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Editorial on the Research Topic 


Biomarkers in Genitourinary Cancers, Volume I


Genitourinary cancers are known as significant causes of mortality worldwide. This heterogeneous group includes, among others, the most common cancer in men, prostate cancer, the most common form of kidney cancer, renal cell carcinoma (RCC), and the 10th most common cancer, bladder cancer. These entities present biological diversity with various histological subtypes and a poor prognosis when metastatic.

There has been considerable progress in treating patients with genitourinary cancers due to the improved understanding of their pathological mechanisms and the identification of meaningful biomarkers. The treatment progress has led to a fundamental paradigm shift in treatments. For example, our current understanding of the immunogenicity of these tumours has improved tremendously. Thanks to that, today, immunotherapy is a reliable strategy to improve the outcomes of patients with metastatic urothelial carcinoma, renal cell carcinoma, and prostate cancer. However, there is still a critical need to enrich our understanding of additional molecular mechanisms.

Along with the mechanisms, there is an urgent requirement to identify novel biomarkers to progress the diagnosis and prognosis of genitourinary cancers and their treatment. Biomarkers have become a significant focus of research, primarily on how they can help predict response to systemic therapy, identify treatment resistance, and avoid toxicities. Biomarkers that reveal the mutated tumour suppressor genes, the altered signalling pathways and the aberrantly expressed molecules help select potentially responsive patients to a given therapy. In this way, biomarkers improve outcomes and reduce costs related to ineffective treatments, and, most importantly, they significantly upsurge patients’ quality of life.

This Research Topic named Biomarkers in Genitourinary Cancers includes an interesting and up to date palette of publications from prominent research and clinical groups focused on identifying significant and emerging prognostic and predictive biomarkers. These biomarkers encompass non-coding RNA, serum proteins, gene expression, and glycans, among other entities identified in patients’ cohorts, samples and in the increasing number of public databases.


Bladder Cancer

The review by Zhang et al. discussed biomarkers which predict bladder cancer lymphatic metastasis. The authors particularly emphasised the influence of non-coding RNA, its specific roles and prediction imaging models. In addition, they highlight non-coding RNA’s contribution to providing accurate diagnostic methods for future clinical applications⁠.

Wang et al. showed that among the non-coding RNA, the miR-20a-5p correlates with the recurrence of bladder cancer. Furthermore, the author reinforced that serum miR-17-92 cluster is overexpressed in bladder cancer. They also proposed a model composed of the three miR cluster members as a promising noninvasive biomarker for bladder cancer diagnosis⁠.

Li et al. constructed a prognostic signature to improve the prognosis prediction of advanced Bladder Urothelial Carcinoma based on ferroptosis-related genes. They used TCGA and another patient cohort, identified differentially expressed genes associated with overall survival, and generated a prognostic risk signature through LASSO regression analysis.

Xie et al. reported a novel model based on the ten inflammatory response-associated genes that can predict survival time for transitional bladder cancer. In addition, the authors provide clues for treatment strategies according to the drug sensitivity⁠.

Beyond genes, Carvalho et al. underscored the sialyl Tn as a cancer-associated glycan to detect urothelial bladder cancer cells in urinary samples that can serve as follow-up and long-term retrospective screening. In addition, the authors demonstrated that the microfluidic devices, which the authors called UriChip, can successfully be used to detect cancer cells in urine, paving the way for the development of a sialyl Tn -based medical devices.



Prostate Cancer

Basourakos et al. highlight recent advances in using tissue-based genomic tests to select the best treatments for prostate cancer and the existing evidence supporting their clinical use⁠. Chiu et al. showed that the Prostate Health Index density (PHID), a diagnostic indicator calculated based on serum biomarkers and prostate volume is an efficient predictor of clinically significant prostate cancer (csPCa). Therefore, they suggested, the PHID risk table to be used in standard clinical practice to screen men at the highest risk of having csPCa.

Shi et al. explored The Cancer Genome Atlas (TCGA) and other public databases the Oncomine and found that in prostate cancer, lysophosphatidic acid receptor 1 (LPAR1) is positively correlated with chemokine/chemokine receptors, probably regulating the migration of immune cells. LPAR1 is a potential prognostic biomarker and plays an essential part in immune infiltrates in prostate cancer.



Renal Cell Carcinoma

Kidney renal clear cell carcinoma (KIRC) and renal papillary cell carcinoma (KIRP) are the most common RCC types. Zhou et al. showed that the extracellular matrix protein collagen triple helix repeat containing 1 (CTHRC1) can predict tumour stage, metastasis and immune infiltration in KIRP and KIRC. This is due to the CTHRC1 role in modulating the tumour microenvironment and the authors also showed that its overexpression in KIRP and KIRC may be due to copy number variations (CNV) and DNA methylation⁠.

