, Figure 12B). When exploring the role of the CRG signature predicting the response of immunotherapeutic treatment in the IMvigor210 cohort, no statistically significant difference in CRG score was observed between patients who responded to PD-1/L1 blockades or not (CR/PR vs. SD/PD patients, Figure 12C). Regarding patients with altered FGFR3 in the GSE176307 dataset, the CRG scores were also equivalent between CR/PR and SD/PD patients (Figure 12D). For patients with wild-type FGFR3 in the GSE176307 dataset, it was notably found that patients who completely/partially responded to immunotherapy have slight lower CRG scores than those with stable/progressive diseases (p = 0.097, Figure 12E).




Figure 12 | The predictive role of the CRG signature for the response of immunotherapy treatment in the IMvigor210 cohort and the GSE176307 dataset. Kaplan–Meier curve analysis to compare overall survival of patients between high-risk and low-risk groups from the IMvigor210 cohort (A) and the GSE176307 dataset (B). Comparison of the CRG score between CR/PR and SD/PD groups in the IMvigor210 cohort (C) and in the groups of patients with altered FGFR3 (D) and with wild-type FGFR3 (E) from the GSE176307 dataset.






Discussion

Bladder cancer, according to the latest cancer statistics worldwide, remains to be one of the most prevalent cancers, with approximately 550,000 new cases annually (27). Recently, next-generation sequencing technology has led to the significant advances in the research field of bladder cancer (28), discovering a number of genomic, transcriptomic, and proteomic biomarkers for predicting diagnosis or prognosis of patients, as well as promoting clinically favorable targeted therapeutics and effective immune therapies. Furthermore, the newly developed methods have been widely applied to explore the tumor immune microenvironment in various cancers, which expanded the repertoire of precision medicine, especially immunotherapy (29). In the present study, it was the first time to investigate the integrative transcriptional characterization of cell cycle checkpoint genes in BC progression, and eventually a novel CRG signature and CRG-based nomogram were established, with remarkably robust and stable capacity in prognosis prediction. The clinical association analysis underlying the CRG signature further disclosed that the high-risk group had more patients who were female, diagnosed at older age, and with more aggressive diseases. In addition, the molecular characterization, including functional differentiation analysis, genomic alteration profiling, and TME, between different subgroups promoted the potential strategies of precision treatment for BC patients.

The early retrospective study proposed a risk model, namely, CCP score, based on the expression signature of 31 CCP genes, which was created to predict the aggressiveness of prostate cancer (30). Afterwards, this 31-CCP gene expression signature exhibited significant prognostic values in various cancers, such as ductal carcinoma in situ of the breast (31), clear cell renal cell carcinoma (32), lung cancer (33), and bladder cancer (34). According to the study of bladder cancer, an optimized 12-CCP signature was established, of which the AUC values in predicting patient progression (non-progressor vs. progressor) were 0.70 in the Lindgren cohort and 0.68 in the CNUH cohort. In contrast, it seemed that the CRG signature might outperform the CCP score in prognosis prediction, with the AUC values at 1, 2, 3, 4, and 5 years for OS all beyond 0.75. Furthermore, recent studies have revealed that the regulation of CCP, such as the initiation of replication, the overall rate of replication, and the recovery and resumption of replication forks, was strictly controlled in cancer cells by checkpoints (35–38). In brief, in cancer cells, cell cycle checkpoints could control CCP and further regulate the cancer cell divisions, unless uncontrolled CCP can drive more mutations and genomic instabilities causing the existence of cell cycle and cell apoptosis.

In past decades, a large body of studies focused on the regulation of CCP in tumor progression (39), in which the important role of checkpoints regulating the entire cell cycle processing was often neglected. In the present study, a total of 52 CRGs in cell cycle were found to be significantly correlated with the clinical outcomes of BC patients; meanwhile, the novel CRG signature was constructed as a prognostic model consisting of further selected 23 CRGs. Among these 23 selected CRGs, the expression of PPP2CB has already been proven to be involved in promoting BC cell proliferation and migration (40). The expression of checkpoint CUL4A could mediate the degradation of BECN1 protein to alleviate cell autophagy and enhance the growth of BC (41). The overexpressed PLK2 was detected in BC, and urinary PLK2 protein level was highly correlated with bladder transitional cell carcinoma (42). The suppressed expression of THOC1 could mediate BC cell apoptosis (43). Except for the in-depth insight into the biological functions of the above-mentioned four CRGs, 19 other identified CRGs involved in the signature, namely, ANAPC4, MMAB, B9D2, NDEL1, SLC25A15, PSMA7, PSMB10, PSMB5, PSMB8, RAD9A, REXO2, ARID3A, CHMP4C, DDX39B, FBXO31, FBXO6, PRPF19, RGCC, and TIPIN, were first identified to play a potential role in BC progression, and their detailed functions remained enigmatic, which merited further experimental verification.

Underlying the CRG signature, correlation analysis revealed that signature-associated genes were mainly responsible for the collagen-containing ECM, and ECM-related and MAPK signaling pathways, indicating that the ECM-specific heterogeneity and related signaling pathways between different risk groups mainly caused the significant difference in OS. It has been revealed that COL1A1 protein was markedly upregulated in MIBC, which could activate the epithelial–mesenchymal transition and TGF-β signaling pathway contributing to the proliferation and invasion of bladder cancer cells (44), whereas the significantly downregulated expression of collagen type IV-α1 and α2 (COL6A1 and COL6A2) was found to promote tumor progression in both the NMIBC and MIBC tissue samples (45). Moreover, the tumor-related macrophages could secrete the type I collagen via activating the PI3K/AKT signaling pathway to stimulate the development of bladder cancer; meanwhile, the number of macrophages and the expression of M2 macrophage-associated genes (ARG-1, IL-10, and TGF-β) were remarkably elevated in malignant bladder tumor tissue samples (46). Furthermore, TGF-β could prompt the tumor immune escape and the resistance of immune therapy (47), which has been validated in the IMvigor210 cohort in which BC patients not responding to the therapeutic treatment of anti–PD-L1 agent (Atezolizumab) were highly correlated with the TGF-β signature in fibroblasts and commonly had fibroblast- and collagen-rich peritumoral stroma (48). In addition, a single-cell proteomic analysis further revealed the chaotic tumor-associated collagens in the TME of MIBC (49). Thus, therapeutic treatment targeting collagen-specific ECM and related signaling pathways could be a potential regimen for BC patients.

Genomic alteration analysis revealed that the high-risk group had higher prevalence of tumor suppressor genes RB1, FBXW7, and NFE2L2, consistent with the previous findings that the altered RB1 (50), FBXW7 (51), and NFE2L2 (52) were correlated with tumor progression and worse outcomes of BC patients. However, the potential contribution of frequently altered ASAP2 and PCSK6 in the progression of bladder cancer remains unclear, needing to be further investigated. As known, the FGFR3 alterations were mainly enriched in the luminal bladder cancer correlated with better prognosis; specifically, the low-risk group in the present study was also observed to have more patients with FGFR3 alterations. More impressively, it was uncovered that there was a significant difference in alteration frequency of only one DDR signaling pathway-related gene—POLE—between high-risk and low-risk groups, and Kaplan–Meier analysis revealed that MIBC patients with altered POLE exhibited a trend of better OS. Owing to the limited number of MIBC patients presenting POLE alterations in the present study, this result should be highlighted and verified in the future.

Taken together, the difference in TME, including tumor purity, T-cell viability, and the proportion of TILs, between high-risk and low-risk groups was further investigated. Macrophage M0 and M2 were consistently enriched in high-risk groups, which also had a lower tumor purity expressed by the higher ESTIMATE score and a higher level of exhausted T cells indicated by the higher TIDE score. Similarly, it has been reported that tumor-associated macrophages could restrain the infiltration level of T cells in tumor tissues (53). In addition, altered FGFR3 is highly enriched in luminal or its papillary subtypes, which have been characterized by immune-suppressive states (50). Controversially, a retrospective analysis revealed that there was no difference in immune checkpoint blockade response between patients with altered FGFR3 and those with no altered FGFR3 (54), and a recent study found the equivalent T-cell receptor diversity between these patients (26). Whether the status of FGFR3 could influence the treatment response by the immune checkpoint blockade is discussed heatedly. In the present study, it was found that the discrepancy of TME between high-risk and low-risk groups among BC patients with wild-type FGFR3 was a little small, except that low-risk patients had more activated T cells but a lower proportion of tumor-associated macrophages (especially for macrophage M0 and M2), while compared to the BC patients with wild-type FGFR3, high-risk patients with altered FGFR3 had nearly similar predicted infiltrated immune cell proportions and immune responses, but only the expression levels of TIM3 and CD47 were equal, such that these BC patients seemed to be more sensitive to immune checkpoint inhibitors targeting TIM3 and CD47, which needed further analysis. Additionally, the low-risk BC patients with altered FGFR3 exhibited the highest tumor purity and the most activated T cells, which were associated with better treatment responses of immunotherapies (23). However, in the present study, the expression levels of well-known immune checkpoint genes were found to be extremely low. Thus, in clinic, it was highly recommended that immunohistochemistry staining of immune checkpoint(s) should be detected first during immunotherapeutic treatment.

In addition, the different BC molecular subtypes were identified to have distinctive sensitivity to the chemotherapeutic drugs, such as cisplatin, docetaxel, paclitaxel, methotrexate, and doxorubicin, which were commonly used for BC patients (28). The CRG signature further demonstrated its predictive ability in therapeutic treatment response. Currently, cisplatin has been regarded as a typical chemotherapeutic strategy for UC patients, and it mainly functioned to induce cell cycle arrest and cell apoptosis (55, 56). Furthermore, a previous study has revealed that docetaxel could make antiproliferative and apoptotic effects on bladder cancer cells (57). In the present study, it was found that patients with a higher CRG score, regardless of FGFR3 status, seem to be more sensitive to cisplatin or docetaxel. Although clinical benefits of paclitaxel were limited owing to patients’ resistance, the failure of first-line combination treatment of cisplatin and gemcitabine for advanced and/or metastatic UC patients provided an opportunity for paclitaxel because of its apoptotic effects (58). Through the evaluation analysis of chemotherapy treatment response, it was recommended that low-risk BC patients with wild-type FGFR3 might benefit more from paclitaxel. Additionally, the CRG signature also exerted its influence on the patients’ sensitivity to methotrexate, especially suitable for low-risk BC patients with wild-type FGFR3; however, its applicability for BC patients in clinic was rare, which needed more verification. Doxorubicin has been proven to disturb the regulation of cell cycle and induce cell death, usually as a vital constituent of combination treatment for MIBC patients (59). Indeed, the alteration frequency of FGFR3 in MIBC patients was relatively lower, compared with NMIBC patients (60, 61). In the present study, we further found that high-risk BC patients with wild-type FGFR3 were likely to have higher sensitivity to doxorubicin. Collectively, the checkpoint mechanisms in the regulation of cell cycle greatly influenced the response of chemotherapeutic treatment.

The CRG signature also demonstrated its ability in predicting the response of immunotherapeutic treatment. Of note, the CRG signature exhibited better response prediction capacity for BC patients with wild-type FGFR3, of whom those with lower CRG score might be more sensitive to the immunotherapeutic treatment with anti-PD-1 or anti-PD-L1 drugs. Regarding patients with altered FGFR3, the CRG signature could not differentiate the potential CR/PR and SD/PD patients. As described before, the alteration frequency of FGFR3 in low-grade and/or early-stage bladder tumors was evidently higher comparatively, such that the CRG signature could perform better in the response prediction of immunotherapeutic treatment for higher-grade BC patients, especially for those with wild-type FGFR3, while only 17 BC patients with altered FGFR3 included in the GSE176307 dataset received immune therapy treatment hence, the ability of the CRG signature to predict the immunotherapeutic treatment response for BC patients with FGFR3 alterations remained to be explored.



Conclusions

The present study comprehensively delineated the integrative transcriptional profiling of cell cycle checkpoint genes in the BC progression. The novel prognostic CRG signature and nomogram exhibited good performance in prognosis prediction for BC patients; furthermore, the molecular characterization underlying the CRG signature provided deep insights into key risk factors leading to the aggressive bladder cancer, promoting the development of precision medicine. The predictive role of the CRG signature in treatment response offered potential precision treatment strategies for different BC molecular subtypes.
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Background

Muscle-invasive bladder cancer (MIBC) and upper urinary tract urothelial carcinoma (UTUC) are molecularly heterogeneous. Despite chemotherapies, immunotherapies, or anti-fibroblast growth factor receptor (FGFR) treatments, these tumors are still of a poor outcome. Our objective was to develop a bank of patient-derived xenografts (PDXs) recapitulating the molecular heterogeneity of MIBC and UTUC, to facilitate the preclinical identification of therapies.



Methods

Fresh tumors were obtained from patients and subcutaneously engrafted into immune-compromised mice. Patient tumors and matched PDXs were compared regarding histopathology, transcriptomic (microarrays), and genomic profiles [targeted Next-Generation Sequencing (NGS)]. Several PDXs were treated with chemotherapy (cisplatin/gemcitabine) or targeted therapies [FGFR and epidermal growth factor (EGFR) inhibitors].



Results

A total of 31 PDXs were established from 1 non-MIBC, 25 MIBC, and 5 upper urinary tract tumors, including 28 urothelial (UC) and 3 squamous cell carcinomas (SCCs). Integrated genomic and transcriptomic profiling identified the PDXs of three different consensus molecular subtypes [basal/squamous (Ba/Sq), luminal papillary, and luminal unstable] and included FGFR3-mutated PDXs. High histological and genomic concordance was found between matched patient tumor/PDX. Discordance in molecular subtypes, such as a Ba/Sq patient tumor giving rise to a luminal papillary PDX, was observed (n=5) at molecular and histological levels. Ten models were treated with cisplatin-based chemotherapy, and we did not observe any association between subtypes and the response. Of the three Ba/Sq models treated with anti-EGFR therapy, two models were sensitive, and one model, of the sarcomatoid variant, was resistant. The treatment of three FGFR3-mutant PDXs with combined FGFR/EGFR inhibitors was more efficient than anti-FGFR3 treatment alone.



Conclusions

We developed preclinical PDX models that recapitulate the molecular heterogeneity of MIBCs and UTUC, including actionable mutations, which will represent an essential tool in therapy development. The pharmacological characterization of the PDXs suggested that the upper urinary tract and MIBCs, not only UC but also SCC, with similar molecular characteristics could benefit from the same treatments including anti-FGFR for FGFR3-mutated tumors and anti-EGFR for basal ones and showed a benefit for combined FGFR/EGFR inhibition in FGFR3-mutant PDXs, compared to FGFR inhibition alone.





Keywords: urothelial carcinoma, squamous cell carcinoma, upper-urinary tract carcinoma, luminal tumors, basal tumors, tyrosine kinase receptor, molecular subtypes, tumor heterogeneity



Introduction

Bladder cancer (BCa) is the ninth most common cancer type worldwide with an estimated 549,000 new cases in 2018 (1). Histologically, 90%–95% of BCa are urothelial cell carcinomas (UCs) and 5% are squamous cell carcinomas (SCCs) (2). Although less frequent, UC may also develop in the upper urinary tract (2%–5% of UCs). Muscle-invasive BCas (MIBCs) are of very poor outcome, with an overall 5-year survival of 50%–60% and less than 10% for patients with localized disease or distant metastasis, respectively. Localized UC/SCC-MIBC and high-risk upper tract urothelial carcinoma (UTUC) are treated by radical cystectomy and radical nephroureterectomy, respectively, with the addition of adjuvant or neoadjuvant chemotherapies (2, 3). In advanced-setting UC, immune checkpoint or fibroblast growth factor receptor (FGFR) inhibitors (for tumors presenting FGFR2/3 genetic alterations) may also be proposed (2, 4), while there is no standard-of-care treatment for SCC. Recently, two antibody–drug conjugates (ADCs) have shown efficacy in urothelial cancers, sacituzumab govitecan (5) (anti-TROP2) and enfortumab vedotin (6) (anti-Nectin4). Notably, the expression of NECTIN4 and TROP2 is variable across BCas, with NECTIN4 expression higher in luminal tumors (7, 8), which could impact the efficacy of these drugs. We also find in PDX transcriptomic analysis a heterogeneity of NECTIN4 and TROP2 expression, with a higher expression of NECTIN4 in luminal tumors. However, despite these treatments, the outcome remains poor, and the identification of new therapies is still needed. The development of relevant preclinical models is critical to reach this objective.

MIBCs constitute a heterogeneous group of tumors at the morphological and molecular levels. With the aim to improve the prediction of the clinical outcome and treatment response, an international consortium has recently reached a consensus molecular classification based on transcriptomic data, for MIBC, including six subtypes, facilitating interstudy comparisons (9). These subtypes can be divided into broad luminal (differentiated) and basal/squamous (Ba/Sq) groups. Although current systemic treatments are not based on molecular classification, some subtype features are associated with treatment response. For example, Ba/Sq tumors have worse prognosis than luminal-papillary (LumP) tumors [5], which commonly show the genetic alterations of FGFR3 (10). These subtypes have also been suggested to have a different sensitivity to chemotherapies, although results are currently inconsistent between studies (11–14). The Ba/Sq subtype and bladder SCC are associated with EGFR activation and sensitivity to anti-EGFR treatments in preclinical models (9, 15–18). UTUCs are molecularly comparable to MIBCs but have some distinct features, such as a higher prevalence of microsatellite instability (MSI) (19).

The molecular heterogeneity of MIBCs and UTUC and their divergent therapy sensitivities entails the need for a representative panel of preclinical models for unbiased therapeutic evaluation. Therapeutic testing in PDXs is highly effective in predicting the efficacy of both chemotherapies and targeted therapies (20, 21). Although few studies have reported the development of PDX models from MIBC, none have performed integrated genomic, transcriptomic, and pharmacological characterization of a bank of PDX reflecting the biological diversity of MIBC (22–24). Recently, a bank of 17 PDXs from UTUC has been reported (25) but no model exists for SCC, for which no standard of care is established.

In the present report, we describe the development and characterization of a bank of 31 PDXs, which maintain the characteristics of patient tumors and reflect the diversity of the molecular subtypes of bladder and upper urinary tract cancers. The evaluation of pharmacological responses to standard of care and targeted therapies suggests that non-sarcomatoid Ba/Sq tumors, notably SCC, could benefit from anti-EGFR therapies. In FGFR3-mutated tumor PDXs, an anti-FGFR and anti-EGFR combination therapy improves tumor response compared to FGFR inhibition alone.



Materials and methods


Animals

Four- to five-week-old immunodeficient mice (male) were purchased from Charles River Laboratories (L’Arbresle, France). Mice were maintained under specific pathogen-free conditions. Their care and housing were conducted in accordance with the European Community Council Directive 2010/63/UE and the French Ministry for Agriculture, Agrifood and Forestry Decree 2013-118. Experimental protocols were reviewed by CEEA-122 Ethical Committee for Protection of Animals used for Scientific Purposes and approved by French Ministry for National Education, Higher Education and Research under the number APAFIS#14811-2018042316405732 v4. The animal facility was maintained under artificial lighting (12 h) between 7:00 a.m. and 7:00 p.m. at a controlled ambient temperature of 22 ± 2°C and the relative humidity rate maintained at 55 ± 10%.



Specimen acquisition

From January 2009 to October 2019, patient tumors and matched normal tissues were obtained from 153 patients treated for bladder or ureteral cancers undergoing surgery either at the Hospital of Strasbourg (France) (n=135) or the Hospital of Toulouse (France) (n=18) in accordance with all relevant guidelines and regulations. All patients provided written informed consent. The incoming material of every donor patient was anonymized by receiving a chronological unique number, subsequently used to identify the corresponding PDX model. The specimens were examined, sectioned, and selected by pathologists for histological analyses and xenografts. Clinical and demographic information were obtained prospectively.



Patient-derived xenograft establishment

The PDX models of MIBC were generated by engrafting tumor tissues directly obtained from patients. Viable tumor tissue was macrodissected, and tumor pieces were then prepared for implantation. The NMRI nude (Rj : NMRI-Foxn1nu/nu) immunodeficient mice strain was used for tissue implantation. Grafts were implanted into the interscapular fat pad. When s.c. xenograft tumors reached ~1,000–1,500 mm3, they were serially transplanted for expansion into new mice. In addition, harvested xenograft material was cryopreserved for future implantations and/or fixed in 4% formalin for 24 h before paraffin embedding and/or stored at -80°C for subsequent analyses. A model was defined as established when stable growth over at least three passages and regrowth after a freeze–thaw cycle could be observed. The take rate (the proportion of mice developing tumors after the transplantation of the PDX) and passage time were recorded for every model and every individual passage. Tumor growth was determined weekly by a two-dimensional measurement with a caliper. The tumor volume was calculated as: TV (mm3) = [length (mm) × width (mm)2]*π/6, where the length and width are the longest and shortest diameters of the tumor, respectively. Animals were sacrificed when the tumor volume reached 2,000 mm3.



Histopathology and immunohistochemistry

For all PDX models, primary and passaged tumors preserved in formalin for 24 h were paraffin-embedded, sectioned into 4-μm-thick cuts, and placed on glass slides. The analysis of hematoxylin and eosin (H&E)-stained slides was performed by two experienced uropathologists.



RNA/DNA/protein extraction

Each frozen PDX fragment was ground to powder and subdivided for triple RNA, DNA, and protein extraction. RNA isolation was performed using TRIzol, while phenol/chloroform/isoamyl alcohol extraction was used for DNA isolation. See “Western blot” section for the protein extraction method.



Real-time reverse transcription–quantitative PCR

Reverse transcription was performed on 1 µg of total RNA using a high-capacity cDNA reverse transcription kit (Thermo Fisher Scientific, Illkirch, France). cDNAs were amplified by PCR in a Roche real-time thermal cycler, with the Roche Taqman master mix (Roche) and Taqman probe/primer pairs as follows:


 





Sanger sequencing

The coding exons and splice junctions of PPARG were amplified from genomic DNA by PCR with gene-specific primers available on request and sequenced by the Sanger method as described (26).



Weighted in silico pathology

WISP (Weighted In Silico Pathology; https://cit-bioinfo.github.io/WISP/) is an approach to assess intratumoral heterogeneity from bulk molecular profiles. Based on predefined pure molecular or histological populations for a particular cancer type, this approach gives a fine description of each tumor in a standardized way. The methodology is based on non-negative least squares regression and quadratic programming optimization for estimating the mixed proportions of distinct populations for a tumor sample. It can be applied on transcriptomic or methylation data. The output is the mixing proportion estimations for all samples.

For this analysis, we classified the samples from the MIBC CIT cohort (15) into a luminal or basal subtype according to the BASE47 classifier (27) to refine pure samples and calculate pure population centroid profiles, using standard parameters. Then, we estimated the mixed proportions of pure populations for each of our patient tumor and PDX samples, without scaling.