Li et al.’s performed a systematic review to investigate the prognostic value of aspartate transaminase (AST) to alanine transaminase (ALT) ratio, also known as De Ritis ratio. The authors concluded that De Ritis ratio significantly correlates with worse survival in patients with RCC. An elevated De Ritis ratio before treatments may serve as a prognostic biomarker in patients with RCC, although further studies are still necessary to validate this biomarker ⁠.

Cui et al. study suggested that Apolipoprotein C1 (APOC1) is a diagnostic and prognostic biomarker for clear cell Renal Cell Carcinoma (ccRCC). The author identified elevated APOC1 gene expression in databases and then, using tissue microarray, confirmed a significant correlation between APOC1, the tumour size and histological grade. Understanding the underneath tumorigenic mechanism may convert APOC1 into a new therapeutic target for the treatment of ccRCC.

On the other hand, Huang et al. analysed transcriptome data of ccRCC. They demonstrated that the ALDOB, EFHD1, and ESRRG genes are potential targets for medical therapy and could serve as diagnostic biomarkers for ccRCC⁠.

Zhu et al. investigated why ccRCC carrying wild-type Von Hippel–Lindau (VHL) tumour suppressor gene are more invasive and show higher morbidity. Applying applied bioinformatics approaches, these authors elected six survival-related differentially expressed RNAs upregulated in patients carrying wild type VHL, which helped to calculate risk scores predicting malignancy and prognosis⁠.

Studies conducted by Lv et al. highlighted the clinical significance of CD146 in ccRCC and provided novel insights into the immune function of CD146 in the tumour microenvironment ⁠. In another research article, the Lv et al. team showed that Fibrinogen-like Protein 1 (FGL1) facilitates the epithelial-to-mesenchymal transition (EMT) process and modulates the tumour microenvironment, which promotes ccRCC progression and metastasis. The authors suggest that targeting FGL1 can potentially improve the clinical outcomes of ccRCC patients⁠.

Zhang et al. put into evidence, in ccRCC, the role of pyroptosis, a programmed cell death with a highly inflammatory profile. The authors used gene expression data to show that pyroptosis regulators and pyroptosis index associated with the development and prognoses of ccRCC. Moreover, the authors validated the gene AIM2 the most significant immune-related pyroptosis regulator. AIM2 was therefore proposed as a predictor of the response to immunotherapy.

In non-metastatic RCC, ⁠Shang et al. demonstrated that neutrophil-associated NETosis and systemic lymphocyte perturbations occurred in patients with tumour thrombus and worse prognosis. This was replicated by a neutrophil-to-lymphocyte ratio ≥4 and considered an independent risk factor for patients ⁠. These two studies prove that assessing the cell death patterns may indicate the tumour status and guide therapeutic decisions. On the other hand, in metastatic RCC, Maruzzo et al. showed that thyroid hormones, when they reach a low fT3/fT4 ratio at baseline, are a decisive prognostic factor in patients under systemic treatment and independent of other biomarkers currently used in clinical practice⁠.

In two patients with metastatic ccRCC, and different sensitivity to axitinib–pembrolizumab combination Seront et al. found that in the case with decreased 68Ga metabolism it accompanies a decrease in size and number of lesions and, therefore a better response to treatment. The authors suggested that in ccRCC, 68Ga-Prostate-Specific Membrane Antigen (PSMA)-Positron Emitted Tomography (PET) predicts early response to systemic therapy. These studies confirm the relevance of PSMA as a predictive biomarker due to its significant expression in neovasculature⁠.



Other Genitourinary Cancers ⁠

Nonaka et al. reported a rare case of Solitary fibrous tumours (SFT), which rapidly progressed to death after admission, which contrasted with SFT typical favourable prognosis. The authors screened for known mutation and gene expression. They reported the first evidence that mutations in the tumour suppressor gene TP53 mutations and downregulation of NAB2-STAT6 fusion gene expression associates with dedifferentiation of tumours and subsequent malignancy⁠.

In summary, this Research Topic summarised recent findings in the quest for reliable and meaningful biomarkers in genitourinary cancers. Such biomarkers are often identified based on large cohorts of patients and using computer-aided tools to guarantee new prognostic biomarkers, and promising therapeutic targets.
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Prostate cancer is a common malignancy in men worldwide. Lysophosphatidic acid receptor 1 (LPAR1) is a critical gene and it mediates diverse biologic functions in tumor. However, the correlation between LPAR1 and prognosis in prostate cancer, as well as the potential mechanism, remains unclear. In the present study, LPAR1 expression analysis was based on The Cancer Genome Atlas (TCGA) and the Oncomine database. The correlation of LPAR1 on prognosis was also analyzed based on R studio. The association between LPAR1 and tumor-infiltrating immune cells were evaluated in the Tumor Immune Estimation Resource site, ssGSEA, and MCPcounter packages in R studio. Gene Set Enrichment Analysis and Gene Ontology analysis were used to analyze the function of LPAR1. TCGA datasets and the Oncomine database revealed that LPAR1 was significantly downregulated in prostate cancer. High LPAR1 expression was correlated with favorable overall survival. LPAR1 was involved in the activation, proliferation, differentiation, and migration of immune cells, and its expression was positively correlated with immune infiltrates, including CD4+ T cells, B cells, CD8+ T cells, neutrophils, macrophages, dendritic cells, and natural killer cells. Moreover, LPAR1 expression was positively correlated with those chemokine/chemokine receptors, indicating that LPAR1 may regulate the migration of immune cells. In summary, LPAR1 is a potential prognostic biomarker and plays an important part in immune infiltrates in prostate cancer.