Short tandem repeat signature

Patient tumors and corresponding PDX DNA samples were subjected to STR using the Authentifiler PCR amplification kit (Thermo Fisher Scientific, Illkirch, France) that amplifies nine unique STR loci and the amelogenin gender-determining marker, according to the manufacturer’s instructions. PCR products were separated by capillary electrophoresis on ABI PRISM 3100, and results were analyzed using the GeneMapper software.



Genomic alterations detection: mutations, copy number variant detection, variant calling, and tumor mutational burden

Patient tumors and PDX were sequenced with a targeted NGS panel (called “DRAGON”) that has been developed by the genetics department of Institut Curie (Paris, France) and can detect mutations, copy number alterations (CNA), tumor mutational burden and microsatellite instability. It is composed of 571 genes of interest in oncology for diagnosis, prognosis, and theragnostics (Supplementary Table 1). NGS primers were selected based on their specificity on the human genome. The whole method is described in Supplemental Method Dragon.

Deleterious genomic alterations were defined as follows: (i) for oncogenes, only gain-of-function mutations were considered (i.e., hotspot missense mutations, in-frame insertions/deletions/splicing described as oncogenic), (ii) for tumor suppressor genes, only loss-of-function mutations were considered (i.e., biallelic truncating alterations—non-sense mutations, frameshift insertions/deletions/splicing—or monoallelic truncating alterations associated with heterozygous deletion detected by copy number analysis).



Gene expression analysis


Gene expression arrays/transcriptomic data/consensus class

The RNA of 31 PDX and patient tumors samples were hybridized in three batches in Affymetrix Human Genome U133 plus 2.0 Array Plates (Santa Clara, CA) according to Affymetrix standard protocols. Raw CEL files were RMA-normalized (28) using R statistical software. PCA confirmed that no batch effect was observed. The arrays were mapped to genes with a Brainarray Custom CDF (Human EntrezG version 24) (29).

Molecular consensus classes were determined with the “consensusMIBC” R package (v1.1.0, https://github.com/cit-bioinfo/consensusMIBC) using the RMA-normalized transcriptomic data. For WISP, we used a previously published dataset (15), which contains human MIBC samples (n = 85) also hybridized with Affymetrix Human Genome U133 plus 2.0 according to Affymetrix standard protocols. The raw CEL files used here are available from ArrayExpress (http://www.ebi.ac.uk/arrayexpress/) under accession number E-MTAB-1803.

Raw CEL files were RMA-normalized using R statistical software. The arrays were mapped to genes with a Brainarray Custom CDF (Human EntrezG version 23) (29)

In both datasets, we obtained a log2-transformed expression matrix with one value per gene.




Regulatory networks

The regulatory network was reverse-engineered by ARACNe-AP (30) from human urothelial cancer tissue datasets profiled by RNA-Seq from TCGA (n=414). The RNA-seq data was downloaded from the TCGA data portal using the TCGAbiolinks package (R). Raw counts were normalized to account for different library sizes, and the variance was stabilized with VST function in the DESeq2 R-package (31)

ARACNe was run with 100 bootstrap iterations using all probe-clusters mapping to a set of 1,740 transcription factors. The parameters used were standard parameters, with the mutual information p-value threshold of 10−8.



Regulon activity—VIPER

The VIPER algorithm tests for regulon enrichment based on gene expression signatures (32), using the regulatory network obtained from ARACNe on urothelial cancer, and we computed the enrichment of each regulon on the gene expression signature using different implementations of the analytic rank-based enrichment analysis algorithm.



Dual-staining immunohistochemistry

Dual immunostaining for GATA3 and KRT5/6 on Formalin-Fixed, Paraffin-Embedded (FFPE) samples was performed to screen for homogeneous or heterogeneous luminal or Ba/Sq tumors at the immunohistochemical level. Automated sequential dual-staining immunohistochemistry (IHC; Discovery, Roche/Ventana, Tucson, AZ, USA) was used according to the manufacturer’s instructions. Tissue sections cut at 3 µm were dewaxed and subjected to antigen retrieval, then incubated first with a GATA3-specific rabbit monoclonal antibody (1:300, clone ZR65 Diagomics, Blagnac, France), followed by an HRP-conjugated anti-rabbit IgG secondary antibody (MP-7401, Vector). The antigen–antibody reaction was detected using an ImmPACT DAB reagent (SK-4105, Vector), producing brown staining in positive nuclei. In the second sequence, a primary rabbit monoclonal antibody against KRT5/6 (1:100, clone EP24/EP67; Diagomics, Blagnac, France) was incubated, followed by alkaline phosphatase–conjugated anti-rabbit IgG secondary antibody (ENZ-ACC110-0150, Enzo). The antigen–antibody reaction was revealed using ImmPACT red reagent (Vector), producing red staining in positive cytoplasm. A normal urothelium was used as a positive control. The staining for GATA3 and KRT5/6 was evaluated by one blinded pathologist (JF), providing respective quick scores (QSs) calculated as intensity (0–3) multiplied by the percentage of stained tumor cells and normalized to [0;1]. Immunohistochemical thresholds for Ba/Sq tumors (IHC-Ba/Sq) defined as QS(KRT5/6) >0.14 and QS(GATA3) <0.02, or luminal QS(GATA3) >0.14 and QS(KRT5/6) <0.02, were used (33). Tumors showing IHC-Ba/Sq and non-Ba/Sq areas were defined as having intratumoral heterogeneity.



In vivo efficacy studies

Erlotinib (EGFR inhibitor) was purchased from MedChemExpress (Sollentuna, Sweden) and administered orally (gavage) 5 days per week during 4 weeks at a dose of 30 or 90 mg/kg (0.5% carboxymethylcellulose in PBS).

Erdafitinib (pan-FGFR inhibitor) was purchased from MedChemExpress (Sollentuna, Sweden) and administered orally (gavage) 6 days per week during 4 weeks at a dose of 10 or 30 mg/kg (20% 2-hydroxypropyl β-cyclodextrin in distilled water).

BGJ398 (pan-FGFR inhibitor) was purchased from LC Laboratories and administered orally (gavage) 6 days per week during 4 weeks at a dose of 30 mg/kg.

Cisplatin and gemcitabine were purchased from Sigma (St. Quentin Fallavier, France). Both drugs were administered intraperitoneally at a dose of 60 mg/kg (NaCl 0.9%) once a week (D0, D7, D14) and 4 mg/kg (NaCl 0.9%) once every 3 weeks (D1), respectively.

For efficacy studies, mice were implanted as described above. Tumor fragments were transplanted into 6-week-old NMRI mice. When the tumor reached a volume comprised between 60 and 270 mm3, mice were randomly assigned to the vehicle or treatment groups (n= 7–10). The tumor volume was calculated as: TV (mm3) = [length (mm) × width (mm)2]*π/6, where the length and width are the longest and shortest diameters of the tumor, respectively. Tumor volumes were then reported to the initial volume as relative tumor volume (RTV). The means of the RTV in the same treatment group were calculated. Growth curves were generated using the GraphPad Prism software.



Western blot

Frozen PDX samples were resuspended in Laemmli lysis buffer [50-mM Tris‐HCl (pH 6.8), 2-mM DTT, 2.5-mM EDTA, 2.5-mM EGTA, 2% SDS, 5% glycerol with protease inhibitors and phosphatase inhibitors (Roche)], and the resulting lysates were clarified by centrifugation. The protein concentration of the supernatants was determined with the BCA protein assay (Thermo Scientific, Illkirch, France). Proteins (10–50 μg) were resolved by SDS-PAGE in 10% polyacrylamide gels, electrotransferred onto Bio-Rad nitrocellulose membranes, and analyzed with antibodies against β-actin (Sigma-Aldrich #A2228, used at 1/25,000), or the extracellular domain of FGFR3 (Abcam, # ab133644, 1/5,000). Anti-mouse IgG, HRP-linked, and anti-rabbit IgG, HRP-linked antibody (Cell Signaling Technology # 7076 and # 7074, used at 1/3,000, Saint-Cyr-L’École, France) were used as secondary antibodies. Protein loading was checked by the Amido Black staining of the membrane after electrotransfer.



Statistical and bioinformatic analysis

Comparisons between PDX treatment responses were done using the Mann–Whitney test.

Bioinformatics analyses was performed with R (4.0.2).




Results


Establishment of urothelial PDXs

We successfully obtained 31 PDXs from 153 tumors (global engraftment rate ~20%, median latency 27.5 days with a range of 10–70 days) from January 2009 to October 2019. The main clinicopathological characteristics of the patients and patient tumors are summarized in Table 1 (additional clinical data from patients are presented in Supplementary Table 2). As expected, the majority of PDXs was derived from male patients (84%), with bladder as the primary site (84%) and were urothelial carcinomas (90%). The frequency of squamous cell carcinomas (SCC, 3/31, 10%) was higher than the known frequency of these tumors, potentially owing to a higher engraftment success rate (n=4/10, with one of the four that could not be further analyzed due to patient serology). One PDX was derived from a non-muscle-invasive BCa (NMIBC). Four patients had received systemic or radiotherapy treatment before the establishment of the PDX.


Table 1 | Clinicopathological characteristics of the samples used for patient-derived xenograft.





Histological and genomic characterization of PDXs

A histopathological analysis of the H&E-stained slides of patient tumors and PDXs was performed by two pathologists (VL, JF), based on the current WHO Classification of Tumors of the Urinary System (34). High histological concordance between patient tumors and PDXs was observed (Figure 1A) with the exception of three PDXs showing distinct histology compared to the matched patient tumors (M1030 and BLCU-011 lost the variant observed in the tumor, while a more squamous variant was observed in R1056, Supplementary Table 2). We confirmed by short tandem repeat (STR) profiling the concordant genetic identity between patient tumor and derived PDXs (Supplementary Table 3), with 85%–100% of conserved STR for the different models, as an example for L987 in Figure 1B. We characterized genomic alterations for 571 cancer-related genes (Supplementary Table 1 and Supplementary Table 4) in all 31 PDXs using a targeted next-generation sequencing assay, allowing the detection of mutations, the estimation of copy number alterations (CNA), tumor mutational burden (TMB), and MSI status (Figure 1C). As anticipated, the most frequent genomic alterations were mutations in TERT (68%) and TP53 (61%) and the homozygous deletion of CDKN2A/B (~50%). We also identified activating mutations in potentially actionable genes such as PIK3CA (19%), ERBB2 (19%), FGFR3 (13%), BRAF (6%), ERBB3 (3%), KRAS G12C (3%), and truncating mutations in the epigenetic genes KDM6A (19%), ARID1A (23%), KMT2D (19%), KMT2A/B/C (3% each), and ARID2 (3%). One UTUC PDX displayed microsatellite instability associated with a bi-allelic deletion of MSH2, and this alteration was also observed in the parental tumor. To determine whether the PDXs retain the genomic alterations of the matched patient tumor, we sequenced five patient tumor/PDX pairs. The overall concordance of observed genomic alterations was high (90%–100%) (Figure 1D), except for the MSI-high PDX (B521) that harbored high TMB (40%). PPARG pathway activation, through PPARG amplifications or RXRA- and PPARG-activating mutations, is a known key feature of luminal tumors and a potential therapeutic target (16, 26, 35–37). We did not observe any RXRA mutation in our sequencing analyses. Since PPARG was not in our targeted panel, we performed a Sanger sequencing of the hotspot region within the ligand-binding domain of PPARG (26) and identified one patient tumor/PDX pair (B521) harboring the T475M-activating mutation (n=1/23 tested PDX) and one patient tumor/PDX pair (M559) harboring the non-characterized and non-recurrent L339F mutation (26).




Figure 1 | Histological and genomic characteristics of patient tumors and paired derived patient-derived xenografts (PDXs). (A) Histology of bladder/ureteral patient tumors and corresponding PDX models demonstrated similar histological features as assessed by hematoxylin and eosin (H&E) staining. Scale bar corresponds to 50 µm. H&E slides of a section of each patient tumor and matching PDX were reviewed by a board-certified pathologist, and representative pictures for the different histologies or variants are shown. (B) Short tandem repeat signature of a patient specimen and PDX tumor, an example of the L987 case. (C) Somatic genomic landscape of 31 bladder and ureteral PDXs analyzed using an in-house targeted sequencing assay (571 cancer-related genes, Supplementary Tables 2, 3), the tumor mutational burden per megabase (TMB, indicated in the log2 scale for each sample), and microsatellite instability–high (MSI-H) versus a microsatellite-stable (MSS) status. (D) Concordance of genomic alterations in five pairs tumor/PDX.





PDXs recapitulate the molecular subtypes and intratumoral heterogeneity

We then sought to determine whether PDX models recapitulate the molecular subtypes of patient tumors. In total, transcriptomic data using Affymetrix U133plus2 array were available for 22 patient tumor/PDX pairs and 8 individual PDXs. Unsupervised clustering analysis using the top 200 most variant genes did not highlight any segregation in PDXs by the primary site or histological tumor (Supplementary Figure 1, with the exclusion of the NMIBC PDX for the transcriptomic subtype analysis). We therefore considered all patient tumors/PDX similarly and stratified them into six subtypes by applying the molecular consensus classifier (9) (Figure 2A). We observed 15 Ba/Sq (52%), 11 LumP (38%), and 3 luminal-unstable (LumU) (10%) PDXs. All three SCC patient tumors/PDXs were classified as Ba/Sq. In contrast to genomic and histological characteristics, transcriptomic profiles were less stable between patient tumor/PDX pairs. Specifically, eight patient tumors gave rise to a PDX with a distinct molecular subtype (36%) including five Ba/Sq patient tumors to LumP PDX, one LumP to LumU, one stroma-rich to LumU, and one LumNS to the LumP subtype. We also stratified patient tumors and PDXs according to the BASE47 classifier (27) (Figure 2A). Among the 16/22 patient tumors that were classified as basal, 6 gave rise to a luminal PDX. In contrast, all luminal tumors formed luminal PDXs. For six matched tumor-PDX pairs, for which we did not have transcriptomic data, we performed GATA3 (luminal) and KRT5/6 (basal) dual immunostaining to assign molecular subtypes using previously defined thresholds for each marker (33) and we did not observe a difference in the subtype between tumors and PDXs (Figure 2A). To explore whether the basal- to-luminal discordance could be related to intratumoral heterogeneity, we evaluated the molecular heterogeneity in both patient tumors and PDXs using the WISP algorithm (Figure 2A). We observed the admixed proportions of luminal and basal subtypes in 59.1% of patient tumors and 41.4% of PDXs, including all six cases with discordant BASE47 subtypes. The high molecular heterogeneity found in the six basal tumors that gave rise to luminal PDXs was conserved in most of the matched PDXs. These findings suggest an intrinsic plasticity of these tumors, leading to a shift in subtype rather than a sampling bias of an area of a given subtype within a molecularly heterogeneous patient tumor (Figure 2A, lower panels).




Figure 2 | Transcriptomic analysis of patient tumors and paired PDXs. (A) Tumors and PDXs were classified into six subtypes using transcriptomic Affymetrix U133plus2 array data according to the molecular consensus classifier developed for MIBC, the corresponding box colors indicated in the legend on the right. A total of 22 patient tumor–PDX pairs and 7 individual PDXs were analyzed, where tumors without transcriptomic data are indicated in gray. Urothelial carcinomas with divergent squamous differentiation are highlighted with *. (B) Upper panels: tumors and PDXs were classified using transcriptomic data as luminal and basal subtypes according to the BASE47 classifier (27). In patient tumors with missing transcriptomic data, we assessed the luminal (blue), basal (red), or heterogeneous (orange) subtype by immunohistochemistry (IHC; inset small boxes), as defined in methods. Lower panels: the intra-tumoral heterogeneity and proportion of luminal and basal subtype admixture as evaluated from transcriptomic profiles using the WISP (Weighted In Silico Pathology) algorithm. Based on the PDX WISP results, samples were molecularly classified as luminal, basal, or heterogeneous. (B) Heatmap of PDX samples based on the gene expression of selected luminal or basal markers. (C) Heatmap of PDX samples based on the regulon activity of the main regulators previously identified within the different molecular subtypes of MIBC (9, 10).



Using defined biomarkers of luminal and basal differentiation (9, 10), we confirmed that PDXs were globally separated between luminal, differentiated tumors and basal tumors (Figure 2B and Supplementary Figure 1). Concerning NECTIN4 and TROP2, which could be targeted by drug-conjugated antibodies (5, 6), we also found in the PDX transcriptomic analysis a heterogeneity of NECTIN4 and TROP2 expression, with a higher expression of NECTIN4 in luminal tumors (Supplementary Figure 2).

To further explore the transcriptomes of our PDXs, we inferred the activity of 22 major regulons, as defined in TCGA analysis (10) (Figure 2C). Using this approach, we observed a perfect separation of luminal and basal PDXs in clustering analysis, independently of the primary site of patient tumor. Similar to patient tumors from TCGA, we observed a higher EGFR regulon activity in basal PDXs and a higher PPARG/ERBB2/ERBB3 regulon activity in luminal PDXs (10). Of note, FGFR3 mutations are enriched in LumP tumors (9) and we observed FGFR3 mutations not only in two LumP PDXs, including one derived from UTUC, but also in two Ba/Sq PDXs, including one derived from an SCC tumor (Figures 2B, C) (9). As expected, high FGFR3 regulon activity was observed in tumors bearing FGFR3 mutations.

To validate the intratumoral molecular subtype admixture inferred from the transcriptomic data in situ, we performed dual IHC staining combining a luminal (GATA3) and a basal marker (KRT5/6) in a subset of patient tumors and PDXs. We confirmed the presence of a subtype marker expression admixture in situ, with either spatially distinct areas showing different IHC profiles (defined hereafter as intratumoral heterogeneity) or a single-cell coexpression of the two markers, or a combination of both patterns of admixture. By comparing the results between tumors/PDXs classified as basal, luminal, or heterogenous based on the WISP analysis (Figures 2A, 3), we observed that tumors/PDXs classified as pure luminal or Ba/Sq based on transcriptomic data displayed higher GATA3 or KRT5/6 staining levels, respectively (Figure 3A). The WISP heterogeneous samples had more intermediate staining levels of both GATA3 and KRT5/6 (Figure 3A) and showed more intratumoral heterogeneity compared to pure Ba/Sq or luminal cases (10/15 vs. 4/29, p<0.01) (Figure 3B). Among samples with intratumoral heterogeneity, a GATA3-KRT5/6 coexpression at the single-cell level was also identified in 9/14 samples (Figures 3B, C).




Figure 3 | Intratumor heterogeneity in tumors and PDXs at the protein level by IHC. (A) GATA3 and KRT5/6 expression levels (normalized quick scores), grouped according to the PDX WISP molecular classification (luminal, heterogeneous, and Ba/Sq, Figure 2A). (B) Proportion of tumors with intratumoral heterogeneity (left) and GATA3 + KRT5/6 coexpression at the single-cell level (right), grouped according to the PDX WISP molecular classification (luminal, heterogeneous, and Ba/Sq, Figure 2A). (C) Patterns of dual IHC staining for GATA3 (brown, nuclear) and KRT5/6 (red, cytoplasmic) in the paired tumor/PDX of a luminal (BLCU-011), a heterogeneous (F659), and a Ba/Sq (C704) example.





Chemosensitivity of patient-derived xenografts

With cisplatin-based chemotherapy being the standard of care of MIBC and high-risk UTUC, we assessed the sensitivity of 10 PDXs representative of the different subtypes (six basal, four luminal) to cisplatin plus gemcitabine (Figure 4). We did not observe a significant difference between the proportion of basal (5/6, 83%) and luminal PDXs (2/4, 50%) with significant growth inhibition upon treatment (Fisher’s exact test p=0.5). Due to the low number of recurrent genomic alterations and the number of models tested, it was not possible to statistically explore the association between genomic alterations and chemosensitivity.




Figure 4 | Chemosensitivity of representative basal and luminal PDX models. Mice with established PDXs (67–270 mm3) were treated with cisplatin plus gemcitabine (green) as indicated, and control mice were treated with vehicle alone (black) (n = 7–10 animals per group). Tumor size was measured at the indicated time points. Data are presented as mean ± SEM. Results were compared using the Mann–Whitney test. n.s, non-significant.





EGFR-targeted therapy is effective in non-sarcomatoid basal/squamous patient-derived xenografts

In relation to the high EGFR activity in basal tumors, we have previously shown that EGFR is an effective therapeutic target in different in vivo basal preclinical models (15). The aggressive sarcomatoid variant of MIBC is suggested to occur through the progression of Ba/Sq tumors (38). We recently analyzed sarcomatoid tumor transcriptomes and identified a loss of EGFR regulon activity during the progression of Ba/Sq tumors to the sarcomatoid variant (Fontugne et al., unpublished results). In line with these findings, we identified a low EGFR regulon activity in a PDX (BLCU-001) compared to the other Ba/Sq PDXs, which was classified as a Ba/Sq sarcomatoid tumor (Figure 2C and Supplementary Table 1). To assess whether the loss of EGFR activity could impact the sensitivity to EGFR inhibition, we compared the effect of anti-EGFR treatment (erlotinib) in two Ba/Sq models presenting high EGFR-regulon activity (L987 and H106, Figure 2C) and BLCU-001 (Figure 5A). As expected, the two SCC Ba/Sq models were sensitive to erlotinib whereas the Ba/Sq model with sarcomatoid differentiation was resistant (Figure 5A). Of note, two other Ba/Sq PDXs (C704 and R1056) were sensitive even when we used a lower dose of erdafitinib in a second experiment (Figure 5B).




Figure 5 | Sensitivity to anti-EGFR or the combination of EGFR and FGFR inhibitors in Ba/Sq and FGFR3-mutated PDXs. (A) Mice with established basal/squamous PDXs (67–270 mm3) were treated with anti-EGFR (erlotinib 90 mg/kg, red) or control vehicle alone (black). (B) Mice with established FGFR3-mutated tumors and controls were treated with control vehicle (black), low-dose anti-EGFR (erlotinib 30 mg/kg, red), a pan-FGFR inhibitor (erdafitinib 10 mg/kg, blue), or the combination (purple), as indicated (n = 7–10 animals per group). Tumor size was measured at the indicated time points. Data are presented as mean ± SEM. Results were compared using the Mann–Whitney test.





Combined inhibition of FGFR and EGFR improves response of FGFR3-mutated patient-derived xenograft compared to FGFR inhibition alone

FGFR inhibitors have already demonstrated clinical efficacy in FGFR3-altered tumors (4). However, resistance to treatment is systematically observed over time. Consistently, the treatment of two FGFR3-mutated PDXs, one Ba/Sq and one LumP, both presenting high expression levels of FGFR3 protein compared to other non-mutated PDXs, with a pan-FGFR-inhibitor (BGJ398) (Supplementary Figure 3A) only reduced tumor growth (Supplementary Figure 3B). Different preclinical studies using bladder-derived cell lines identified EGFR activation as a mechanism of resistance to FGFR inhibition (39–41). Using reverse transcription–quantitative PCR (RT-qPCR), we confirmed that this mechanism could be relevant in our PDX models since anti-FGFR treatment not only induced the overexpression of EGFR but also ERBB2 and ERBB3 in our FGFR3-mutated L987 model (Supplementary Figure 3C).

Therefore, we then tested if a combination of FGFR3 and EGFR/ERBB2 inhibition could overcome the compensatory upregulation of EGFR signaling and increase the sensitivity of FGFR3-mutated PDXs to FGFR inhibition, as previously observed for RT112 xenografts harboring FGFR3-TACC3 fusion (39). We treated five PDXs (three FGFR3-mutated: L987, B521, F659; two Ba/Sq FGFR3-WT: R1056, C704) with a pan-FGFR inhibitor (erdafitinib) that recently obtained FDA approval for locally advanced or metastatic MIBC with FGFR3 genomic alterations and an EGFR inhibitor [erlotinib, which has been described to have an ERBB2 inhibitory effect (42)] alone and in combination (Figure 5B). To limit toxicity, we used suboptimal doses for each inhibitor when administered in combination. In these conditions, monotherapies presented limited effects, with significant growth inhibition in two FGFR3-mutated and in two basal PDXs upon erdafitinib and erlotinib treatment, respectively. The combination of erlotinib plus erdafitinib led to an improved response in all FGFR3-mutated PDXs compared to each of the monotherapies, while no additional benefit was observed for the combination in the Ba/Sq FGFR3-WT PDXs (Figure 5B).




Discussion

The development of relevant preclinical models closely mimicking patient tumors is key in the identification of new potential therapies for precision medicine, and PDXs are widely used in this regard in oncology (24, 43).

We report here, like others (22–25), that PDXs derived from bladder and ureteral cancers preserved the histological and genomic properties of patient tumors. However, their transcriptomic profiles were less stable. Namely, we identified basal patient tumors giving rise to luminal PDXs. For these cases, both tumors and PDXs revealed high heterogeneity, suggesting intrinsic cell plasticity. Such heterogeneity and cell lineage plasticity were recently demonstrated by Sfakianos et al. in the basal N-butyl-N-(4-hydroxybutyl)-nitrosamine (BBN) chemically induced mouse bladder tumors using both single-cell transcriptomic analysis and Fluorescence-Activated Cell Sorting (FACS) analysis after the in vivo transplantation of FACS presorted and cultured tumor cells (44). Basal tumors present a more abundant stroma compared to luminal tumors including high infiltration by immune cells (9). Our results also suggest that, because the stroma in immune-deficient mice differs from human tumor stroma, the crosstalk between the tumor and stroma may impact the tumor cell phenotype. Such crosstalk has been reported in three-dimensional ex vivo models, where the absence of cancer-associated fibroblasts induced a shift from luminal tumors to basal organoids (45, 46) whereas basal organoids engrafted in mice then developed a luminal phenotype (45). Interestingly, the molecular heterogeneity of luminal/basal markers observed in tumor and PDX pairs also reinforces the relevance of our models in drug efficacy evaluation, given that tumor heterogeneity is a known cause of resistance to treatment (47).

We described potential actionable genomic alterations in our PDXs, such as PIK3CA mutation, ERBB2 mutation/amplification, or MDM2-amplification (48, 49), whose frequencies are comparable with TCGA (10). Epigenetic drugs could also represent a promising therapeutic approach in monotherapy or in combination when considering the high proportions of PDXs harboring at least one mutation in epigenetic genes (50). Our models could thus be useful to evaluate such new potential therapies.

Previously, we proposed EGFR as a therapeutic target in basal MIBC based on findings from different in vitro and in vivo preclinical models (15). Here, we further validated the EGFR dependency of Ba/Sq tumors using PDX models. However, anti-EGFR treatments have shown disappointing results in the clinic, although some pathological responses have been observed in the neoadjuvant setting (51). This discrepancy between preclinical and clinical settings warrants further investigation. We hypothesize that the rich stroma of basal tumors contributes to anti-EGFR resistance, as recently demonstrated with cancer-associated fibroblasts in lung cancer (52). Indeed, rich stroma is absent in our preclinical models, with the exception of the BBN model, which presented only a moderate sensitivity to anti-EGFR treatment (15). Our results also suggest that sarcomatoid differentiation could be another mechanism of resistance to anti-EGFR treatment. In agreement, sarcomatoid differentiation is linked to EMT, which was previously shown to impair anti-EGFR sensitivity in lung cancer (53).

In agreement with previous studies (54, 55), we found that upper urinary tract and bladder urothelial carcinomas harbored similar genomic alterations but at different frequencies, except for the presence of MSI-H in one UTUC (54, 55). The diversity of our bank—including both MIBC [urothelial (UC) and squamous (SCC)] and UTUC—allowed us to observe that urothelial carcinoma PDXs originating from the upper urinary tract or bladder were also highly similar at the transcriptomic level. Additionally, we found that SCC samples did not classify into a molecularly distinct group of tumors, instead grouping with urothelial Ba/Sq carcinomas. Whereas up to now, SCC, UC, and UTUC were considered as highly different entities in terms of response to treatment, we found that the same molecular classifications/genetic alterations can predict the same therapeutic response for the three entities. Indeed, independently of the cell of origin, basal PDXs were sensitive to anti-EGFR therapies, except for sarcomatoid tumors, which are characterized by low EGFR activity. Furthermore, most FGFR3-mutated PDXs were sensitive to FGFR inhibition independently of their cell of origin or their luminal/basal phenotype.

Finally, it has been shown in RT112 xenografts (BCa cell line presenting an FGFR3-TACC3 fusion observed in 3% of MIBC) that a combination of anti-EGFR/anti-FGFR was more potent than anti-FGFR alone (39). We validated here these results using our more clinically relevant PDX models with FGFR3 mutations (observed in 15% of MIBC) (three different models derived from UTUC, MIBC-UC, and MIBC-SCC) reinforcing the interest to further test this combination treatment in the clinics. For treatment optimization and to limit side effects and toxicity, it will be of interest to explore if this effect is more specifically associated with EGFR or HER2 inhibition.



Conclusion

Muscle-invasive bladder and upper urinary tract cancers are heterogeneous and aggressive diseases with no satisfactory treatment. We have developed and characterized highly relevant preclinical models for bladder and upper tract carcinoma, recapitulating the molecular heterogeneity and drug responses observed in the clinic. Our work supports a benefit of combined FGFR and EGFR inhibition in FGFR3-mutated tumors. Overall, our models represent an essential tool for the development of new efficient therapies against these aggressive cancer types.
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Supplementary Figure 2 | Expression of NECTIN4 and TROP2 (TACSTD2) in PDXs. (A) Heatmap of PDX samples based on NECTIN4 and TACSTD2 gene expression. (B) NECTIN4 and TROP2 (TACSTD2) expression levels grouped according to the Base47 molecular classification (Wilcoxon test). (C) Correlation of the NECTIN4 and TACSTD2 gene expression (Pearson test).

Supplementary Figure 3 | FGFR3 expression in PDXs and sensitivity to anti-FGFR of FGFR3 mutated PDXs. (A) FGFR3 protein levels (Western blot) of the different PDX models. The urinary BCa cell line, RT112, was used as control for WT FGFR3 (black arrow) and FGFR3-TACC3 (white arrow) protein expression. Beta-actin was used as loading control. Asterisk indicates non-specific band. (B) Mice with established FGFR3-mutated (FGFR3-MT) PDXs (67-270 mm3) were treated with a pan-FGFR inhibitor (BGJ398). Control mice were treated with vehicle alone (n = 7 to 10 animals per group). Tumor size was measured at the indicated time points. Data are presented as mean ± SEM. Results were compared using Mann-Whitney test. (C) EGFR, ERBB2 and ERBB3 expression (RT-qPCR analysis) in L987 model at the end of treatment in mice treated with vehicle or with the pan-FGFR inhibitor BGJ398.

Supplementary Table 1 | Clinical and histological characteristics of patient tumors and matched PDXs.

Supplementary Table 2 | Short Tandem repeat (STR) profiling of patient tumors and matched PDX(s).

Supplementary Table 3 | List of the sequenced genes in the next-generation targeted sequencing panel.

Supplementary Table 4 | Next-generation sequencing results (mutations, copy number alterations, microsatellite status and tumor mutational burden).
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Purpose

Clear cell renal cell carcinoma (ccRCC) is one of the most common malignancies of the urinary system. This study was conducted to discover a new target that can predict the prognosis and promote the treatment of ccRCC.



Methods

The raw data were downloaded from the TCGA database, and the predictive value of ASNS for various clinicopathological features was verified in the following analysis. Then, we analyzed the potential involvement of ASNS in tumor immunity and obtained the possible pathways involving ASNS through GO/KEGG enrichment analysis and GSEA. We also further verified our findings in pathological specimens of ccRCC patients.



Results

ASNS expression was significantly increased in ccRCC, which was associated with advanced clinicopathological characteristics. It was an independent prognostic factor for overall survival in 535 patients with ccRCC. Immune cell infiltration analysis revealed that ASNS expression was related to T lymphocyte infiltration of tumors and poor prognosis. Moreover, we performed relevant functional enrichment analyses of ASNS.



Conclusions

ASNS might play a significant role in the development and immune cell infiltration of ccRCC and serve as a valuable clinical prognostic biomarker.
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Introduction

Renal cell carcinoma (RCC) is a common cancer type, and approximately 430,000 new global cases and 170,000 RCC-related deaths occurred in 2020 (1). RCC accounts for approximately 3% of all cancers, with the highest incidence in Western countries, and 80%–90% of RCC are clear cell renal cell carcinoma (ccRCC) (2). None of the treatments were effective in patients with renal tumors subjected to the same surgical procedures and patients with advanced disease treated with similar drugs (3). Although an occasional response was reported, the available systemic therapies did not increase the survival of patients with advanced disease (2). Early detection and screening are priorities for RCC research (4). Therefore, discovering a new target of ccRCC, especially for those with advanced and metastatic diseases, is crucial.

Asparagine synthase (ASNS) catalyzes the synthesis of asparagine and glutamate from aspartic acid and glutamine in an ATP-dependent amidotransferase reaction, accompanied by glutamine deamidation (5). Large-scale loss-of-function analysis in vitro identified ASNS as cancer dependent in several solid malignancies; however, the specific mechanism has not been discovered (6). Knott et al. highlighted the role of ASNS in tumor growth and metastatic dissemination in a breast cancer model (7), prompting the necessity to evaluate the expression of ASNS and facilitating the prognosis of patients with ccRCC.

We downloaded raw data from The Cancer Genome Atlas (TCGA) database and verified the predictive value of ASNS for various clinicopathological features in the following analyses. We analyzed the potential involvement of ASNS in tumor immunity and identified the possible pathways associated with ASNS through Gene Ontology (GO)/Kyoto Encyclopedia of Genes and Genomes (KEGG) enrichment analyses and gene set enrichment analysis (GSEA). We further verified our findings in the pathological specimens of patients with ccRCC. To conclude, we found that ASNS was highly expressed in ccRCC patients, and its high expression could lead to a worse prognosis. Thus, our findings revealed that ASNS might play a significant role in the development and immune cell infiltration of ccRCC and serve as a valuable clinical prognostic biomarker.



Materials and methods


Public database collection

Gene expression (535 tumor and 72 normal samples), DNA methylation, phenotype, and survival data were downloaded from http://xena.ucsc.edu/. |logFC| > 1.5 and p < 0.01 were defined as the criteria for differentially expressed genes (DEGs), and DEGs were identified using the limma R package.



COX univariate and multivariate analysis

Cox univariate and multivariate analyses were performed to determine the risk factors for ccRCC prognosis using R software.



Survival analysis

Overall survival (OS) and progression-free survival rates of patients with ccRCC were investigated by Kaplan–Meier analysis.



Correlation between immune infiltration and expression

TIMER2.0 (http://timer.comp-genomics.org/) was used for the comprehensive analysis of the relationship between ASNS expression and tumor-infiltrating immune cell levels, namely, CD4+ T cells, Tregs, CD8+ T cells, CTLA4, and PD-L1 (CD274) (8).



Expression of hub genes and survival analysis

The STRING (https://string-db.org/) website analyzes protein–protein interactions using a unique set of computer prediction models (9). The expression levels of hub genes in tumor and normal tissues based on the ccRCC dataset were compared using the Wilcoxon rank-sum test (p < 0.05). OS analysis for the expression of hub genes between the high- and low-expression groups was performed, with a p-value of <0.05 indicating statistical significance.



GEPIA2

GEPIA2 (http://gepia2.cancer-pku.cn/#index) uses standard processing procedures to analyze the data using many tumor samples and normal tissue samples (10). GEPIA2 analyzes the OS or disease-free survival of cancer patients based on gene expression. GEPIA2 uses the Log-rank test for hypothesis testing. The hazard ratio and 95% confidence interval are also included in survival plots.



GO and KEGG enrichment analyses

According to ASNS expression level, ccRCC samples were sorted and divided into two groups of high and low expression, and the genes with differential expression were screened separately (|logFC| > 0.5, p-value < 0.05). The Clusterprofiler R package was used for GO enrichment analysis, which included molecular function, biological processes, and cellular components of DEGs, and KEGG enrichment analysis.



Gene set enrichment analysis

The molecular mechanisms involved in ccRCC with different levels of ASNS expression were examined by the GSEA approach (11). The reference gene set used for GSEA was obtained from c7.immunesigdb.v7.5.1.symbols.gmt. Gene sets with a nominal p-value less than 0.05, |Normalized Enrichment Score| greater than 1, and false discovery rate less than 0.25 in the GSEA report were considered statistically significant.



Western blotting

Western blotting was performed as described in our previous study (12).



Immunohistochemistry

The expression and distribution of ASNS protein were detected by immunohistochemistry in paraffin-embedded tissue sections of each group. After routine paraffin dewaxing to water, antigen repair was performed. Hydrogen peroxide solution (3%) was added to remove endogenous catalase. Bovine serum albumin sealing solution (1%) was added, and the slides were incubated for 15 min. After the blocking solution was added, the primary antibody against ASNS (1:100 dilution) was added, and the slides were incubated overnight at 4°C. Thereafter, they were washed thrice with phosphate-buffered saline with Tween 20. The secondary antibody (1:100 dilution) was added, and the slides were incubated for 1 h at room temperature. DAB was added for color development, after which the slides were re-dyed with hematoxylin for 30 s. After washing with running water for 1 min, the slides were treated with 0.1% sodium bicarbonate to develop blue color. Then, the slides were subjected to dehydration and xylene treatment until the sections became transparent, mounted with neutral gum, observed under a microscope, and photographed.

The immunohistochemical staining intensity of ASNS was assessed using ImageJ software with the assistance of experienced pathologists in Affiliated Zhongda Hospital of Southeast University (13, 14).



Sample information

Clinical data of 81 patients were collected at the Affiliated Zhongda Hospital of Southeast University from March 2019 to May 2022. All patients were diagnosed with ccRCC (unilateral) and had no other carcinomas. All patients did not undergo any preoperative therapy for the carcinoma (chemotherapy, targeted therapy, immunotherapy, etc.). Age distribution: 19–85 years old. Surgical modalities: Partial nephrectomy or radical nephrectomy. Neoplasm histological grade criteria: Fuhrman nuclear grading system. Pathological stage criteria: American Joint Committee on Cancer (AJCC).



Statistical analysis

Analyses were performed using IBM SPSS for MAC version 26.0. The Mann–Whitney test was used to compare continuous variables between the two groups. The immunohistochemical staining intensity and clinical characteristics, such as gender, age, location, tumor size, TNM stage, AJCC stage, and grade were subjected to Spearman rank correlation analysis. p-values less than 0.05 were considered statistically significant.




Results


Overexpression of ASNS mRNA in ccRCC is related to poor prognosis

The expression pattern of ASNS in multiple pan-cancers was evaluated by using data from TIMER2.0, and the prognostic values of ASNS in multiple cancers (invasive breast carcinoma, cervical squamous cell carcinoma, endocervical adenocarcinoma, cholangiocarcinoma, esophageal carcinoma, kidney renal clear cell carcinoma, hepatocellular carcinoma, lung adenocarcinoma, lung squamous cell carcinoma, pancreatic adenocarcinoma, and stomach adenocarcinoma) are shown in the survival map prepared using GEPIA2 (Figures 1A, B). The pan-cancer overexpression of ASNS was linked to poor prognosis. The mRNA data of ccRCC were downloaded from TCGA (https://xenabrowser.net/datapages/) and included 535 tumor tissues and 72 normal tissues. ASNS was highly expressed in ccRCC compared with normal renal tissues (p < 0.001; Figure 1C) and was correlated with poor prognosis, i.e., OS (p < 0.001; Figure 1D). Furthermore, the high protein expression level of ASNS in ccRCC was verified by data from the Human Protein Atlas (HPA) databases (https://www.proteinatlas.org/) (Figure 1E).




Figure 1 | Expression of ASNS. (A) Pan-cancer expression of ASNS. (B) Prognostic values of ASNS gene in multiple cancers (BRCA, CESC, CHOL, ESCA, KIRC, LIHC, LUAD, LUSC, PAAD, and STAD). (C) ASNS expression in ccRCC and normal tissues. (D) Relationship between ASNS expression levels and prognosis, i.e., overall survival (OS). (E) ASNS protein level in ccRCC from the HPA database.  The statistical significance computed by the Wilcoxon test is annotated by the number of stars (*: p-value <0.05; **: p-value <0.01; ***: p-value <0.001).



For further clinical research, the expression pattern of ASNS was studied in relation to several clinicopathological features, and the data demonstrated that ASNS expression gradually increased with tumor progression (Figure 2). Therefore, ASNS could be an independent factor predicting ccRCC prognosis.




Figure 2 | Expression pattern of ASNS in relation to several clinicopathological features. (A, B) ASNS expression in samples from patients stratified by age and gender. (C–G) ASNS expression in samples stratified by pathological stage, neoplasm histological grade, T stage, N stage, and M stage, respectively.





ASNS is an independent prognostic factor for ccRCC

Univariate independent prognostic analysis demonstrated that neoplasm histologic grades, pathological T&M stages, tumor stages, and the expression of ASNS were significant factors that could predict ccRCC prognosis (p < 0.001; hazard ratio [HR] > 1; Figure 3A). Meanwhile, multivariate prognostic analysis showed that ASNS could be an independent prognostic factor for ccRCC (p < 0.001; HR > 1; Figure 3B). Moreover, the receiver operating characteristic (ROC) curve was used to analyze the accuracy of ASNS to predict the survival of ccRCC. ASNS predicted the survival period of ccRCC patients at 1, 3, and 5 years, which was significant (area under the curve [AUC] > 0.6; Figure 3C). Subsequently, serial ROC analysis showed favorable diagnostic values for ASNS to predict various clinicopathological features (Figures 3D–K). Ultimately, the above results were validated using nomogram and calibration plots, which showed that ASNS had excellent potential for predicting clinicopathological features in ccRCC (Figures 3L, M).




Figure 3 | Identification of ASNS as an independent prognostic factor for ccRCC. (A, B) Univariate and multivariate independent prognostic analysis of ASNS. (C) Receiver operating characteristic (ROC) curve predicting the correlation between ASNS expression and OS. (D–K) ROC curve predicting the correlation between ASNS expression and clinicopathological features [T1–2 vs. T3–4, N0 vs. N1, M0 vs. M1, pathological stage I–II vs. III–IV, neoplasm histological grade 1–2 vs. 3–4, normal vs. tumor, race (white vs. black), and primary therapeutic outcome, i.e., partial disease vs. stable disease]. (L, M) Nomogram and calibration plots, respectively.





DNA methylation analysis of ASNS gene

To further explore the regulation of ASNS in ccRCC, we performed a series of methylation analyses. Methylation levels were detected at the promoter region sites of the ASNS gene (Figure 4A), and ASNS expression was inversely proportional to the methylation level (Figures 4B, C). We further determined the relationship between ASNS gene methylation level and various clinicopathological features such as pathologic TNM stages (Figures 4D–F), tumor stages (Figure 4G), and neoplasm histologic grades (Figure 4H) of ccRCC. The results demonstrated that the methylation level of ASNS gradually decreased with tumor progression. Furthermore, the lower methylation level of ASNS led to a worse prognosis, such as poorer OS rates (p < 0.001; Figures 4I–K) and poorer progression-free survival (p < 0.001; Figure 4L). The decrease in the methylation level of ASNS with tumor progression indicates that the methylation modification of ASNS plays a key regulatory role in the expression of ASNS.




Figure 4 | DNA methylation analysis of ASNS. (A) Methylation levels at different sites of ASNS. (B, C) The relationship between ASNS expression level and methylation level. (D–H) ASNS methylation in samples stratified by T stage, N stage, M stage, neoplasm histological grade, and pathological stage. (I–L) Methylation levels of ASNS on the prognosis of ccRCC (OS and progression-free survival rates).





Immune infiltration analysis of ASNS in ccRCC

ccRCC has a relatively high stromal score and immune score among common cancers (15). High immune scores and infiltration of Tregs are significantly associated with poor OS, high tumor stage, and more chances of metastases in ccRCC (16). To further investigate the relationship between ASNS expression and the immune microenvironment in ccRCC, we performed immune infiltration analysis using TIMER2.0. The immune infiltration level of non-regulatory CD4+ T cells was negatively correlated with ASNS expression (Figure 5B), whereas Tregs were positively correlated (Figure 5C). Subsequent analyses showed that higher CD4+ T-cell infiltration was associated with better prognosis (Figure 5E), and higher Tregs infiltration was associated with poorer prognosis (Figure 5F). The correlation between CD8+ T-cell infiltration and ASNS was also analyzed; however, the results were insignificant (Figures 5A, D). Finally, ASNS expression correlated positively with the expression of immune checkpoints such as CTLA4, and PD-L1 (CD274) was positive (Figures 5G, H).




Figure 5 | Immune infiltration analysis of ASNS in ccRCC. (A–C) Correlation between ASNS expression and immune cell infiltration in ccRCC. (D–F) Correlation between immune cell infiltration and prognosis. (G, H) Correlation between ASNS and expression level of immune checkpoint molecules.





Cell function and pathway analysis in ASNS

We analyzed the positively and negatively correlated genes of ASNS in ccRCC and plotted heatmaps to show the expression patterns of the top 20 ASNS-associated genes (Figure 6A). To further determine the functions of ASNS in tumor progression and prognosis, GO and KEGG enrichment analyses were performed. GO enrichment analysis found that ASNS protein may be located on the cell membrane and regulate the molecular transport in cells (q-value <0.01; Figure 6B). KEGG enrichment analysis indicated that ASNS might participate in the regulation of insulin resistance, PPAR signaling pathway, and amino acid metabolism (q-value <0.05; Figure 6C). Subsequent GSEA suggested that ASNS might be involved in CD 4+ T-cell infiltration-related signaling in ccRCC (Figures 6D, E), which is also consistent with the previous analysis results.




Figure 6 | Cell function and pathway analysis involved in ASNS. (A) Heatmap of the expression patterns of the top 20 positively and negatively correlated genes of ASNS in ccRCC. (B) GO enrichment analysis. (C) KEGG enrichment analysis. (D, E) Gene set enrichment analysis (GSEA).





Protein–protein interaction network of ASNS

We performed a PPI network analysis of ASNS using the STRING website to explore potential interactions between ASNS and other proteins. The top 10 hub genes were selected from the PPI network, and the expression patterns and prognostic values in ccRCC were studied (Figure 7).




Figure 7 | Protein–protein interaction (PPI) network analysis of ASNS. (A) The top 10 hub genes of the PPI network. (B–O) The expression pattern and prognostic values of these hub genes in ccRCC (the three missing genes were not found in the TCGA-KIRC database).





Validation of ASNS in cells and pathological tissues of ccRCC

To further verify the effect of ASNS on ccRCC, we evaluated the expression of ASNS in ccRCC tissues and human ccRCC cell lines. Compared with adjacent normal renal tissues, ASNS was highly expressed in ccRCC tissues (Figure 8A). ImageJ software was used to quantitatively analyze the expression of ASNS (Figures 8B–E). Finally, we evaluated the expression of ASNS protein in 786-O cells (human ccRCC) and HK-2 cells (Human Kidney-2 cells), and the results were significant (Figure 8F).




Figure 8 | Validation of ASNS in cells and pathological tissues of ccRCC. (A) Results of immunohistochemical analysis of ASNS in ccRCC tissues and adjacent normal tissues. (B–E) Quantitative immunohistochemical analysis results of ASNS in four samples. (F) Western blot result of ASNS in 786-O and HK-2 cells.



In addition, the above results were further validated using the data from our cohort. It was further verified that ASNS was highly expressed in ccRCC tissues compared with adjacent tissues (p < 0.01, Table 1). Moreover, high ASNS expression was not correlated with age, gender, and tumor location (p > 0.05, Table 2), but was significantly positively associated with tumor size, T stage, the American Joint Committee on Cancer (AJCC) status, and neoplasm histological grade (p < 0.001, Table 2). These were also consistent with our previous results.


Table 1 | AOD of ASNS in tumor tissues compared with normal tissues.




Table 2 | Baseline characteristics of ccRCC patients in our cohort.






Discussion

ccRCC is one of the most common malignancies of the urinary system. Several biomarkers such as ciRS-7 (17), CA9 (18), Ki-67 (19), Bcl-2 (20), and PTEN (21) can predict ccRCC prognosis. We aimed to identify a novel biomarker to predict the prognosis of ccRCC. We found that ASNS might play a significant role in the development of ccRCC and serve as a valuable clinical prognostic biomarker of ccRCC.

The upregulation of ASNS expression responds to single or combined restrictions on many amino acids, including the most essential amino acids (22). Amino acid starvation-induced upregulation of ASNS is mediated by activating transcription factor 4 (ATF4). ASNS is the transcriptional target of ATF4, responding to amino acid starvation via the GCN2/eIF2α axis. The GCN2/eIF2α/ATF4 pathway is activated in primary solid tumors, indicating that the regulation of asparagine production in a nutrient-limited environment is essential for the progression of solid tumors (23). Maintaining intracellular asparagine levels is necessary for cancer cell growth (24). Asparagine is an important regulator of cancer cell amino acid homeostasis, anabolic metabolism, and proliferation (24). Therefore, we suspected that ASNS might play an important role in regulating the intracellular and extracellular metabolism of amino acids, thereby promoting the development of ccRCC, consistent with our results (Figure 6).

ASNS knockdown leads to cell death even in the presence of glutamine, which can be reversed by adding exogenous asparagine (25). The standard treatment for childhood acute lymphoblastic leukemia includes the infusion of bacterial ASNase as a principal component of combination chemotherapy (26). Circulating ASNase causes the rapid consumption of plasma asparagine and depletion of intracellular asparagine, starving leukemia cells and preventing their further growth (27). Hence, the growth of solid tumors might be regulated by ASNS protein levels. A study showed that in about 70% of human pancreatic ductal cancer samples, the level of ASNS protein was below the detection level, which indicates that some pancreatic tumors may be sensitive to ASNase treatment (28). In another study using ovarian cell lines, a negative correlation was observed between ASNase treatment efficacy and ASNS protein levels rather than ASNS mRNA levels (29). Pancreatic cancer cells overexpressing ASNS exhibit increased resistance to apoptosis induced by cis-diamine-dichloro platinum, which is related to the inhibition of JUN NH2-terminal kinase activation by ASNS (30). Therefore, whether ASNase treatment can inhibit tumor cells in ccRCC needs to be researched.

As shown by immunohistochemistry of human pancreatic tissues, pancreatic ASNS protein expression was largely correlated with exocrine cells (28). The ASNS protein is released from primary mouse tumors into the serum at a rate proportional to tumor growth; therefore, serum ASNS activity may be a valuable marker for the lysis of pancreatic exocrine cells (31). The secretion pattern of ASNS protein needs to be investigated in ccRCC.

Several studies on asparagine-dependent and asparagine-independent cell lines revealed the correlation between DNA methylation in the ASNS locus and ASNS expression (32, 33). High ASNS promoter methylation is associated with low ASNS expression, and 5-Aza-dC treatment enhances ASNS expression (34). In acute lymphoblastic leukemia bone marrow samples, most B cells and T cells showed methylation of the ASNS promoter, in contrast to the lack of methylation observed in brain and breast tumors (35). Akagi et al. hypothesized that ASNS methylation might be the basis for the susceptibility of acute lymphoblastic leukemia cells to ASNase chemotherapy (35). We found that the cg17533477 site of ASNS had high-level methylation in ccRCC (Figure 4A), indicating that ccRCC is more sensitive to ASNase chemotherapy. Moreover, the higher methylation level of the ASNS gene leads to a better prognosis (Figures 4I–L).

Multiple studies have shown that tumor-infiltrating immune cells regulate cancer progression and promote tumor development (36, 37). CD4+ helper T cells and cytotoxic CD8+ T cells play an important role in tumor prevention by targeting antigenic tumor cells, and CD8+ T cells are associated with better clinical outcomes and response to immunotherapy in many cancers (38–40). T cells (CD4+ T cells and CD8+ T cells) are the primary type of immune cells in ccRCC tumors (41). Effector T cells and mature dendritic cells may contribute to antitumor immune responses, whereas Tregs have the opposite effect (42), consistent with our findings (Figures 5B, C, E, F).

In our study, we analyzed the significant role of ASNS in the development of ccRCC and verified the possibility and feasibility of using it as an independent prognostic factor for ccRCC prognosis (Figure 9). Taken together, ASNS could act as an independent prognostic factor for ccRCC and might play a crucial role in tumor progression and immune cell infiltration. However, robust experimental data are not available to confirm our findings. Only preliminary analyses showed the function of ASNS in ccRCC, but certain signaling pathways in which it plays an important role remain to be studied. Due to the small number of data included in this center (only 81 cases), our validation results did not show that ASNS expression levels were associated with lymph node metastases and distant metastases. To further explore the vital role of ASNS in ccRCC, more detailed basic experimental research and clinical studies are required.




Figure 9 | Study flowchart.
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Background

Kidney cancer (KC) is one of the most challenging cancers due to its delayed diagnosis and high metastasis rate. The 5-year survival rate of KC patients is less than 11.2%. Therefore, identifying suitable biomarkers to accurately predict KC outcomes is important and urgent.



Methods

Corresponding data for KC patients were obtained from the International Cancer Genome Consortium (ICGC) and The Cancer Genome Atlas (TCGA) databases. Systems biology/bioinformatics/computational approaches were used to identify suitable biomarkers for predicting the outcome and immune landscapes of KC patients.



Results

We found two ferroptosis- and immune-related differentially expressed genes (FI-DEGs) (Klotho (KL) and Sortilin 1 (SORT1)) independently correlated with the overall survival of KC patients. The area under the curve (AUC) values of the prognosis model using these two FI-DEGs exceeded 0.60 in the training, validation, and entire groups. The AUC value of the 1-year receiver operating characteristic (ROC) curve reached 0.70 in all the groups.



Conclusions

Our present study indicated that KL and SORT1 could be prognostic biomarkers for KC patients. Whether this model can be used in clinical settings requires further validation.





Keywords: kidney cancer, immune, ferroptosis, overall survival, prognosis



Introduction

Kidney cancer (KC) is the second most common cancer of the urinary system. Statistical data from the Global Cancer Statistics 2020 report showed that there were over 430,000 new cases and 180,000 deaths related to KC (1). KC remains one of the most challenging cancers in urology despite the availability of various therapeutic approaches, such as surgery, chemotherapy, radiotherapy, and recently proposed immunotherapy (2). The main reasons for this phenomenon are delayed diagnoses and high metastasis rates. For example, almost one-third of people diagnosed with KC have advanced KC (3, 4). Approximately 40% of patients with advanced cancer eventually develop metastasis (3, 4), and the 5-year survival rate of these patients is less than 11.2% (3, 4). Therefore, it is important to identify suitable biomarkers to predict KC outcomes.

More evidence shows that carcinogenesis is not only related to cancer cells but also to the microenvironment (5–7). Previous studies have demonstrated that anticancer effects can be achieved by inducing immunosuppressive cells, such as regulatory T cells and myeloid-derived suppressor cells, to infiltrate the tumor microenvironment and mediate immune dysfunction (8). Recent studies have indicated that ferroptosis, a form of iron-dependent programmed cell death, is involved in the progression of several cancers (9–11). The kidney is involved in iron metabolism. Several studies have shown that clear cell renal cell carcinomas (RCCs) are closely related to iron metabolism (12, 13). RCC is an immunogenic tumor. Ferroptosis regulation can inhibit the migration and invasion of clear cell RCC cells (14, 15). Additionally, previous studies have indicated that immunity and ferroptosis can regulate each other to achieve their anticancer effects (16–18). Therefore, we identified suitable biomarkers for predicting KC patient prognosis and immune status by conducting an integrated study of ferroptosis- and immune-related genes.



Materials and methods


Data collection and preprocessing

We obtained RNA sequence information for 91 KC and 45 normal tissues and their clinical information from the ICGC database, and 818 KC and 104 normal tissues and their corresponding clinical information from TCGA database (Table 1). In our present study, ICGC data, TCGA data, and the ICGC and TCGA merge data were set as training, validation, and entire groups, respectively. Ferroptosis- and immune-related genes were obtained from the FerrDb and ImmPort, respectively. We performed differential expression analyses using the package “DESeq2” in R (3.6.2) to identify differential expression genes (DEG) between KC patients and normal tissues. The threshold values were set to ≥200 for baseMean, ≥1 for |log2 fold change (FC)|, and<0.05 for adj p value.


Table 1 | Clinical features of patients with kidney cancer.





ESTIMATE and immune profile analyses

The normalized genes were utilized to evaluate the stromal, immune, and tumor purity by the ESTIMATE package in R (3.6.2). The immune infiltrations of different immune cells and immune factors for each sample were evaluated by TIMER2.0 with default parameters, including TIMER, CIBERSORT, CIBERSORT-ABS, QUANTISEQ, MCPCOUNTER, XCELL, and EPIC (http://timer.comp-genomics.org/).



Gene ontology and Kyoto encyclopedia of genes and genomes pathway enrichment analyses

Gene Set Enrichment Analysis (GSEA) was then used for Gene Ontology (GO) and Kyoto Encyclopedia of Genes and Genomes (KEGG) analyses in R (3.6.2). The related parameter was set as follows: baseMean of ≥200, |log2 fold change (FC)| of ≥1, adj p value of<0.05, and minGSSize = 10. GO analyses consist of three main components: biological processes (BPs), cellular components (CCs), and molecular functions (MFs).



Identification of prognosis-related FI-DEGs

Univariate Cox regression analyses were used to identify prognosis-related ferroptosis- and immune-related differentially expressed genes (FI-DEGs). The overlap prognostic-related FI-DEGs verified from training and validation were used to filter the independent prognostic biomarkers as measured by multivariate Cox regression analyses. In addition, risk scores were evaluated by the following formula:

	

N, Expi, and Coei represented gene number, level of gene expression, and coefficient value, respectively (19, 20). The Youden index from the training data was set as the cutoff value to divide the patients.



Statistical analyses

Principal component analyses (PCA) in R 3.6.2 was used to visualize the patients with kidney cancer with different risk values in the training group, validation group, and entire group.

A repeated measures ANOVA followed by an unpaired two-tailed Student’s t-test was used as indicated. All results are expressed as mean ± SEM.




Results


Aberrant stromal statuses for KC

The RNA sequencing (RNA-seq) count data were normalized by DESeq2 and used to calculate the stromal, immune, and tumor purity by ESTIMATE in R (3.6.2). The stromal, immune, and estimated scores were significantly increased, while tumor purity was significantly decreased in KC patients from the training data (Figures 1A–D). The estimated scores were positively correlated with stromal and immune scores and negatively correlated with tumor purity (Supplementary Figure S1A).




Figure 1 | Aberrant stromal and immune status for KC. (A–D) Difference analysis of stromal score (A), immune score (B), ESTIMATE score (C), and tumor purity (D) between normal and KC patients in the training group. (E–H) Difference analysis of stromal score (E), immune score (F), ESTIMATE score (G), and tumor purity (H) between normal and KC patients in the validation group. (I–L) Difference analysis of stromal score (I), immune score (J), ESTIMATE score (K), and tumor purity (L) between normal and KC patients in the entire group. **p < 0.01, ***p < 0.001.



We then conducted similar analyses for KC from the validation group and found similar results in the validation group (Figures 1E–H; Supplementary Figure S1B) and the entire group (Figures 1I–L; Supplementary Figure S1C). All of these data indicated that patients with KC might have abnormal immunity.



Identifying prognosis-related ferroptosis- and immune-related differentially expressed genes

We identified 3,126 differentially expressed genes (DEGs), including 1,795 upregulated and 1,331 downregulated DEGs, in the training group (Figure 2A). Of these, 403 FI-DEGs were identified, including 298 upregulated and 104 downregulated FI-DEGs (Figure 2B). We first performed univariate Cox regression analyses to obtain prognosis-related FI-DEGs and found that 33 FI-DEGs (25 upregulated and eight downregulated) were significantly correlated with KC overall survival (OS) from the training (Supplementary Table S1). We obtained 1,875 upregulated DEGs, 952 downregulated DEGs, 334 upregulated FI-DEGs, and 98 downregulated FI-DEGs from the validation group (Figures 2C, D). Univariate Cox regression analyses showed that 234 of these FI-DEGs (188 upregulated and 45 downregulated) were significantly correlated with the OS of KC (Supplementary Table S2).




Figure 2 | Identification of prognosis-related FI-DEGs. (A, B) Volcano plots of DEGs (A) and FI-DEGs (B) for KC in the training group. (C, D) Volcano plots of DEGs (C) and FI-DEGs (D) for KC in the validation group. (E–G) OS-related FI-DEGs identified by univariate Cox regression analyses in the training group (E), validation group (F), and entire group (G). (H) OS-related FI-DEGs identified by multivariate Cox regression analyses in the entire group. (I) Expressions of KL and SORT1 in the training, validation, and entire groups. (J–L) KM curve of SORT1 in the training group (J), validation group (K), and entire group (L). (M–O) KM curve of KL in the training group (M), validation group (N), and entire group (O). ***p < 0.001.



Only three FI-DEGs (C-X3-C Motif Chemokine Receptor 1 (CX3CR1), Klotho (KL), and Sortilin 1 (SORT1)) were correlated with KC OS in the training and validation data (Figures 2E, F). Correlation analyses indicated that KL was negatively correlated with the immune score (Supplementary Figure S2). SORT1 was negatively correlated with immune and ESTIMATE scores and positively correlated with tumor purity (Supplementary Figure S2). CX3CR1 was positively correlated with immune and ESTIMATE scores and negatively correlated with tumor purity (Supplementary Figure S2).

We then performed Cox regression analyses for these three FI-DEGs in the entire group (ICGC and TCGA merged group) and found that they (KL, SORT1, and CX3CR1) were still correlated with KC OS (Figure 2G). Multivariate Cox regression analyses indicated that KL and SORT1 were independently correlated with OS in KC (Figure 2H). KL and SORT1 expressions were significantly decreased in the training, validation, and entire groups (Figure 2I). Figures 2J–O display the KL and SORT1 Kaplan–Meier (KM) curves.



Developing and validating the prognostic model

Based on previous studies, we constructed a prognostic model using two FI-DEGs (KL and SORT1). The Youden index from the training group was set as the cutoff value (Supplementary Figure S3). All 91 patients with KC were divided into high-risk (n = 34) and low-risk (n = 57) groups depending on the cutoff value. Figure 3A shows the risk score (top) and survival status (bottom) for each patient in the training group. Patients with high-risk KC had a worse OS (Figure 3B). KL expression was significantly decreased in patients with high-risk KC (Figure 3C). Principal component analysis (PCA) revealed that low-risk KC patients could be distinguished from high-risk KC patients (Figure 3D).




Figure 3 | Development and validation of the prognostic model. (A, E, I) Risk score (up) and status (down) for each KC patient in the training group (A), validation group (E), and entire group (I). (B, F, J) KM curve of a prognostic model in the training group (B), validation group (F), and entire group (J). (C, G, K) Expression of KL and SORT1 among patients in the training group (C), validation group (G), and entire group (K) with different risk values. (D, H, L) Distribution of KC patients in the training group (D), validation group (H), and entire group (L) with different risk values. (M–O) Time-dependent ROC curve of a prognostic model in the training group (M), validation group (N), and entire group (O). **p < 0.01; ***p < 0.001.



All 818 patients with KC in the validation group were divided into high-risk (n = 76) and low-risk groups (n = 742), depending on the cutoff value. Figure 3E shows each patient’s risk score (top) and survival status (bottom). Patients with high-risk KC had a worse OS (Figure 3F). KL and SORT1 expression were significantly decreased in high-risk KC patients (Figure 3G). PCA revealed that low-risk KC patients could be distinguished from high-risk KC patients (Figure 3H). We performed similar analyses for the entire group, and Figures 3I–L, display the results.

Additionally, we plotted time-dependent curves for the training, validation, and entire groups. The area under the curve (AUC) of the receiver operating characteristic (ROC) curve exceeded 0.60 (Figures 3M–O). The values of the prognostic models at one year were over 0.70 (Figures 3M–O).



Evaluating the prognostic model’s feasibility and different clinical characteristics

We performed univariate Cox regression for the different clinical features and prognostic model, followed by multivariate Cox regression analyses to determine whether the prognostic model was an independent prognostic factor for KC. In the training group, we found that pathologic TM, pathologic stage, and the prognostic model were correlated with OS, as measured by univariate Cox regression (Figure 4A). The pathologic M and prognostic models were independently correlated with OS, as measured by multivariate Cox regression (Figure 4B). The ROC curve showed that the AUC value of the prognostic model was slightly higher than that of the pathologic M (Figure 4C). In the validation group, we found that age, pathologic TNM, pathologic stage, and the prognostic model were correlated with OS, as measured by univariate Cox regression (Figure 4E). Age, pathologic NM, and the prognostic model were independently correlated with OS, as measured by multivariate Cox regression (Figure 4F). The prognostic model had the highest AUC values among age, pathologic NM, and the prognostic model (Figure 4G). Similar results were obtained for all the groups (Figures 4I–K).




Figure 4 | Evaluation of the feasibility of the prognostic model and different clinical characteristics. (A–D) Univariate Cox regression analyses (A), Multivariate Cox regression analyses (B), ROC curve (C), and correlation analyses (D) for the prognostic model in the training group. (E–H) Univariate Cox regression analyses (E), multivariate Cox regression analyses (F), ROC curve (G), and correlation analyses (H) for the prognostic model in the training group. (I–L) Univariate Cox regression analyses (I), multivariate Cox regression analyses (J), ROC curve (K), and correlation analyses (L) for the prognostic model in the training group. *p < 0.05 **p < 0.01, ***p < 0.001.



Additionally, we performed correlation analyses for different clinical features, candidate biomarkers, and prognostic models. The prognostic model significantly correlated with the candidate KL biomarker in the training, validation, and entire groups (Figures 4D, H, L).



Investigating immune infiltration landscapes

We used the normalized expression data of genes to evaluate the immune infiltration of immune cells and factors using TIMER2.0 and determine the immune infiltration landscapes of KC patients. In the training group, 85 immune cells and factors significantly differed between normal and KC patients (Supplementary Table S3). Of these, 27 immune cells and factors significantly differed between KC patients with high-risk and low-risk values. We performed correlation analyses to clarify which immune cells and factors were associated with the prognostic model and found that the prognostic model was significantly correlated with 15 immune cells and factors, such as NK cells, T-cell CD8+, T-cell regulatory, etc. (Figure 5A). Figure 5B displays the expression of these 15 immune cells and factors.




Figure 5 | Investigation of immune infiltration landscapes. (A, B) Correlation analyses (A) and difference analyses (B) of several immune cells and factors with significant correlation with the prognostic model in the training group. (C, D) Correlation analyses (C) and difference analyses (D) of several immune cells and factors with significant correlation with the prognostic model in validation group. (E, F) Correlation analyses (E) and difference analyses (F) of several immune cells and factors with significant correlation with the prognostic model of the entire group. *p < 0.05; **p < 0.01; ***p < 0.001. NS means No Significance.



In the validation group, 92 immune cells and factors significantly differed between the normal and KC patients. Of these, 49 significantly differed between KC patients with high-risk values and KC patients with low-risk values. Correlation analyses indicated that the prognostic model was significantly correlated with four immune cells and factors, such as T-cell NK, T-cell regulatory, etc. (Figure 5C). Figure 5D displays the expression of these 15 immune cells and factors.

In the entire group, 92 immune cells and factors significantly differed between the normal and cancer groups (Supplementary Table S5). Of these, 49 significantly differed among the KC patients with different risk values. Correlation analyses indicated that eight immune cells and factors were significantly correlated with the prognostic model, such as T-cell NK, T cells, and macrophages/monocytes (Figure 5E). Figure 5F displays the expression of these eight immune cells and factors.



GO and KEGG pathway enrichment analyses

We conducted differential expression analyses to understand the differences in ferroptosis- and immune-related pathways between high-risk and low-risk KC. We obtained 542 DEGs (476 upregulated and 66 downregulated) from the training data (Supplementary Figure S4A) and 1,169 DEGs (669 upregulated and 500 downregulated) from the validation data (Supplementary Figure S4B). GSEA was then used for GO and KEGG analyses. We found that 132 BP, 39 MF, and 17 CC were significantly enriched in the training group (Supplementary Table S6). There were several ferroptosis-related GO terms, such as oxidative phosphorylation (BP) and oxidoreductase activity (MF) (Supplementary Table S6). KEGG analysis indicated that 19 signaling pathways were enriched (Supplementary Table S7). Of these, 16 were significantly enriched, including several ferroptosis- and immune-related pathways, such as oxidative phosphorylation, chemical carcinogenesis, reactive oxygen species (ROS), and PI3K-Akt. Figures 6A–C, G show the top 10 GO and KEGG signaling pathways. Furthermore, 314 BP, 65 MF, and 58 CC were significantly enriched in the validation group (Supplementary Table S8). There were several ferroptosis- and immune-related GO terms, such as immune response-regulating signaling pathway (BP), immune response-activating signal transduction (BP), and oxidoreductase activity (MF). KEGG analysis indicated that 77 signaling pathways were enriched (Supplementary Table S9). Of these, 13 were significantly enriched, including several ferroptosis- and immune-related pathways, such as the p53 signaling pathway. Figures 6D–F, H show the top 10 GO and KEGG signaling pathways.




Figure 6 | GO and KEGG pathway enrichment analyses. (A–C) Top 10 enrichment BP (A), CC (B), and MF (C) between KC patients with a high-risk value and low-risk value in the training group. (D–F) Top 10 enrichment BP (D), CC (E), and MF (F) between KC patients with a high-risk value and low-risk value in the validation group. (G) Top 10 enrichment KEGG between KC patients with a high-risk value and low-risk value in the training group. (H) Top 10 enrichment KEGG between KC patients with a high-risk value and low-risk value in the validation group.






Discussion

Recently, immunotherapy and ferroptosis regulation have been identified as potential cancer therapeutic strategies (16–18). Interestingly, immune responses and ferroptosis can regulate each other to achieve their anticancer effects. Here, we conducted an integrated analysis of ferroptosis- and immune-related genes to identify suitable biomarkers to predict the prognosis and immune status of KC patients. We found that two FI-DEGs (KL and SORT1) independently correlated with the OS of KC. The prognostic model using these two FI-DEGs could predict the outcome and immune status of KC. Moreover, we found that the prognostic model was significantly correlated with several immune cells. Several ferroptosis- and immune-related GO and KEGG terms were enriched, reinforcing the role of ferroptosis and immunity in KC development (12–15).

KL is an age-suppressing protein secreted by the kidneys, brain, and thyroid gland. Previous studies have demonstrated that KL can suppress tumor growth, inhibit metastases, reduce resistance, and improve survival. For example, Doi et al. found that KL suppresses cancer metastasis and improves survival in mice transplanted with cancer cells (21). Ligumsky et al. found that KL overexpression could inhibit colony formation in MCF-7 and MDA-MB-231 cells (22). Dai et al. reported that KL inhibits cell growth and promotes apoptosis in thyroid cancer (23). KL is a potential tumor suppressor. Previous studies have also demonstrated that KL is downregulated in several cancers, such as pancreatic cancer and hepatocellular carcinoma (HCC) (24). KL could be a prognostic biomarker for several cancers, such as ovarian cancer and head and neck squamous carcinomas (25, 26). In the present study, we found that KL expression was significantly decreased in KC patients, KC patients with high-risk values, and KC patients with metastasis. These results reinforced KL’s role as a tumor suppressor. Patients with low KL expression had a worse OS. This result is consistent with a previous report’s trend that KL overexpression can prolong survival time (21). Most importantly, Zhu et al. confirmed that KL suppresses tumor progression by inhibiting PI3K/Akt/GSK3β/Snail signaling in RCC (27).

SORT1 is a lysosomal trafficking receptor. Liang et al. found that SORT1 upregulation promotes gastric cancer progression. Previous studies have shown that SORT1 is associated with drug resistance. Yamamoto et al. found that suppressing SORT1 in lenalidomide-resistant cells restored drug sensitivity (28). Charfi et al. detected the SORT1 receptor in 3D capillary-like structures formed by ES-2 ovarian cancer cells and MDA-MB-231 TNBC-derived cells in vitro. SORT1 suppression inhibits capillary-like structure formation. SORT1 overexpression is associated with poor prognosis in colorectal cancer (29). In the present study, KC patients displayed significantly decreased SORT1 expression. Patients with low KL expression had a worse OS. These results indicate that SORT1 may play different roles in different cancers.

Previous studies have demonstrated that KL and SORT1 are correlated with immunity and ferroptosis. For example, Lai et al. found that a KL deficiency significantly increased the proportion of cluster of differentiation (CD)68+/CD11b+ cells (the source of mononuclear macrophage M1 cells) in peripheral blood (30). Mytych et al. found that KL decreased ROS/reactive nitrogen species (RNS) and pro-inflammatory cytokine levels in lipopolysaccharide (LPS)-treated monocytes and upregulated anti-inflammatory interleukin (IL)-10 secretion (31). Sato et al. indicated that acquired immune responses were hardly induced in KL knockout mice (32). Murine and human macrophages and dendritic cells, which are crucial in innate immunity but not adaptive immunity, profoundly express SORT1 (33). Mortensen et al. found that SORT1 is a high-affinity receptor for pro-inflammatory cytokines IL-6 and interferon-gamma (IFN-γ) (34). The present study found that KL expression was significantly correlated with several immune cells, reinforcing the relationship between KL, SORT1, and immunity.

Using the same methods and parameters, we found that KL and SORT1 could be prognostic biomarkers for KC. However, Human Pathology Atlas data indicated that KL is a prognostic biomarker for KC, while SORT1 has low specificity. Future studies should verify whether SORT1 could be used as a KC biomarker. Although our prognostic model based on KL and SORT1 can better predict the prognosis of KC, its clinical use requires further study.



Conclusion

Comprehensive analyses indicated that two FI-DEGs (KL and SORT1) were independently correlated with the OS of KC patients. Prognostic models using these two FI-DEGs could accurately predict KC patient outcomes and immune landscapes. Although we constructed and validated the risk model with two independent samples, further research is needed to determine whether it could be used clinically and how these molecules are involved in KC mechanisms.
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Author Year Country  Study Case Age Cancer Stage Treatment Cut-off Determine the cut- COX

Design Number (Years) type (g/L) off value

Zhang (14) 2021 China RTP, SC 127 66 (29-87) BC Non- Surgery 0.165  ROC curve MV
R metastatic

Kuroda (15) 2021 Japan RTP, SC 102 71 (49-83) BC Non- Surgery 0.17 ROC curve MV
R metastatic

Ueda (138) 2020 Japan RTP, SC 131 67 (21-91) RCC All Targeted therapy 1 Median MV
R

Zhang (16) 2019 China RTP, SC 209 67 (29-87) BC Non- Surgery 0.2 X-tile MV
R metastatic

Uchimoto 2019 Japan RTP, MI 221 735+76 PC All Androgen-signaling inhibitors 0.5 ROC curve MV

(17) or docetaxel

Tsujino (19) 2019 Japan RTP, MI 699 619 + RCC All Surgery 0.073  ROC curve MV

1.7

Konishi (20) 2019 Japan RTP, MI 176 67 (69-74) RCC Metastatic  Targeted therapy 0.05 ROC curve MV

Gao (21) 2019 China RTP, SC 108 57 (23-78) RCC All Surgery 0.094  ROC curve MV
R

Barua (22) 2019 India RTP, SC 31 62 +3.14 RCC Metastatic ~ Surgery 0.1 ROC curve MV

Agizamhan 2018 China RTP, MI 82 37 (2-71)R RCC All Surgery 0.083  ROC curve MV

(23)

Guo (24) 2017 China RTP, SC 570 5143+ RCC Al Surgery 0.08 ROC curve MV

13.562

Yamashita 2016 Japan RTP, SC 79 72 (52-86) PC Al Chemotherapy 0.07 NR MV

(25) R

Chen (26) 2015 China RTP, SC 406 58 (24-80) RCC All Surgery 0.06 ROC curve MV
R

RTP, retrospective; SC, single center; MI, multi-institutional; BC, bladder cancer; RCC, renal cell carcinoma; PC, prostate cancer; ROC, receiver-operating characteristic; MV, multivariate;
NR, not reported; R, range.
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tion, month

Zhang (14) 2021 NR PFS Smoking, tumor size, T stage, N stage, AGR, NLR, PLR, albumin, hemoglobin

Kuroda (15) 2021 389 (6.1-162.2) R PFS Pathological T stage, tumor grade, lymph node metastasis, lymphovascular invasion, preoperative eGFR,
postoperative CAR, preoperative PLR

Ueda (13) 2020 NR OS, PFS  Performance status, prior nephrectomy, IMDC risk classification, albumin, CRP, NLR, NLR/albumin ratio

Zhang (16) 2019 NR 0s Systemic immune inflammation index, T stage, N stage, M stage, tumor size, tumor margin, vessel
invasion, NLR, PLR

Uchimoto (17) 2019 14 0os ADT duration, visceral mets at first-line treatment, bone mets at first-line treatment, ECOG-PS at first-line
treatment

Tsujino (19) 2019 73 0S, PFS  ECOG-PS, T classification, metastasis at diagnosis, UISS, BMI, tumor size, nuclear grade, NLR

Konishi (20) 2019 NR 0s Age, ECOG PS, sex, IMDC model

Gao (21) 2019 54.5(7.3-742)R OS Subtype, fuhrman grade, T stage, N stage, M stage, platelet level

Barua (22) 2019 16.5+1.5 0S, PFS  Age, T stage, fuhrman nuclear grade, tumor necrosis, lymph node status, microscopic invasion, PLR,
LMR, systemic immune inflammation index, scan to surgery time

Agizamhan (23) 2018 31 (2-108) R OS, PFS  Age, fuhrman grade, pT status, pN status, tumor thrombus, NLR, PLR

Guo (24) 2017 NR 0OS, PFS  Age, BMI, pathological type, fuhrman grade, pT status, pN status, pM status, serum globulin, NLR, PLR

Yamashita (25) 2016 15.1 (1.8-53.4)R OS Age, ECOG PS, significant pain, combination therapy, PSA at docetaxel initiation, androgen deprivation
therapy administration period, hemoglobin, NLR, ALP, LDH

Chen (26) 2015 63 (1-151)R 0s Age, TNM stage, tumor necrosis, lymphovascular invasion, hemoglobin, Ca, GPS, mGPS

PFS, progression-free survival; OS, overall survival; AGR, albumin/globulin ratio; NLR, neutrophil to lymphocyte ratio; PLR, platelet to lymphocyte ratio; eGFR, estimated glomerular
filtration rate; CAR, C-reactive protein to albumin ratio; IMDC, International Metastatic Renal Cell Carcinoma Database Consortium; CRP, C-reactive protein; ADT, androgen
deprivation therapy; UISS, UCLA integrated staging system; BMI, body mass index; ALP, alkaline phosphatase; LDH, lactate dehydrogenase; GPS, the Glasgow Prognostic Score;
NR, not reported; R, range.
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Variables TCGA ICGC
(N =537) (N=91)

Age (mean = SD) 60.59 + 12.14 60.47 + 9.97
Follow-up (years) 3.12+223 414 +1.73
Status

Alive 367 (68.34) 61 (67.03)

Dead 170 (31.66) 30 (32.97)
Gender

Male 346 (64.43) 52 (57.14)

Female 191 (35.57) 39 (42.86)
AJCC-T

T 275 (51.21) 54 (59.34)

T2 69 (12.85) 13 (14.28)

T3 182 (33.89) 22 (24.18)

T4 11 (2.05) 2 (2.20)
AJCC-N

NO 240 (44.69) 79 (86.81)

N1 17 (3.17) 2 (2.20)
Unknow 280 (52.14) 10 (10.99)
AJCC-M

MO 426 (79.33) 81 (89.01)

M1 79 (14.71) 9(9.89)

Unknow 32 (5.96) 1(1.10)
Pathological stage

| 269 (50.09) -

Il 57 (10.61) =

n 125 (23.28) =

v 83 (15.46) -

Unknow 3(0.56) -
Grade

Gi 14 (2.61) -

G2 230 (42.83) =

G3 207 (38.54) =

G4 78 (14.53) =

Unknow 8(1.49) -
TMB levels

Low 109 (20.30) E

High 101 (18.81) =

Unknown 327 (60.89)

Data are shown as n (%).

TCGA, The Cancer Genome Atlas; ICGC, International Cancer Genome Consortium;
AJCC, American Joint Committee on Cancer.
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Variables RCC patients (N = 24)

Tumor size, cm 6.61+271
Histologic subtypes

ccRCC 18 (75)

pRCC 2(8.3)

chRCC 4(16.7)
WHO/ISUP nuclear grade

(=) 11 (45.8)

l-v 9(37.5)

Unknown 4(16.7)
T stage

T1-T2 6 (25)

T3-T4 18 (75)
N stage

NO 19 (79.2)

N1 5(20.8)
M stage

MO 20 (83.3)

M1 4(16.7)

ccRCC, clear cell renal cell carcinoma; pRCC, papillary renal cell carcinoma; chRCC,
chromophobe renal cell carcinoma.
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Variables Total (N = 49) RCC (N = 24) Control (N = 25) P
Age, years 52.84 + 12.05 53.82 + 11.92 51.88 + 12.34 0.567
Gender

Men 25 (51) 14 (68.3) 1(44) 0.396
Women 24 (49) 10 (41.7) 14 (56)

BMI, kg/m? 24.69 + 3.32 2472 +291 24.66 +3.73 0.943
Complications

Hypertension 17 (34.7) 10 (41.7) 7(28) 0.377
Diabetes mellitus 8(16.3) 3(12.5) 5(20) 0.702
Cardiovascular disease 5(10.2) 3(12.5) 2(8) 0.667
Laboratory indices

WBC, x10%L 6.58 + 1.97 6.46 +2.28 6.70 £ 1.65 0.681
HGB, g/L 188.76 £ 19.17 140.67 + 24.25 136.92 + 12.82 0.506
PLT, x10%L 24416 £ 77.16 248.08 + 93.03 240.40 + 59.85 0.731
MPV, fl 1058 + 1.2 10.33 + 1.36 10.72 £ 1.01 0.259
PDW, fl 12.583 +2.75 12.09 + 3.156 12.95 +2.29 0.281

BMI, body mass index; WBC, white blood cell: HGB, hemoglobin; PLT, platelet count; MPV, mean platelet volume; PDW, platelet distribution width.
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APOBEC vs. Other

Patient Group (N) Comparison Median Survival (months)
APOBEC (16) vs Other (56) OS from initial diagnosis 125.3 vs 44.5
From IO Start
APOBEC (8) vs 0s 12.4vs 14.1
Other (25) PFS 4.1vs3.3
From Chemotherapy Start
APOBEC (5) vs os 7.0vs 131
Other (15) PFS 43vs7.0

p-value
0.05

0.27
0.25

0.05
0.01

HM, hypermutated; NHM, non-hypermutated; OS, overall survival; PFS, progression-free survival; 10, immunotherapy.
Bold: statistically significant.
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Study Year, Study Patients Age Resource, Treatment Endpoint Followup NOS
country type method outcome  (month) score
Antonarakis 2015 Pros 37 CTC+ 67 CTCs (mAdna), Taxane OS, PFS, 7.7 (0.7- 10
etal. (14) us (46-82)° qRT-PCR PSA-PFS  19.0°
Antonarakis 2017 Pros 53 CTC—, 113 70 CTCs (mAdna), Abi/Enz OS, PFS, CTC-:15.0 9
etal. (15) us CTC+/AR-VT7-, 36 4l gRT-PCR PSA-PFS  CTC+/
CTC+/AR-V7+ 70? ARV7-:
21.7
CTC+/
ARV7+:
14.6%
Antonarakis 2014 Pros Enz:31, Enz:70 (56-84), Abi:69 (48-79)° CTCs (mAdna), Abi/Enz oS, r Enz: 5.4 9
etal. (16) us Abi: 31 gRT-PCR PFS, (1.4-9.9)
PSA-PFS  Abi: 4.6
0.9-8.2°
Armstrong 2019 Pros, 118 73 (45-92)° CTCs Abi/Enz OS,PFS  19.6% 10
etal. (17) us blinded, (Adna, CellSearch),
multi- qRT-PCR
center
Armstrong 2020 Pros, ARSI:118 72 (48-82) CTCs (Adna, ARSI, OS, PFS  ARSI:35 9
etal. (18) us blinded Taxane: 51 72 (45-87)° CellSearch), gRT-  Taxane Tax:23*
PCR
Belderbos 2019 Pros 94 69 (65-75)° CTCs (CellSearch), Cabazitaxel OS NA 9
etal. (19) Netherlands qRT-PCR) ARSI
Cattrini 2019 Pros 39 72 CTCs (Adna), gRT- ARSI, os NA 8
etal. (20) Italy (56-84)° PCR Taxane
Chung et al. 2019 Pros 37 72 CTCs Abi/Enz OS, rPFS, 11.4 (4.7- 7
(1) us (67-79F° (Dynabeads), gRT- PSA-PFS  21.3°
PCR
De Laere 2019 Pros 168 76+7.7° CTCs (CeliSearch), Abi/Enz OS,PFS 124 (7- 10
etal. (22) Belgium  multi- RNA-seq 17.3°
center
Del Re et al. 2017 Pros 36 66 Plasma exosomes ARSI OS,PFS 9 (2.0 8
23) Italy (51-81)° (exoRNeasy), 31.0°
ddPCR
Del Re et al. 2021 Retros 84 78 (47-91)° Plasma exosomes ARSI OS,PFS  NA 9
©) Italy (exoRNeasy),
ddPCR
Del Re et al. 2019 Retros 73 NA Plasma exosomes ~ Abi/Enz OS,PFS  NA 7
(10) Italy (exoRNeasy),
ddPCR
Erb et al. 2020 Pros 26 743+ 9% CTCs (OncoQuick), ARSI, PFS NA 6
(24) Germany IHC Taxane
Graf et al. 2020 Pros, 193 69 (62.5-75)° CTCs (RBC lysis), ARSI, os 28.4 (24.4- 9
(25) us cross- IF Taxane 33.0°
sectional
Gupta et al. 2019 Pros ARSI:120 ARSI:73 (45-92) CTCs (Adna, Abi/Enz, PFS NA 9
(26) us Radium:20 Radium:72 (54-86)° CellSearch), gRT-  Radium
PCR and Epic
assay
Joncas 2019 Pros 35 75 (67,79° EVs (UG, ARSI, OS,PFS 27 (1633° 8
etal. (27) Canada miRNeasy), ddPCR Taxane
Kwan et al. 2019 Pros 116 72 (46-91)° WB, gRT-PCR ARSI, os 16.5 (1.4- 10
(28) Australia Taxane 29°
Lorenzo 2021 Pros, 53 (45 data only) 72.1 (54-86)° CTCs, (Flow Enz OS, rPFS 27 10
etal. (29) Italy multi- cytometry)
center
Maillet et al. 2019 Pros l 782 CTCs (AdnaTest), ARSI OS, rPFS, 31 ARSI 8
(30) France gRT-PCR PSA-PFS  treated
patients:
10.5%
Marin et al. 2020 Pros 136 ARSI:70.2 PBMC and CTCs  Abi/Enz, OS, rPFS, ARSIi:14.9 10
(31) Spain (63.3-93.3) (IsoFlux) gRT-PCR  Taxane PSA-PFS  (1.5-57.9)
Tax:13.8
Tax: 62.8 (1.37-
(82.8-79.4)° 82.27)°
Markowski 2021 Multicohort Post-Abi: 29, Post-Abi: CTCs (Adna), gRT- BAT, ARSI rPFS NA 7
et al. (32) us phase Il Post-Enz: 30 71 (49-85) PCR
Post-Enz:
74 (50-89)°
Miyamoto 2018 Pros 27 67¢ CTCs (CTC-iChip), ~ Abi OS, rPFS  13.0% 8
et al. (33) us ddPCR
Okegawa 2018 Retros 49 CTC-, 23 69 CTCs (on-chip FC), Abi/Enz 0OS, rPFS, 20.7 (3.0 9
etal. (34) Japan CTC+ARV7-, 71 PCR PSA-PFS  37.0)°
26 CTC+/AR-V7+ 724
Onstenk 2015 Pros, 29 70+ 7° CTCs (CellSearch), Cabazitaxel OS, PFS 7 (2-27)° 7
et al. (35) Netherlands multi- gRT-PCR
center,
phase Il
Qu et al. (36) 2017 Retros Abi: 81, Enz: 51 Abi: 68.3 (62-74) PBMC(Ficol), Abi/Enz OS,PFS 297 (3.6- 10
us Enz:69.0 (63-74)° ddPCR TR 47.5)
239 (0.9~
48.3°
Scher et al. 2018 Pros, 142 69.5 + 9.6° CTCs (RBC lysis), ARSI, os 4.3 years 8
37 us Cross- IF Taxane
sectional
Scher et al. 2017 Pros, 161 68 (45-91)° CTCs (RBC lysis), ARSI, os 1(1-307* 9
(39) us Cross- IF Taxane
sectional
Scher et al. 2016 Pros, 161 68 (45-91)° CTCs, IF ARSI, OS,PFS 36 10
(39) us Cross- Taxane
sectional
Seitz et al. 2017 Pros 85 71 (66-74)° WB, ddPCR Abi/Enz OS, rPFS, 7.6 (4.7- 8
(40) Germany PSA-PFS  12.7)°
Sepe et al. 2019 Pros Abi:26, Enz: 11 75 (68-80)° CTCs (Adna), qRT-  Abi/Enz OS, rPFS, 25 9
1) Italy PCR PSA-PFS
Sharpetal. 2019 Pros 181 CTC-:71.0 (66.8-75.6), CTC CTCs (Adna, ARSI, 0os 19 (11-31° 10
©) UK +/AR-V7-: 69.6 (64.9-72.3), CTC  CellSearch), gRT-  Taxane
+/AR-V7-: 70.4 (65.3-74.6)° PCR
Skereniova 2018 Retros 4 71 (54-82° CTCs (Adna), gRT- Docetaxel ~ OS 23.5°% 7
etal. (42) Czech PCR
Republic
Stuopelyte 2020 Pros 102 75.4 (11.4)° WB, gRT-PCR Abi PFS, 08  30.5% 9
etal. (6) Lithuania
Tagawa 2019 Pros 54 71 (53-84)° CTCs, ddPCR Taxane PFS NA 7
et al. (43) us
Todenhofer 2016, Pros 37 70 (53-87)° WB, gRT-PCR Abi 0os NA 8
etal. (7) Canada PSA-PFS
Tommasi 2018 Pros 44 71.5 (65-87)° CTCs (Adna), gRT- ARS;, PFS 20.5% 7
et al. (44) Italy PCR Taxane
Wang et al. 2018 Pros 36 56.2 + 8.6° CTCs (immuno- AbI/Enz PFS NA 6
(45) China beads), qRT-PCR

Studies are labeled as last name of first author, et al. and presented in alphabetical order; Patient number and age are all patients included in study; Pros, prospective; Retros, retrospective.
amediian, *median (range), “median IQR, 9mean, °mean + STD. WB, whole blood; CTC, circulating tumor cells; RBC, red blood cell lysis; PBMC, peripheral blood mononuclear cell; Ficoll,
density gradient medium; Adna, AdnaTest ProstateCancerPanel AR-V7; mAdna, modified Adna; IF, immunofiuorescent staining; gRT-PCR, quantitative real time-polymerase chain
reaction; ddPCR, droplet digital PCR; UC, ultracentrifuge; FC, flow cytometry; ARSI, androgen receptor signaling inhibitor; Abi, abiraterone; Enz, Enzalutamide; BAT, bipolar androgen
therapy; NA, not available; some studies include healthy control for threshold setting or discovery cohort (the data is lack and not included in table).
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AR-V7+ AR-VT - Hazard Ratio Hazar
Study or Subgroup log[Hazard Ratio] SE Total Total Weight IV, Random, 95% CI IV, Random, 95% CI
1.1.1 ARSI
Antanarakis 2017 1.6715 0.3371 36 113 3.3% 5.32[2.75,10.30] —
Armstrong 2019 1.361 0.2911 28 88 34% 3.90[2.20, 6.90] -
Armstrang 2020 1.0296 0.2421 28 88 3.6% 2.80[1.74, 4.50] =
Chung 2019 3.3032 11419 5 15 1.1% 27.20[2.90, 255.00]
De Laere 2019 0.8154 0.3064 34 97 3.4% 2.26[1.24,412] a
Del Re 2017 2.3663 05328 14 22 25% 10.66 [3.75, 30.28] —_—=
Del Re 2019 0.7608 0.972 16 57 1.3% 2.141[0.32,14.38]
Del Re 2021 1.5037 04121 30 54 3.0% 4.50[2.01,10.09] —
Maillet 2019 1.2355 0.9907 18 16 1.3% 3.44 [0.49, 23.98] ]
Marin-Aguilera 2020 -0.2485 0.3336 41 14 3.3% 0.78 [0.41,1.50] B
Okegawa 2018 1.5681 0.0789 23 26 4.0% 4.80 [4.11, 5.60] -
Scher 2016 2.438 03737 16 112 31% 11.45[5.50, 23.82] I
Scher 2017 2.3408 0.8164 90 101 1.7% 10.39[2.10, 51.47]
Seitz 2017 1.0886 0.3861 15 B9 31% 2.97 [1.39,6.33] —
Sepe 2019 3.2573 0.7211 9 28 1.9% 25.98 [6.32, 106.76]
Subtotal (95% CI) 400 900 39.9% 4.34[3.00, 6.28] 2 2
Heterogeneity: Tau®=0.31; Chi*= 57.42, df= 14 (P < 0.00001); F=76%
Test for overall effect Z=7.79 (P = 0.00001)
11.2Enz
Antonarakis 2014 1.9315 0.7165 12 19 1.9% 6.90 [1.69, 28.10]
Del Re 2019 1.7596 0.6987 16 57 2.0% 5.81[1.48, 22.85]
Larenzo 2021 0.8109 0.3626 22 23 32% 2.25[1.11, 4.58] %
Qu 2017 07324 04714 27 54 27% 2.08[0.83,5.24] T
Subtotal (95% CI) 77 153  9.8% 2.93[1.71,5.01] L 2
Heterogeneity: Tau®=0.04; Chi*= 3.43, df= 3 {P=0.33); F=13%
Test for overall effect: Z= 3.92 (P < 0.0001)
1.1.3 Abi
Antanarakis 2014 25416 1.1679 B 25 1.0% 12.70[1.29,125.29]
Del Re 2019 4.8147 1.0986 16 57 1.1% 123.31[14.32,1062.01] e —
Mivamoto 2018 3.3604 1.2327 2 20 1.0% 28.80[2.57, 322.61]
Qu 2017 0.5481 0.3739 27 54 31% 1.73[0.83, 3.60] S
Stuopelyte 2020 047 0.3034 42 28 34% 1.60[0.88, 2.90] e
Todenhofer 2016 1.9169 06781 4 33 2.0% 6.80 [1.80, 25.69] —
Subtotal (95% CI) 97 217 11.7% 6.59 [2.18, 19.94] e
Heterogeneity: Tau®=1.29; Chi*= 23.75, df= 5 (P = 0.0002); F=79%
Test for overall effect: Z=3.34 (P = 0.0008)
1.1.4 Chemo
Antonarakis 2015 09163 0.5998 17 20 2.3% 250[0.77,8.10] T
Armstrong 2020 0.47 0.3375 28 88 3.2% 1.60[0.83, 3.10] e
Belderbos 2019 0.2852 0.245 34 60 3.6% 1.33[0.82,2.15]  E
Marin-Aguilera 2020 -0.6162 0.2606 38 54 3.5% 0.54 [0.32, 0.90] -
Onstenk 2015 0.47 05161 16 13 26% 1.60 [0.58, 4.40] T
Scher 2016 1.3191 0.3342 18 45  3.3% 3.74[1.94,7.20] —
Scher 2017 1141 04121 90 101 3.0% 3.13[1.40,7.02) ——
Skerefiova 2018 0.5844 0.4995 8 18  26% 1.79[0.67, 4.78] T
Subtotal (95% CI) 249 399 24.1% 1.70 [1.03, 2.81] &>
Heterogeneity: Tau®= 0.37; Chi*= 27.14, df= 7 (P = 0.0003); F=74%
Test for overall effect: Z= 2.06 (P = 0.04)
1.1.5 Miscellenous
Cattrini 2019 3.0111  0.663 7 32 21% 20.31 [5.54, 74.48] ne—
Graf 2020 1.6487 0.3537 56 198 3.2% 5.20 [2.60, 10.40] —_—
Joncas 2019 0.2311 05817 12 14 2.3% 1.26 [0.40, 3.94] T
Kwan 2019 0.8329 0.3192 25 90 3.3% 2.30[1.23, 4.30) =
Sharp 2019 09632 0.2247 53 53 3.6% 2.62[1.69, 4.07) -
Subtotal (95% CI) 153 387 14.6% 3.47 [1.85, 6.49] -
Heterogeneity: Tau*= 0.34; Chi*=14.00, df= 4 (P=0.007); F=71%
Test for overall effect: Z= 3.89 (P = 0.0001)
Total (95% CI) 976 2056 100.0% 3.36 [2.56,4.41] ¢
Heterogeneity: Tau®= 0.47; Chi®*= 189.38, df= 37 (P < 0.00001); F= 80% e e
Test for overall effect Z=8.79 (P = 0.00001) g.001 DA;R—W +1 AR—V71—D 1000

Test for subdroup differences: Chifr=1052 df=4 (P=0.03) F=62.0%
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AR-Vi+ AR-VT - Hazard Ratio Hazard Ratio
Study or Subgroup log[Hazard Ratio] NE Total Total Weight IV, Random, 95% CI IV, Random, 95% CI
2.1.1 ARSI
Antanarakis 2017 0.6575 0.2596 36 113 31% 1.93[1.16,3.21] —
Armstrang 2019 0.8755 0.2209 28 88 3.2% 2.40[1.56, 3.70] -
Armstrong 2020 0.8329 0.2142 28 88 3.2% 2.30[1.51, 3.50] ==
Chung 2019 1.6233 0.6549 5 15  21% 5.07 [1.40,18.30]
De Laere 2019 06881 0.2413 34 97 3.2% 1.99(1.24,3.19] -
Del Re 2017 1.5475 05739 14 22 2.3% 4.70[1.53,14.47] —
Del Re 2019 1.9021 0.7029 16 57 2.0% 6.70 [1.69, 26.57]
Del Re 2021 1.5976 0.3239 30 54 3.0% 4.94 [2.62,9.32) -
Erb 2020 06627 0.7767 7 6 1.8% 1.94 [0.42, 8.89)
Gupta 2019 11632 04277 7 33 27% 3.20[1.38, 7.40] =
Maillet 2019 1.9879 0.7697 18 16 1.8% 7.30[1.61, 33.00]
Marin-Aguilera 2020 -0.3147 03322 41 14 3.0% 0.73[0.38,1.40] -
Markowski 2021 06206 0.4869 9 31 2.5% 1.86[0.72, 4.83] T=
Okegawa 2018 1.7228 0.4323 23 26 2.7% 5.60[2.40,13.07] —
Scher 2016 1.3083 0.4811 16 112 26% 3.70[1.44,9.50] I
Seitz 2017 0.8459 0.3751 14 68 2.9% 233112, 4.86) ==
Sepe 2019 25882 06033 7 28 22% 13.44[412,43.84] ——
Subtotal (95% CI) 330 868 44.4% 2.89[2.15,3.87] L
Heterogeneity: Tau®= 0.19; Chi*= 39.24, df= 16 (P = 0.001); F= 59%
Test for overall effect: Z=7.10 (P < 0.00001)
21.2Enz
Antonarakis 2014 21341 05635 12 19 2.3% 8.45[2.80, 25.50] —
Del Re 2019 1.3455 0.4954 16 57 2.5% 3.84[1.4510.14] —
Larenzo 2021 1.6194 0.3802 22 23 28% 5.05[2.40,10.64] I
Qu 2017 0.7031 0.3537 17 34 29% 2.02[1.01,4.04] =
VWang 2018 2.4899 0.8995 7 22 1.6% 12.06 [2.07, 70.31]
Subtotal (95% CI) 74 155 12.2% 4.38[2.44,7.84] &

Heterogeneity: Tau®=0.19; Chi*=7.38, df= 4 (P=0.12), F= 46%

Test for overall effect: 2= 4.96 (P = 0.00001)

2.1.3 Abi

Antonarakis 2014 2.8058 0.8224 B 258 1.7%
Del Re 2019 5.826 0.9935 16 57 1.4%
Mivamoto 2018 2.3418 0.9303 2 20 1.5%
Qu 2017 027 0.2916 17 34 31%
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Age
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Tumor (T)
T1
T2
T3
T4
X

Nodes (N)
No
N1
N2
NX

Metastasis (M)
Mo
M1
MX

Stage

I
I
v

Training group
(n=91)

No. %
61 67.03%
30 32.97%
39 42.86%
52 57.14%
46 50.55%
45 49.45%
54 59.34%
13 14.29%
2 24.18%
2 2.20%
0 0.00%
79 86.81%
2 2.20%
0 0.00%
10 10.99%
81 89.01%
9 9.89%
1 1.10%
53 58.24%
13 14.29%
15 16.48%
10 10.99%
0 0.00%

Validation group

(n = 818)

No. %
217 26.53%
601 73.47%
262 32.03%
556 67.97%
400 48.90%
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464 56.72%
101 12.35%
238 29.10%

13 1.59%
2 0.24%
288 35.21%
40 4.89%
4 0.49%
486 59.41%
515 62.96%
87 10.64%
216 26.41%
437 53.42%
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174 21.27%
129 15.77%
0 0.00%
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Mean (+ SD) or counts (percentage of total)

Entire cohort Low NLR High NLR P-value Low SlI High SII P-value

Number 291 141 150 129 162
Age (years) 66.13 + 6.05 64.79 + 5.95 67.4 £ 5.92 0.68 6524 + 6.11 66.90 + 5.95 0.72
BMI (kg/m?) 2435 + 4.14 2511+ 4.74 23.63 + 3.38 0.08 24.78 + 4.96 23.98 + 3.29 0.77
tPSA (ng/ml) 26.15 + 33.77 19.42 +21.14 32.74 + 41.88 0.04 18.66 + 18.49 32.89 + 42.23 0.004
TPV (ml) 36.62 + 23.15 35.31 + 24.66 37.73 £ 21.96 0.62 35.84 + 24.83 37.25 + 21.90 o7
GS (%) 291 141 150 0.02 141 150 0.04

<6 39 (13.4) 21 (14.89) 18 (12.0) 24 (18.6) 15 (9.3)

=7 129 (44.33) 72 (51.1) 57 (38.0) 57 (44.2) 72 (44.4)

>8 123 (42.27) 48 (34.0) 75 (50) 48 (37.2) 75 (46.9)
pT stage (%) 291 141 150 0.006 129 162 0.007

pT1 12(4.12) 9(6.4) 3 4(3.1) 8 (4.9

pT2 117 (40.21) 66 (46.8) 51 (34) 65 (50.4) 52 (32.1)

pT3 162 (55.67) 66 (46.8) 96 (64) 60 (46.5) 102 (63)

BMI, body mass index; TPV, total prostate volume; GS, Gleason score; pT, pathological stage; NLR, neutrophil-lymphocyte ratio; S, systemic immune-inflammation index.
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Biomarker Population
Circulating tumor 170 mCRPC patients with >
cells 5 CTGCs in 7.5 mL of blood
(CTCs)

191 mCRPC patients

29 mPCa patients and 25
non-metastatic PCa

Tumor derived 84 mCRPC patients

extracellular

vesicles (tdEVs) 89 patients with different
stages of PCa; 35 CRPC
patients

Circulating nucleic 122 mCSPC patients, 112

acids localized PCa and 34 healthy
subjects

67 MCRPC patients

53 mCRPC patients
202 mCRPC patients

125 mCRPC patients

25 mCRPC patient
Secretome (Plasma 44 mCRPC patients
proteins)

233 mCSPC patients

44 mCRPC patients

215 PCa patients

93 localized PCa and 13
mPCa patients

7 mCRPC patients

Tumor educated 50 mCRPC patients
platelets (TEPs)

Treatment

Androgen
signaling
inhibitors (ARSI)
128 pre-ARSI
and 63 pre-
taxane

ARS] or Taxane
therapy

ADT

ARSI

Prednisone or
Enzalutamide
ARSI

ADT
monotherapy
ADT +
Docetaxel
ARSI

Abiraterone and
docetaxel

Outcome

Patients with high CTC heterogeneity (phenotypic) showed shorter OS and progression-
free survival (PFS). CTC heterogeneity was subjective to change with ARSI treatment.

mCRPC patients with AR-V7 CTCs showed shorted OS, PFS and resistance to
posttherapy PSA changes before ARSI compared to those without AR-V7 CTCs.

Glucose metabolic (GM)-positive CTCs improved marker panel compared to EMT-CTC
phenotypes.
Unfavorable patient groups (>5 CTCs and >105 tdEVs) associated with poor OS.

Exosomal AR-V7 mRNA associated with lower hormone levels and poorer prognosis in
CRPC.

Increased cfDNA plasma concentrations in mCSPC compared to localized PCa and
healthy subjects.

AR gain and AR-V+ expression correlated with poor prognosis, was associated with
shorter OS and PFS in both ARSI-treated and chemotherapy-treated cohorts.

High ctDNA predictive of ADT failure

BRCA2 and ATM defects in ctDNA associated with poor clinical outcome. Somatic
changes in TP53 were associated with resistance.

High ctDNA associated with presence of bone metastasis, increased levels of PSA and
lactate dehydrogenase.

Higher baseline levels of IL-6 in treatment-resistant patients compared to treatment-
sensitive patients.

Higher IL-8 levels in docetaxel-treated patients compared to ADT monotherapy. Higher IL-
8 levels prognostic for poor OS, shorter time to CRPC, independent of docetaxel use and
metastatic burden.

Higher baseline levels of IL-10 in ARSI-resistant patients compared to ARSI-sensitive
patients.

Higher MMP-2 expression in CTCs and DTCs of patients with bone metastasis.
MMP-7 serum concentration higher in bone metastatic patients compared to localized
PCa.

Treatment-responsive patients showed lower MMP-2 and MMP-7 levels compared to
patients with metastasis (bone and lymph node).

KLK3, FOLH1, NPY transcripts in TEPs indicated poor OS and accurately predicted
outcome after abiraterone therapy.

(22)

(23)
(24,

25)
(26)

(32)

(34)
(35)

(36)

(37)

mCRPC, metastatic castration resistant prostate cancer; ARSI, androgen signaling inhibitors; AR-V7, Androgen receptor variant 7; CTCs, circulating tumor cells; OS, overall survival; PFS,
progression free survival; GM, Glucose metabolic; PSA, prostate specific antigen; EMT, epithelial to mesenchymal transition; CfDNA, cell free DNA; mCSPC, metastatic castration sensitive
prostate cancer; CtDNA, circulating tumor DNA; ADT, androgen deprivation therapy; tdEV's, tumor derived extracellular vesicles; TEPs, tumor educated platelets; KLK3, Kallikrein Related
Peptidase 3; FOLH1, Folate Hydrolase 1; NYP, neuropeptide-Y: IL, interleukins; DTCs, disseminated tumor cells; MMP, matrix metalloprotease.
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oS
NLR < 2.20
NLR > 2.20
PLR <175
PLR>175
MLR < 0.20
MLR >0.20

PFS
NLR < 2.20
NLR > 2.20
PLR< 175
PLR>175
MLR < 0.20
MLR >0.20

DFS
NLR < 2.20
NLR > 2.20
PLR< 175
PLR > 175
MLR < 0.20
MLR >0.20

Ua

HR (95% CI)

2,62 (1.38-4.99)
2.50 (1.36-4.58)
3.06 (2.32-4.06)
214 (1.10-4.15)
1.96 (1.40-2.73)
0.23 (0.00-22.06)

236 (1.11-5.08)
1.40 (0.79-2.47)

2.20 (0.57-8.52)
2.70 (1.68-4.34)
1.78 (0.85-3.72)
2,03 (1.09-3.77)
1.22 (0.62-2.39)
0.10 (0.04-0.25)

P =0.003
P =0.003
P <0.001
P=0.025
P <0.001
P=0528

P=0.026
P =0.247

P=0254
P <0.001
P=0.129
P=0025
P=0.562
P <0.001

Ma

HR (95% CI)

2.31 (1.44-3.70)
1.60 (1.09-2.36)
1.78 (0.72-4.41)
1.83 (1.30-2.57)
2.30 (0.51-10.36)
0.37 (0.02-8.45)

0.99 (0.40-2.45)
2.79 (1.72-4.59)

2.71(1.26-5.82)
1.69 (0.89-3.23)

P <0.001
P =0.016
P=0.214
P =0.001
P=0.278
P =0.532

P =0.983
P <0.001

P=0.011
P =0.110

95% CI, 95% confidence intervals; HR, hazard ratios; OS, overall survival; PFS, progression-free survival; DFS, disease-free survival: Ua, univariate analysis; Ma, multivariate analysis.
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Ua

HR Lci Hci P
MLR < 0.2 1.22 0.62 2.39 P =0.562
MLR > 0.2 0.10 0.04 0.25 P <0.001
Asian 0.10 0.04 0.25 P <0.001
Non-Asian 122 0.62 2.39 P =0.562
Sample < 300 0.10 0.04 0.25 P <0.001
Sample > 300 1.22 0.62 2.39 P =0.562
S 0.10 0.04 0.25 P <0.001
S+C & = > =
S+R = = = -
S+C+R 1.22 0.62 2.39 P =0.562
Total 0.36 0.03 4.13 P =0.409
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MLR < 0.20
MLR > 0.2
Asian
Non-Asian
Sample < 300
Sample > 300
S

S+C

S+R

S+C+R

Total

Ua Ma

HR Lci Hci P HR Lei Hei P

1.96 1.40 2.73 P <0.001 2.30 0.51 10.36 P=0.278
0.23 0.00 22,06 P=0528 0.37 0.02 8.45 P =0.532
0.23 0.00 22.06 P=0.528 0.37 0.02 8.45 P =0.532
1.96 1.40 2.73 P <0.001 2.30 0.51 10.36 P=0.278
0.33 0.00 73.90 P =0.688 0.63 0.01 48.82 P =0.837
1.99 157 2.52 P <0.001 1.47 1.06 2.04 P =0.022
0.23 0.00 22.06 P=0528 0.37 0.02 8.45 P =0.532
1.96 1.40 2.73 P <0.001 2.30 0.51 10.36 P=0.278
1.44 0.70 2,95 P=0325 1.01 0.39 2,60 P =0.987
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Ua

HR Lci Hci P

PLR <175 1.78 0.85 3.72 P=0.129
PLR > 175 2.03 1.09 3.77 P=0.025
Asian 213 1.47 3.08 P <0.001
Non-Asian 117 0.55 2.50 P =0.685
Sample < 300 2.67 1.64 4.37 P <0.001
Sample > 300 1.44 0.92 224 P=0.112
S 3.08 1.30 731 P=0.011
S+C 1.60 0.92 277 P =0.095
S+R - - = e

S+C+R 1.78 0.85 3.72 P=0.129
Total 1.91 1.30 281 P =0.001
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Ua Ma

HR Lei Hei P HR Lei Hei P
PLR< 175 3.06 232 4.05 P <0.001 178 0.72 4.41 P=0.214
PLR > 175 2.14 1.10 4.15 P=0.025 1.83 1.30 257 P =0.001
Asian 2.32 1.44 3.75 P=0.001 1.47 0.65 3.33 P =0.353
Non-Asian 278 201 3.84 P <0.001 201 1.42 2.84 P <0.001
Sample < 300 2.05 1.01 4.16 P =0.047 1.53 0.66 3.56 P =0.325
Sample > 300 2.96 236 3.72 P <0.001 1.92 1.16 3.18 P=0.011
S 3.50 252 4.85 P <0.001 270 1.90 3.84 P <0.001
S+C 2.05 1.02 4.13 P =0.044 0.70 0.32 1.56 P=0.385
S+R - - - - - - - -
S+C+R 2.09 119 3.66 P=001 201 1.42 2.84 P =0.001

2.50 1.82 3.43 P <0.001 1.86 1.22 2.83 P =0.004

Total
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Ua Ma

HR Lci Hci P HR Lci Hci P
NLR < 2.20 2.36 111 5.03 P=0.026 0.99 0.40 245 P=0.983
NLR > 2.2 1.40 079 247 P=0.247 279 1.72 4.53 P < 0.001
Asian 2.36 1.1 5.03 P=0.026 1.79 0.65 4.89 P =0.257
Non-Asian 1.40 0.79 247 P=0.247 = = - =
Sample < 300 - - - - - - - -
Sample > 300 - - - - - - - -
S 2.36 1.1 5.03 P=0.026 0.99 0.40 245 P =0.983
S+C = = = = = = = =
S+R == - e o 279 1.72 4.53 P <0.001
S+C+R 1.40 079 247 P=0.247 = = = =
Total 1.71 1.04 281 P=0.035 1.79 0.65 4.89 P =0.257
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HR Lci Hci P HR Lci Hci P
NLR < 2.20 220 057 8.52 P=0.254 27 1.26 5.82 P =0.011
NLR > 2.2 270 1.68 4.34 P <0.001 1.69 0.89 3.28 P =0.110
Asian 3.19 2.16 4.73 P <0.001 2.06 1.26 3.37 P =0.004
Non-Asian 1.10 0.56 216 P=0.781 - - = 7=
Sample < 300 4.1 243 6.94 P <0.001 27 1.26 5.82 P=0.011
Sample > 300 1.65 078 3.49 P=0.191 1.69 0.89 3.23 P=0.110
S 3.68 155 8.75 P=0.003 2 = = =
S+C 237 1.34 417 P=0.003 1.69 0.89 323 P=0.110
S+R = - == = - = - .
S+C+R 220 0.57 8.52 P=0254 27 1.26 5.82 P=0.011
Total 250 138 456 P =0003 206 126 S oy P =0.004
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Hei P HR Lei Hci P
NLR < 2.20 2.62 1.38 4.99 P =0.003 231 1.44 3.70 P <0.001
NLR > 2.2 2.50 1.36 4.58 P =0.003 1.60 1.09 2.36 P=0.016
Asian 3.09 1.96 4.87 P <0.001 21 1.54 291 P <0.001
Non-Asian 1.41 0.87 227 P=0.164 1.52 0.92 2.51 P=0.101
Sample < 300 2.73 1.59 4.68 P <0.001 1.77 1.40 2.23 P <0.001
Sample > 300 2.34 1.14 4.82 P=0.021 1.87 1.06 3.29 P=0.03
Surgery (S) 3.76 2.67 5.30 P <0.001 27 1.83 4.02 P <0.001
Surgery + chemistry (S+C) 4.09 1.95 8.59 P <0.001 2.83 1.28 6.30 P=0.011
Surgery + radiation (S+R) - - - - 1.23 0.49 3.04 P=0.66
Surgery + chemistry + radiation (S+C+R) 2.03 1.39 2.96 P <0.001 1.66 115 240 P =0.006
Total 2.51 1.70 3.71 P <0.001 1.87 1.34 2.60 P <0.001
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Study Country Sample Age Follow- Tumor Histological type Tumor Treatment Interment Inflammatory Outcome NOS
size (year) up stage grade indicators indicators scores
(months)

Tadashi Japan 197 Median, Unclear |-V Endometrioid, other 1-3 S Unclear NLR, PLR 0S, PFS 7
Aoyama 59
2019
Glnsu Turkey 497 Median, Median, |-V Endometrioid, clear cell, 1-83 S,C R 8+6 NLR, PLR, 0S, DFS 7
Kimyon 58 24 Serous, mucinous, days MLR
Cémert, mixed, undifferentiated,
2018 not reported
Rong China 1,111 Median, Median, |-V Endometrioid, stromal 1-3 S Within 2 NLR, PLR, 0s 7
Cong, 2020 56 40 sarcoma, clear cell, weeks MLR

serous, carcinosarcoma,

mixed
M UK 605 Median, Median, |-V Endometrioid, clear cell, -8 S, CR Within 2 NLR, PLR, os 8
Cummings, 65 81.5 serous, carcinosarcoma, weeks MLR
(20) mixed
Ling Ding, ~ China 185 Mean, Mean, [B\% Type |, type Il 1-3 S, CR Within 1 NLR, PLR OS, DFS 8
2017 59.29 65.84 + week

24.73

Wan Kyu Korea 255 Median, Median, |-V Endometrioid, clear cell, 1-3 S Within 2 NLR, PLR, OS, DFS 6
Eo,2016 44 51.3 serous, mixed, weeks MLR

undifferentiated,

mucinous, squamous
Tomoko Japan 320  Median, 1-130 -1V Endometrioid, clear cell, 1-3 SC Within 1 NLR, PLR 0OS, DFS 8
Haruma, 57.5 serous, mixed, month
2015 undifferentiated,

squamous,

carcinosarcoma
Kaori Japan 32 Median, Unclear  Clinical Endometrioid, serous, 1-3 S,C R Unclear NLR, PLR 0s 7
Kiuchi, 59.5 stage clear cell
2018 IvB
Jianpei Li,  China 282 Median, 75 -V Type |, type Il 1-3 S8C within 2 NLR, PLR os 7
2015 53 weeks
Isa Temur,  Turkey 763 Median, 60 -V Type |, type Il -3 S,CR Unclear NLR os 7
2018 58
Miaolong China 212 Median, Median, |-V Endometrioid 1-83 S,C R Within 2 NLR 0os 7
He, 2013 54 57.5 weeks
Katarzyna  France 155 Median, Median, |-1ll Endometrioid, others 1-83 S,C R Within 3 NLR, MLR OS, PFS 7
Holub, 63.1 46.5 months
2020
Ryoko Japan 508 Mean, 60 -1V Endometrioid, others -3 S,CR Before NLR oS 6
Takahashi, 58 surgery
2015
Jing Wang, China 152 Mean, Unclear -1V Type |, type Il 1-3 S@H#R) Before NLR 0S, PFS 7
2016 58 surgery
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Parameters

Positive and negative

AUC (95%Cl)

Non-aggressive and csPCa

Univariate p AUC (95%ClI) Univariate p

Age 0.629 0.002 0.641 0.003
(0.541 t0 0.711) (0.553 t0 0.722)

BMI 0.517 0.984 0.5634 0.989
(0.428 1o 0.604) (0.445 t0 0.621)

PSA 0.534 0.549 0.580 0.211
(0.446 10 0.621) (0.491 10 0.665)

f/t PSA 0.634 0.044 0.634 0.133
(0.520 to 0.738) (0.520 to 0.738)

PSAD 0.664 0.015 0.669 0.030
(0.577 0 0.744) (0.582 t0 0.748)

AMACR 0.800 <0.001 0.749 <0.001
(0.721 10 0.865) (0.666 t0 0.821)

AUC, area under the curve; PSA, prostate-specific antigen; f/t PSA, free prostate-specific antigen/total prostate-specific antigen; csPCa, clinically significant prostate cancer; PSAD,

prostate-specific antigen density.
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Positive and negative Non-aggressive and csPCa

Parameters
AUC Univariate p AUC Univariate p
(95% CI) (95% CI)

Age 0.622 0.008 0.631 0.014
(0.536 to 0.703) (0.546 10 0.712)

BMI 0.544 0.746 0.541 0.211
(0.458 to 0.629) (0.454 to 0.625)

PSA 0.645 0.017 0.674 0.006
(0.559 to 0.724) (0.589 to 0.751)

f/t PSA 0.689 0.002 0.645 0.020
(0.588 t0 0.779) (0.542 to 0.740)

PSAD 0.692 <0.001 0.700 <0.001
(0.608 to 0.767) (0.616 to 0.774)

AMACR 0.832 <0.001 0.780 <0.001
(0.759 to 0.890) (0.701 to 0.846)

AUC, area under the curve; PSA, prostate-specific antigen; PSAD, prostate-specific antigen density; f/t PSA, free prostate-specific antigen/total prostate-specific antigen; csPCa, clinically
significant prostate cancer.
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Age, yr
No. pts (%)
Mean
SD

tPSA, ng/ml
No. pts (%)
Median
IQR

BMI, kg/m?
No. pts (%)
Median
IQR

%fPSA
No. pts (%)
Median
IQR

PSAD
No. pts (%)
Median
IQR

Biopsy Gleason sum, no. (%)
6
7
>8

Training set
Entire Negative Positive
139 (100.0) 94 (67.7) 45 (32.3)
65.1 64.0 67.4
72 6.9 7.4
139 (100.0) 94 (67.7) 45 (32.3)
8.8 8.4 1.0
6.6-12.4 6.5-11.1 7.6-13.9
139 (100.0) 94 (67.7) 45 (32.3)
24.2 24.2 24.6
22.1-26.5 22.2-26.1 21.9-27.7
98 (70.5) 63 (45.3) 35 (25.2)
0.16 0.19 0.11
0.11-0.256 0.12-0.27 0.08-0.18
139 (100.0) 94 (67.7) 45 (32.3)
0.18 0.158 0.239
0.11-0.25 0.10-0. 25 0.16-0.32
14 (10.1)
16 (11.5)
13 (9.4)

p-value

0.019*

0.006*

0.41%

0.002*

Validation set

Entire

133 (100.0)
64.7
8.1

133 (100.0)
9.3
6.9-12.9

133 (100.0)
242
22.6-26.2

86 (64.7)
0.12
0.08-0.19

183 (100)
0.18
0.11-0.29

Negative

91 (68.4)
63.3
84

91 (68.4)
95
6.9-126

91 (68.4)
24.2
22.8-26.2

56 (42.1)
014
0.08-0.22

91 (68.4)
0.16
0.11-0.25

Positive

42 (31.6)
67.6
6.5

42 (31.6)
92
7.4-13.1

42 (31.6)
24.6
21.9-26.9

30 (22.6)
0.1
0.07-0.13

42 (31.6)
023
0.16-0.34

11(8.3)
18 (13.5)
12(9)

p-value

0.017*

0.53*

0.76*

0.048"

yr, years; tPSA, total prostate-specific antigen; SD, standard deviation; IQR, interquartile range; f/t PSA, free prostate-specific antigen/total prostate-specific antigen; f/t PSA, free prostate-
specific antigen/total prostate-specific antigen. *Student’s t-test. *Mann-Whitney U test.
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Characteristic Low expression High expression p

N 261 261

Sex, n (%) 0.066
Female 80 (15.3%) 101 (19.3%)
Male 181 (34.7%) 160 (30.7%)

Pathological T stage, n (%) < 0.001
T1-2 138 (26.4%) 195 (37.4%)
T3-4 123 (23.6%) 66 (12.6%)

Pathological N stage, n (%) 0.057
NO 112 (44.1%) 126 (49.6%)
N1 12 (4.7%) 4(1.6%)

Pathological M stage, n (%) < 0.001
Mo 188 (38.2%) 226 (45.9%)
M1 53 (10.8%) 25 (5.1%)

Pathological stage, n (%) < 0.001
Stage I 125 (24.1%) 190 (36.6%)
Stage IV 133 (25.6%) 71 (18.7%)

Histological grade, n (%) < 0.001
G1-2 91 (17.7%) 145 (28.2%)
G3-4 169 (32.9%) 109 (21.2%)

Tumor status, n (%) < 0.001
Tumor free 138 (27.7%) 206 (41.3%)
With tumor 112 (22.4%) 43 (8.6%)

Age, median (IQR) 61 (53, 70) 60 (51, 69) 0.423

ccRCC, clear cell renal cell carcinoma; TCGA, The Cancer Genome Atlas; IQR, interquartile range.
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Models

PLT (x10°L)

PLT (x10°/L)

PLT (x10°/L)

PLT (x10°/L)

Age

BMI
Hypertension
Diabetes mellitus
PSA

ISUP

T stage

NHT

Variables

unadjusted
Ti(<)
T2(-)
T3(>)
Model 1+covariates
T«
T2(-)
T3(>)
Model 2 + PSA + ISUP + T stage
Ti(Q)
T2(-)
T3()
Model 3+NHT
T
T2(-)
T3(>)

Multivariate Mode

OR

Reference
1.406
2.029

Reference
1.463
2.342

Reference
2.076
2.547

Reference
2171
2.595
1.017
0.961
0.566
1.250
1.002
1.509
3.220
0.420

95% CI

0.803-2.463
1.119-3.680

0.823-2.601
1.249-4.390

1.054-4.090
1.255-5.169

1.082-4.354
1.259-5.349
0.973-1.063
0.875-1.056
0.317-1.013
0.607-2.573
0.992-1.013
1.188-1.917
2.041-5.081
0.220-0.804

P-value

0.234
0.020

0.195
0.008

0.035
0.010

0.029
0.010
0.460
0.406
0.055
0.545
0.704
0.001
0.000
0.009

Multivariate regression stepwise models are shown. The bold value indicated statistical significance. The dependent variable was PNI of PCa. Model 1 was unadjusted. Model 2 was
corrected for covariates including age, BMI, hypertension, and diabetes mellitus. Model 3 was additionally corrected for PSA, ISUP, stage T based on Model 2; Mode! 4 was additionally
corrected for NHT based on Model 3. PLT, platelet; PNI, perineural invasion; PCa, prostate cancer; PSA, prostate-specific antigen; ISUP, International Society of Urological Pathology;
NHT, neoadjuvant hormonal therapy; BMI, body mass index; PSA, prostate-specific antigen.
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Univariate Mode P-value
OR 95% CI

PLT (x10%L)

T reference

T2(-) 1.406 0.803-2.463 0.234

T3(>) 2.029 1.119-3.680 0.020
Age 0.994 0.959-1.031 0.756
BMI 0.998 0.926-1.075 0.956
Hypertension 0.682 0.424-1.096 0.114
Diabetes mellitus 1.056 0.580-1.920 0.859
PSA 1.009 1.000-1.019 0.059
ISUP 1.697 1.396-2.063 0.000
T stage 3.836 2.504-5.876 0.000
NHT 0.889 0.547-1.443 0.633

Univariate regression analyses are applied. The bold value indicated statistical significance. PCa, prostate cancer; PNI, perineural invasion; PLT, platelet; BMI, body mass index; PSA,

prostate-specific antigen; ISUP, International Society of Urological Pathology: NHT, neoadjuvant hormonal therapy.
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Platelet Tertiles P-value

T1 (<192 x 10°/L, n = 118) T2 192-236 x 10/L, n = 116) T3 (>237 x 10°/L, n = 114)

Age (years) 68.1 +5.8 65.8 +6.5 64.6 £6.8 <0.001
PSA (ng/ml) 26.7 £37.1 23.6£31.8 31.8+£47.1 0.295
Pathological Stage 0.065

T2 91 (77.1) 86 (74.1) 81 (71.1)

T3 18 (16.3) 28 (24.1) 22 (19.3)

T4 9(7.6) 2(17) 11 (9.6)
N 0.200

NO 106 (89.8) 109 (94.0) 109 (95.6)

N1 12 (10.2) 76.0) 5(4.4)
M 0.687

MO 112 (94.9) 108 (93.1) 109 (95.6)

M1 6(5.1) 8(6.9) 5(4.4)
ISUP grade [n (%)) 0.424

1 9(7.6) 16 (13.8) 15 (13.2)

2 32 (27.1) 35 (30.2) 30 (26.3)

3 22 (18.6) 26 (22.4) 21 (18.4)

4 18 (16.3) 19 (16.4) 18 (16.8)

5 37 (31.4) 20 (17.2) 30 (26.3)
PNI [n (%)) 77 (65.3) 85 (73.3) 92 (80.7) 0.030
VCE 19 (16.1) 16 (13.8) 18 (15.8) 0.868
MPV (fl) 103 +1.4 99+07 97+07 <0.001
P-LCR (%) 27.8 +8.9 23.8 £ 6.0 225+59 <0.001
PDW (fl) 121+28 11.0+15 107 £ 1.4 <0.001
PCT (L/L) 0.0016 + 0.0003 0.0021 + 0.0002 0.0027 + 0.0004 <0.001

Data are expressed as n (%), mean + SD, or median (interquartile range). The bold value indicated statistical significance. PCa, prostate cancer; PSA, prostate-specific antigen; ISUP,
Inteational Society of Urological Pathology; PNI, perineural invasion; VCE, vessel carcinoma embolus; MPV, mean platelet volume; P-LCR, platelet-large cell ratio; PDW, platelet
distribution width; PCT, plateletcrit.
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All subjects(n = 348) PNI (n = 254) Non-PNI (n = 94) P-value

Demographic characteristics
Age (years) 66.2 + 6.6 66.1 £ 6.5 66.4 £ 6.6 0.757
BMI (kg/m?) 25.1+32 251 +3.1 251+33 0.956
Hypertension [ (%)] 154 (44.3) 106 (41.7) 48 (51.1) 0.118
Diabetes mellitus [ (%)] 69 (19.8) 51 (20.1) 18 (19.1) 0.859
Clinicopathological characteristics
PSA (ng/ml) 14.0 (8.7-29.6) 15.5 (9.5-31.5) 12.2 (7.6-22.0) 0.007
NHT 135 (38.8) 97 (38.2) 38 (40.4) 0.633
Pathological Stage <0.001

T2 258 (74.1) 171 (67.3) 87 (92.6)

T3 68 (19.5) 63 (24.8) 5(5.3)

T4 22 (6.3) 20(7.9) 2(2.1)

N 24 (6.9) 23 (9.1) 1(1.1) 0.009

M 19 (5.5) 16 (6.3) 3(3.2) 0.260
ISUP grade [n (%)] <0.001

1 40 (11.5) 13 (5.1) 27 (28.7)

2 97 (27.9) 70 (27.6) 27 (28.7)

3 69 (19.8) 50 (19.7) 19 (20.2)

4 55 (15.8) 42 (16.5) 13 (13.8)

5 87 (25) 79 (31.1) 8(8.5)
PSM [n (%)] 94 (27.0) 84 (33.1) 10 (10.6) <0.001
VCE [n (%)] 54 (15.5) 51 (20.1) 3(32) <0.001
Operative time (min) 165.1 £ 58.2 165.6 + 60.2 163.5 + 52.8 0.762
Evaluated blood loss (ml) 59.5 +94.2 62.8 + 98.4 50.7 + 81.7 0.288
Transfusion [n (%)) 6 (1.7%) 5 (2.0) 1(1.1) 0.567
Whole blood parameters
WBC (x10°L) 62+15 62+1.6 6.1+15 0.436
Neutrophils (%) 61.4£9.3 61.5+£9.2 609 +£9.7 0.617
Neutrophil counts (x10%/L) 38+13 39+183 38+1.3 0.459
Lymphocytes (%) 29.7 £+ 8.6 290.7 £+ 8.4 299 +9.1 0.885
Lymphocyte counts (x10%/L) 1.8+0.6 1.8+ 0.6 1.8+0.6 0.546
Monocytes (%) 6.1+15 6.1+15 6.3+1.6 0.202
Monocyte counts (x10%/L) 0.4 +£0.1 0.4 +£0.41 0401 0.856
Eosinophils (%) 22+19 21+18 23x21 0.455
Eosinophil counts (x10%/L) 0.1 £0.1 0.1+£0.41 0.1+0.1 0.757
Basophils (%) 06+03 06+0.3 06+03 0.823
Basophil counts (x10%/L) 0.04 +0.02 0.04 +0.02 0.04 +0.02 0.669
RBC (x10'%/L) 48+0.5 48+05 47+05 0.308
Ho (g/L) 147.3 £ 13.8 147.8 £13.7 146.1 +14.3 0.323
Het (L) 0.43 +0.04 0.44 £ 0.04 0.43 £ 0.04 0.159
MCV (fl) 91.6 +5.0 91.7+5.2 913+4.4 0.522
MCH (pg) 31385 31119 31759 0.117
MCHC (g/L) 338.8 + 19.4 338.1 £21.7 340.8 +10.4 0.247
RDW-SD (fl) 42.0+3.0 420+ 3.0 418 £3.1 0.460
RDW-CV (%) 126+0.8 126 +0.9 125+0.8 0.716
PLT (x10°L) 211.5 (177.3-248.0) 216 (178.8-252.0) 200.5 (173.5-236.5) 0.04
MPV (fl) 100+ 1.1 100+ 1.1 99+09 0.479
P-LCR (%) 24774 25075 241x73 0.345
PDW (fl) 11.3+21 11.4+22 111 +£20 0.268
PCT (LL) 0.0021 0.0021 0.0020 0.008

(0.0018-0.0025) (0.0018-0.0025) (0.0017-0.0023)

Data are expressed as n (%), mean + SD, or median (interquartile range). The bold value indicated statistical significance. PCa, prostate cancer; RP, radical prostatectomy; PN, perineural

invasion; BMI, body mass index; PSA, prostate-specific antigen; NHT, neoadjuvant hormonal therapy; ISUP, International Society of Urological Pathology; PSM, positive surgical margi
VCE, vessel carcinoma embolus; WBC, white biood cell; RBC, red blood cell; Hb, hemoglobin; Hct, hematocrit; MCV, mean corpuscular volume; MCH, mean corpuscular hemoglobin;

MCHC, mean corpuscular hemoglobin concentration; RDW-SD, red blood cell volume distribution width-standard deviation; RDW-CV, red blood cell volume distribution width-coefficient
of variability; PLT, platelet; MPV, mean platelet volume; P-LCR, platelet-large cell ratio; PDW, platelet distribution width; PCT, plateletcrit.
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NLR < 2.62
NLR > 2.62
Sll < 528.54
Sl > 528.54
pT stage

pT1

pT2

pT3
GS

<6

=7

>8

Ref, reference.

Univariable analysis

HR

1 (Re)
4,060
1 (Red)
3.984

1 (Ref)
1.633
2.998

1 (Ref)
1.744
1.867

95% Cl

1 (Ref)
2.290-7.200
1 (Ref)
2.225-7.133

1 (Ref)
0.217-12.279
0.812-21.864

1 (Ref)
0.894-3.402
0.926-3.765

P-value

<0.001

<0.001

1.633
<0.001

0.103
0.021

Multivariable analysis

HR

1 (Ref)
4787
1 (Red)
4521

1 (Ref)
5.667
8.385

1 (Ref)
1.620
2187

95% CI

1 (Ref)
2.339-9.798
1 (Ref)
2.262-9.037

1 (Ref)
0.661-48.622
0.952-73.835

1 (Ref)
0.639-4.111
1.602-2.964

P-value

<0.001

<0.001

0.114
0.042

0.310
0.032
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Univariable analysis

GS<6vs.GS27

Multivariable analysis

GS<6vs.GS27

HR 95% CI P-value HR 95% CI P-value
NLR < 2.62 1 (Ref) 1 (Ref) 1 (Ref) 1 (Ref)
NLR > 2.62 1.393 0.857-2.263 0.172 1.327 0.810-2.176 0.245
Sll < 528.54 1 (Ref) 1 (Ref) 1 (Ref) 1 (Ref)
Sll > 528.54 1.577 0.965-1.578 0.038 1.656 1.00-2.742 0.042

Ref, reference.
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Univariable analysis

pTi1-2a vs. pT2b-3

Multivariable analysis

pT1-2a vs. pT2b-3

HR 95% CI P-value HR 95% CI P-value
NLR < 2.62 1 (Ref) 1 (Ref) 1 (Ref) 1 (Ref)
NLR > 2.62 0.976 0.635-1.501 0.994 1.937 0.508-7.393 0.245
Sll < 528.54 1 (Ref) 1 (Ref) 1 (Ref) 1 ([Ref)
Sl > 528.54 1.243 0.806-1.917 0.039 1.478 0.972-3.64 0.028

Ref, reference.
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Characteristic PCa diagnosis csPCa diagnosis

OR (95% CI) p OR (95% Cl) p
Age (years) 1.170 (1.074-1.275) <0.01
#tPSA 0.101 (0.000-24.039) 0471 0.000 (0.000-0.236) 0.024
PV (m) 0.998 (0.977-1.020) 0.881

PZ ratio 21.941 (0.615-782.869) 0.090 269.406 (1.826-39,739.719) 0.028
aPSADPZ (ng mi?) 610.587 (1.121-332,645.968) 0.046 4,650.212 (2,691-8,035,199.454) 0.026

PCa, prostate cancer; csPCa, clinically significant prostate cancer; PSA, prostate-specific antigen; ftPSA, free/total prostate-specific antigen; aPSADPZ, adjusted prostate-specific
antigen density of peripheral zone; OR, odds ratio; Cl, confidence interval.
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Characteristic PCa diagnosis
OR (95% CI)
Age (years)
fAPSA 0.000 (0.000-0.237)
PV (mi) 0.976 (0.957-0.996)
PSAD (ng mi~?) 67.313 (3.692-1,227.389)
TZV (ml) 0.959 (0.930-0.988)
PZ ratio 204.535 (9.831-4,255.171)
aPSADPZ (ng mi™?) 29,110.383 (134.685-6,291,826.949)

0.016
0.019
<0.01
0.015
<0.01
<0.01

csPCa diagnosis
OR (95% CI)

1.081 (1.008-1.159)
0.000 (0.000-0.010)

168.659 (6.221-4,572.278)
0.961 (0.927-0.997)
319,093 (7.446-13,675.391)
32,018.766 (112.233-9,134,606.470)

P

0.028
<0.01

<0.01
0.033
<0.01
<0.01

PCa, prostate cancer; csPCa, clinically significant prostate cancer; /tPSA, free/total prostate-specific antigen; PV, prostate volume; PSAD, prostate-specific antigen density; TZV,
transitional zone volume; aPSADPZ, adjusted prostate-specific antigen density of peripheral zone; OR, odds ratio; Cl, confidence interval.
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Characteristic PCa (n = 29)
Age (years), median (IQR) 68.0 (60.5-73.5)
PSA (ng mi™"), median (IQR) 7.90 (6.00-13.66)
#tPSA, median (IQR) 0.120 (0.084-0.157)
PV (mi), median (IQR) 36.1 (25.7-56.5)
PSAD (ng mi2), median (IQR) 0.229 (0.136-0.392)
TZV (ml), median (IQR) 16.9 (10.0-26.6)
PZV (mi), median (IQR) 20.8 (13.8-27.0)

PZ ratio, median (IQR) 0.542 (0.440-0.641)
PSADPZ (ng mi*3), median (QR)  0.459 (0.251-0.671)
aPSADPZ (ng ml’z), median (IQR) 0.119 (0.082-0.217)

Benign (n = 123)

65.0 (61.0-70.0)
7.84 (5.87-12.26)
0.160 (0.117-0.218)
51.0 (39.1-69.2)
0.171 (0.111-0.246)
28.5 (18.7-45.7)
21.2 (14.1-29.6)
0.421 (0.301-0.533)
0.413 (0.276-0.684)
0.059 (0.040-0.108)

z

-1.469
-0.347
-2.978
-2.884
-2.427
-3.833
-0.288
-3.632
-0.302
—-4.096

P

0.142
0.729
<0.01
<0.01
0.015
<0.01
0.773
<0.01
0.762
<0.01

csPCa (n = 18)

69.5 (64.0-76.3)
10.39 (7.26-16.05)
0.100 (0.071-0.151)
36.5 (25.1-57.1)
0.251 (0.143-0.445)
14.4(10.4-25.9)
225 (13.6-29.5)
0.570 (0.456-0.675)
0.528 (0.220-0.767)
0.249 (0.142-0.441)

isPCa or benign (n = 134)

65.5 (61.0-70.0)
7.67 (6.92-12.17)
0.157 (0.111-0.212)
50.0 (37.5-68.3)
0.176 (0.112-0.248)
27.2 (18.3-45.1)
21.0 (14.0-29.0)
0.428 (0.301-0.534)
0.414 (0.277-0.647)
0.064 (0.040-0.104)

z

-2.192
-1.235
-3.165
-2.138
-2.446
-3.165
-0.319
-3.182
-0.661
-3.855

P

0.028
0.217
<0.01
0.032
0.014
<0.01
0.749
<0.01
0.508
<0.01

PCa, prostate cancer; csPCa, clinically significant prostate cancer; isPCa, clinically insignificant prostate cancer; fPSA, free prostate-specific antigen; tPSA, total prostate-specific antigen;
PV, prostate volume; PSAD, prostate-specific antigen density; TZV, transitional zone volume; PZV, peripheral zone volume; PSADPZ, prostate-specific antigen density of peripheral zone;
aPSADPZ, adjusted prostate-specific antigen density of peripheral zone; IQR, interquartile range.
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CTCs Subtypes Sensitive Insensitive P
(n=14) n=8)

Single -0.29 + 15.80 58.75 + 75.89 0.031
Monoploid -2.29 + 6.62 -0.50 + 1.41 0.853
Triploid 0.79£7.20 10.63 + 16.54 0.159
Tetraploid 0.00 + 4.39 10.00 + 16.756 0.042
Polyploid 1.21+£7.48 38.63 £51.29 0.074
Small cell 0.21 £ 8.45 11.00 £ 15.95 0.065
TBM positive 0.36 + 1.45 275+7.40 0.432
CT™M -0.21 £0.70 1756+ 4.65 0.179

Bold values provided in Table 2 means they are significant p values which were less than 0.05.
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TMB Analysis

HM (N=19) NHM (N=27) P-value
Median Age at Diagnosis (Range) 65 (50,87) 69 (40,87) 0.13
Gender 1.00
Male 12 (63%) 17 (63%)
Female 7 (87%) 10 (37%)
Race/Ethnicity 0.50
Asian 1 (5%) 1 (4%)
Black or African American 0 (0%) 4 (15%)
Hispanic or Latino 2 (11%) 1 (4%)
White 14 (74%) 21 (78%)
Unknown 2 (11%) 0 (0%)
Smoking History (Ever Smoker) 13 (68%) 13 (48%) 0.29
Primary Tumor Location 0.29
Bladder 16 (84%) 20 (74%)
Upper Tract 1 (5%) 5 (19%)
Urethra 0 (0%) 1 (4%)
Multiple 1 (5%) 0(0%)
N/A 1 (5%) 1(4%)
Histology 0.33
Pure Urothelial 14 (74%) 19 (70%)
Pure Squamous 0 (0%) 2 (7%)
Squamous Component 3 (16%) 1 (4%)
Small Cell / NE 1(5%) 2 (7%)
Adenocarcinoma 0 (0%) 1 (4%)
Sarcomatoid 0 (0%) 2 (7%)
Urachal 1 (5%) 0(0%)
Biopsy Source 0.96
Primary Tumor* 10 (53%) 14 (52%)
Metastatic 9 (47%) 13 (48%)
Most Common Alterations (N) TERT (16, 84%) TERT (20, 74%) N/A
TP53 (13, 68%) KDMBA (13, 48%)
KMT2D (7, 37 %) TP53 (13, 48%)
PIK3CA (7, 37%) CDKN2A (8, 30%)
ARID1A (6, 32%) CDKN2B (8, 30%)
CDKN2A (6, 32%) FGFR3 (7, 26%)
ERBB2 (6, 32%) ARID1A (6, 22%)
KDMBA (6, 32%) ELF3 (5, 19%)
CCND1 (3, 16%) KMT2D (5, 19%)
CDKN2B (3, 16%) RB1 (5, 19%)
RB1 (3, 16%)
FGFR3 (2, 11%)
PD-L1 Available 4 (21%) 10 (37%) 0.78
Positive (CPS>10)** 2 (50%) 4 (40%)
Negative (CPS<10)** 2 (50%) 6 (60%)
MSI-High Tumor 1 (5%) 0(0%) 0.86
Metastatic Disease
At Diagnosis 2 (11%) 4(15%) 0.28
Anytime during Follow-up 13 (68%) 19 (70%) 0.89
Definitive Surgery 11 (58%) 19 (70%) 0.53
Definitive Radiation Therapy 2 (11%) 1 (4%) 0.36

HM, hypermutated; NHM, non-hypermutated; NE, neuroendocrine; MSI, microsatellite instability.
“Includes either bladder or upper tract.

**Percentages are out of available PD-L1 data.

N/A, Not Applicable.
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APOBEC Analysis

Median Age at Diagnosis (Range)
Gender
Male
Female
Race/Ethnicity
Asian
Black or African
Hispanic or Latino
White
Unknown
Smoking History (Ever Smoker)
Primary Tumor Location
Bladder
Upper Tract
Urethra
Multiple
N/A
Histology
Pure Urothelial
Pure Squamous
Squamous Component
Small Cell / NE
Adenocarcinoma
Plasmacytoid
Micropapillary
Sarcomatoid
Biopsy Source
Primary Tumor*
Metastatic
Most Common Alterations (N)

PD-L1 Available
Positive (CPS>10)**
Negative (CPS<10)**
MSI-High Tumor
Metastatic Disease
At Diagnosis
Anytime During Follow-up
Definitive Surgery
Definitive Radiation Therapy

APOBEC (N=16)
65 (51, 86)

10 (62%)
6 (38%)

13 (81%)
0(0%)
2(13%)
1(6 %)
0%)
o
(

=

0(0%)
0(0%)
0(0%)
0(0%)

R

(

=}

7 (44%)

9 (56%)
TERT (14, 88%)
TP53 (10, 63%)
KMT2D (6, 38%)
ARID1A (6, 38%)
ERBB2 (6, 38%)
KDMBA (6, 38%)

CDKN2A (5, 31%)
PIK3CA (5, 31%)
CCND1 (3, 19%)
CDKN2B (3, 19%)
RB1 (3, 19%)
FGFRS (2, 13%)

4(25%)

2 (50%)

2 (50%)

1(6%)

16%)
10 (63%)
10 (63%)
2(13%)

HM, hypermutated; NHM, non-hypermutated; NE, neuroendocrine; MSI, microsatelite.

*Includes either bladder or upper tract.

**Percentages are out of available PD-L1 data.

N/A, Not Applicable.

Other (N=56)
68 (31, 87)

38 (68%)
8 (32%)

9 (16%)
1 (2%)
1 (2%)

44 (79%)
1 (2%)

25 (45%)

8 (68%)
5 (27%)
2 (4%)
0 (0%)
1 (2%)

35 (63%)
2 (4%)
8 (14%)
2 (4%

)
3 (5%)
(5%)
(2%)
(4%)

27 (48%)

29 (52%)
TERT (40, 71%)
TP53 (31, 56%)

CDKN2A (20, 36%)
KDMBA (19, 34%)
CDKN2B (18, 66%)
ARID1A (12, 21%)
FGFR3 (11, 20%)
RB1 (11, 20%)
KMT2D (10, 18%)
ERBB2 (9, 16%)

24 (43%)

15 (63%)
9 (87%)
0 (0%)

P-Value

0.66
0.92

0.56

0.16
0.08

0.78

0.75

N/A

0.63

0.50

0.28
0.49

0.06
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HM vs. NHM

Patient Group (N) Comparison Median Survival (months)
HM (19) vs NHM (27) OS from initial diagnosis 1256.3 vs 35.7
From IO Start
HM (9) vs 0os 12.4 vs 141
M (13) PFS 41vs33
From Chemotherapy Start
HM (6) vs 0s 7.0vs 131
NHM (8) PFS 43vs 9.0

HM, hypermutated; NHM, non-hypermutated; OS, overall survival; PFS, progression-free survival; IO, immunotherapy.
Bold: statistically significant.

p-value

0.06

0.49
0.52

0.04
<0.001
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Age, median (IQR)
Gender, N (%)

Hematuria, N (%)

Smoking habit, N (%)

Stage, N (%)

Grade, N (%)

Last Tumor Diagnosis
before starting BIAS, N (%)

Adjuvant treatment? N (%)

Type of adjuvant treatment, N (%)

Female

Male

No

Yes
Non-smoker
Current smoker
Former smoker
Unknown

pTa

pT1

Low grade
Primary tumor

Recurrence within 1 year
Recurrence after 1year
No

Yes

Mitomycin C

BCG

Gemcitabine
Other/Unknown

Total
N =139

73 (66-78)
27 (19.4)
112 (80.6)
136 (97.8)

3(2.20)
46 (33.1)
33 (23.7)
35 (25.2)

25 (18.0)

135 (97.1)
4(2.90)
139 (100)
54 (39.1)

26 (18.8)
58 (42.0)
81 (62.8)
48 (37.2)
34 (72.0)
7 (15.0)
2 (4.00)
4(9.00)

BCG, Bacillus Calmette-Guerin; BIAS, Bladder Cancer ltalian Active Surveillance; IQR,

interquartile range.
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Gene Name

MMAB
NDEL1
SLC25A15
PPP2CB
PSMA7
PSMB5
REXO2
ARID3A
CUL4A
FBXO31
PLK2
PRPF19
RGCC
TIPIN
ANAPC4
B9D2
PSMBI10
PSMBS8
RAD9A
CHMP4C
DDX39B
FBXO6
THOCI

CRGs, checkpoint-related genes; HR, hazard ratio; CI, confidence interval.

1.3228
1.3404
1.2738
1.3489
1.3728
1.6366
1.4077
11219
12793
1.3312
1.1412
1.5588
1.2245
1.3456
0.6693
0.8078
0.7598
0.8695
0.6603
0.7979
0.6946
0.7865
0.7686

95% CI

1.0520-1.6632
1.0641-1.6884
1.0826-1.4989
1.0809-1.6834
1.0652-1.7692
1.2327-2.1729
1.1338-1.7479
1.0233-1.2299
1.0154-1.6119
1.0623-1.6683
1.0325-1.2612
1.1636-2.0883
1.0580-1.4172
1.0983-1.6486
0.5173-0.8660
0.6573-0.9929
0.6442-0.8962
0.7724-0.9788
0.5322-0.8191
0.7107-0.8959
0.5118-0.9427
0.6592-0.9382
0.6075-0.9724

Coefficient

0.1739
0.1145
0.0077
0.0465
0.0210
0.0355
0.0097
0.0387
0.0648
0.0579
0.0086
0.4539
0.0640
0.0560
—0.1681
-0.0190
-0.1493
—-0.0427
-0.1605
—0.1641
—0.4224
-0.0840
-0.0270

p-value

0.0167
0.0128
0.0035
0.0081
0.0144
0.0007
0.0020
0.0142
0.0367
0.0130
0.0097
0.0029
0.0066
0.0042
0.0023
0.0426
0.0011
0.0207
0.0002
0.0001
0.0194
0.0076
0.0283
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BIAS history, N (%)

AS outcome details, N (%)

TURBT stage, N (%)

TURBT grade, N (%)

Xpert Xpert 1st point, N (%)
Xpert Xpert 2nd point, N (%)
Xpert Xpert 3rd point, N (%)

Xpert Xpert 4th point, N (%)

Already enrolled

Newly enrolled

No more lesion

On AS

Death for other cause
Lost at follow-up
Increase in size
Increased number
Hematuria

UC: positive\suspected
Increased N° and size
Increased size and Hematuria
UC and Increase N°
Increased size, hematuria & UC
Voluntary withdrew
Negative

pTa

pTi

Low grade

High grade

Negative

Positive

Negative

Positive

Negative

Positive

Negative

Total
N =139

61 (100)
78 (100)
6(100)
55 (100)
6(100)
4(100)
32 (100)
14 (100)

52 (100)
3(100)
46 (100)
9(100)
57 (100)
82 (100)
34 (100)
12 (100)
25 (100)
4 (100)
25 (100)

Failure
N =68

30 (49.2)
38 (48.7)
nr.
nr.
4768
nr.
32 (100)
14 (100)
6(100)
5(100)
3(100)
5(100)
1(100)
1 (100)
1(100)
9(100)
51 (98.0)
3(100)
45 (97.8)
9(100)
20 (35.1)
48 (58.5)
9(26.5)

Not Failure

N =65

27 (44.3)
38 (48.7)
6 (100)
55 (100)
4(66.6)
nr.
n.r.
nr.
nr.
nr.
nr.
nr.
nr.
nr.
nr.

36 (63.2)
29 (35.4)
25 (73.5)
6(50.0)
21 (84.0)
4 (100)

22 (88.0)

Other
N=6

4 (6.56)
2 (2.60)
nr.
nr.
2(333)
4(100)
n.r.
n.r.
nr.
nr.
nr.
nr.
nr.
nr.
nr.
0(0.00)

AS, active surveillance; BIAS, Bladder Cancer ltalian Active Surveillance; n.r., not reported; TUBRT, transurethral resection of bladder tumor; UC, urinary cytology.

p-value

0.494

<0.001

0.89

0.66

0.005

0.13

0.39
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Clinical Feature Number (%)

Total 398 (100%)
Gender

Male 293 (73.62%)

Female 105 (26.38%)
Age Median (range) 68.5 (34-90)
Histological subtypes

MIBC 398 (100%)
Histological grading

High 377 (94.72%)

Low 18 (4.52%)
T stage

TO 1 (0.25%)

T 3(0.75%)

T2 114 (28.64%)

T3 190 (47.74%)

T4 58 (14.57%)
N stage

No 230 (57.79%)

N1 46 (11.56%)

N2 74 (18.59%)

N3 7 (1.76%)
M stage

MO 189 (47.49%)

M1 10 (2.51%)
Clinical stage

1 2 (0.50%)

I 125 (31.41%)

1T 138 (34.67%)

v 131 (32.91%)

BC, bladder carcinoma; TCGA, The Cancer Genome Atlas; MIBC, muscle-invasive
bladder carcinoma; NMIBC, non-muscle-invasive bladder carcinoma.
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Variables

Total
Median age, years (IQR)
Gender
Male
Female
Primary site
Bladder
Upper tract
Histology
Urothelial
Conventional
Squamous differentiation
Sarcomatoid
Plasmacytoid
Glandular differentiation
Micropapillary
Poorly differentiated
Squamous
Prior Treatment
No
BCG
Cisplatin-based CT

Radiotherapy + cisplatin-based CT

NA
pT Stage
<pT2 (non-MIBC)
>pT2
pN Stage
pNO
PN+
PNx
Associated CIS
Yes
No
Relapse (Yes)

CT, chemotherapy.

*Variant total is above n=31 as some tumors have multiple variants.

All patients

31
75 (52-88)

26 (84%)
5 (16%)

26 (84%)
5 (16%)

28* (90%)
17
7
2
1
1
1
5
3 (10%)

19 (61%)
3 (10%)
3 (10%)
1(3%)
5 (16%)

1(3%)
30 (97%)

7 (23%)
10 (32%)
14 (45%)

4 (13%)
27 (87%
4 (13%)
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TO
139 patients enrolled

82 patients excluded: 11 patients excluded:
Tested Xpert BC positive Failed AS (with negative Test)
T1-Month4
46 patients
12 patients excluded: 5 patients excluded:
Tested Xpert BC positive Failed AS (with negative Test)
T2 - Month 8
29 patients
4 patients excluded: 0 patients excluded:
Tested Xpert BC positive Failed AS (with negative Test)
T3 -Month12
25 patients
0 patients excluded: 0 patients excluded:
Tested Xpert BC positive Failed AS (with negative Test)
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Variables CTCs CECs
Total Positive Negative P Total Positive Negative P
n n % n % n n % n %

Total 196 163 83.2 33 16.8 133 105 789 28 211

Gender
Male 159 131 82.4 28 17.6 0.549 113 92 81.4 21 18.6 0.097
Female 37 32 86.5 5 185 20 13 65.0 7 35.0

Age
>66 107 91 85.0 16 15.0 0.440 73 57 781 16 21.0 0.787
<66 89 72 80.9 17 19.1 60 48 80.0 12 20.0

Tobacco smoking
Yes 85 70 82.4 15 17.6 0.791 66 55 83.3 1" 16.7 0.218
No m 93 83.8 18 16.2 67 50 746 17 25.4

Alcohol drinking
Yes 67 59 88.1 8 11.9 0.187 49 43 878 6 12.2 0.057
No 129 104 80.6 25 19.4 84 62 738 22 26.3

Stage
NMIBC 141 17 83.0 24 17.0 0912 90 72 80.0 18 20.0 0.667
MIBC 55 46 83.6 9 16.4 43 33 76.7 10 23.3

CGrade
PUNLMP 8 8 100 0 0 0.376 3 3 100 0 0 0.459
Low 95 e 81.1 18 18.9 65 49 75.4 16 24.6
High 93 78 83.9 15 16.1 65 53 815 12 18.5

Lymph node metastasis
Yes 8 8 100 0 0 0.194 6 4 66.7 2 33.3 0.450
No 188 155 82.4 33 17.6 127 101 795 26 205

Bladder cancer history
Incipient 43 37 86.0 6 14.0 0.567 29 22 759 7 241 0.645
Relapse 153 126 82.4 27 17.6 104 83 79.8 21 20.2
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Clinical characteristic Normal Benign ccRCC
Sex

Male 9 2 53
Female 10 6 23
Fuhrman Grade

G1 n/a n/a 10
G2 n/a n/a 40
G3 n/a n/a 23
G4 n/a n/a 3
Clinical Stage (TNM) at diagnosis

T n/a n/a 51
T2 n/a n/a 3
T3 n/a n/a 18
T4 n/a n/a 3
Unknown T n/a n/a 1
Nx n/a n/a 65
NO n/a n/a 9
N1 n/a n/a 1
Unknown N n/a n/a 1
Mx n/a n/a 20
MO n/a n/a 51
M1 n/a n/a 5
Metastasis status post-diagnosis

Yes n/a n/a 16
No n/a n/a 60

n/a, not applicable.
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(A)

Analysis LDA >0.5

Sub-analysis LDA >0.5

AVD. CYSTOSCOPIES (%) MISSED Failure (%)

AVD. CYSTOSCOPIES (%) MISSED “real” Failure (%)

2 NEG tests 739 26.4 73.9 23.5
3 NEG tests 86.2 16.0 86.2 12.0
4 NEG tests 100 120 100 8.00
(B)
Analysis LDA >0.4 Sub-analysis LDA >0.4
AVD. CYSTOSCOPIES (%) MISSED Failure (%) AVD. CYSTOSCOPIES (%) MISSED “real” Failure (%)

2 NEG tests 522 16.7 52.2 16.6
3 NEG tests 55.2 125 55.2 6.25
4 NEG tests 68.0 1.8 68.0 5.89

The number of avoided cystoscopies and missed failure are referred to by two different definitions of failure. Failure according to the definition of the BIAS protocol and failure according to
the histological findings; (A) LDA =0.5, (B) LDA >0.4.