Keywords: lysophosphatidic acid receptor 1, tumor-infiltrating immune cells, chemokines, migration, prostate cancer


INTRODUCTION

Prostate cancer is a common malignancy in men worldwide (1). It is also the second leading cause of death related to cancer around the western countries. Although several drugs for patients who were suffering from castration-resistant prostate cancer have been approved (2, 3), such as enzalutamide and abiraterone, there is still an urgent need for treating patients who have no response to androgen depravation therapy. The tumor microenvironment (TME) has been reported to be associated with prostate cancer progression (4–6). Immunotherapy, a promising strategy, showed antitumor effects in prostate cancer (7, 8). Recent studies have found that the tumor-infiltrating immune cells affect the prognosis of a patient and the antitumor efficacy of immunotherapy (9–12). However, the molecular immune-related mechanisms in prostate cancer remain ambiguous. Therefore, the identification of novel therapeutic biomarkers associated with immune infiltrates in prostate cancer is urgently needed.

Lysophosphatidic acid receptor 1 (LPAR1) is one of the G protein-coupled receptors and binds with lysophosphatidic acid (LPA) (13). It is involved in diverse biological functions, including chemotaxis (14), proliferation (15), cell differentiation (16), platelet aggregation (17), and tumor progression (13). A set of papers indicated that LPAR1 is a prognostic biomarker in various cancers and takes an important part in the development of prostate cancer (18–20). However, the LPAR1-correlated functions and mechanisms in tumor immunology and tumor progression remain to be explored.

The rapid development of high-throughput sequencing makes it possible to explore the mechanisms in diseases (21). The Cancer Genome Atlas (TCGA) is a landmark project that contains 32 human cancers through genome sequencing, making an effort to understand the molecular basis of cancer. It has been made available in order to figure out the function of LPAR1 in prostate cancer at a large scale.

Integrative analysis and several visualization methods were used in this present study to explore the mechanism of LPAR1 in prostate cancer. We investigated the LPAR1 expression levels and analyzed the correlation of LPAR1 and the prognosis of patients. Gene Ontology (GO) analysis, Gene Set Enrichment Analysis (GSEA), and several methods were also utilized to explore the potential function of LPAR1 in tumor progression and immune microenvironment. The findings suggested the potential mechanisms of LPAR1, giving us new insights into the important role of LPAR1 in prostate cancer.



MATERIALS AND METHODS

Data Source and Processing

The prostate adenocarcinoma (PRAD) clinical and molecular data (including mRNA expression and mutations) was extracted from the TCGA Data Portal (https://tcga-data.nci.nih.gov/tcga/) through the TCGAbiolinks (22) R package. In terms of the gene expression profile, we downloaded two types of data including raw counts data and transcripts per kilobase of per million mapped (TPM) data, one of the normalized gene expression estimations. We got the mRNA expression information of 52 normal patients and 499 tumor patients and the clinical information of 499 patients. In addition, the GSE6956 dataset was extracted from GEO database, including 69 tumor patients and 18 normal patients with prostate cancer.



Oncomine Database Analysis

The Oncomine microarray database was used for analysis (https://www.oncomine.org/). We screened the mRNA levels of LPAR1 in various types of cancers. P-value <0.05 and fold change >2 were restricted as the thresholds.



GO Analysis and GSEA

We separated all patients into two groups based on the median value of LPAR1 mRNA expression data. The log2 fold change and p-value calculated by DEseq2 (23) package were used as ranking metric. The GO terms (C5 collection in GSEA) were divided into three sub-collections: biological process (BP), molecular function, and cellular component. It is one of the most frequently used databases for pathway annotation. The two enrichment analyses were based on the BP sub-collection, which contains 7,350 genes. For the GO analysis, we used the Cytoscape (24) software and the ClueGO (25) app to analyze the function of differentially expressed genes (DEGs) with p-value < 0.01 and GO term network connectivity score equal to 0.6. As for GSEA, there is no need for the screening of differentially expressed genes. Hence, those genes that have a limit change in the transcriptional level but are functionally important can be retained. Compared to conventional GO and Kyoto Encyclopedia of Genes and Genomes enrichment analyses, GSEA retains more information. For GSEA, we made use of the clusterprofiler (26) R package in R studio, and the C5 collection was the gene set used in the present analysis.



TIMER Database Analysis

The Tumor Immune Estimation Resource (TIMER) (27) is an integrative web server for evaluating tumor-infiltrating immune cells across diverse cancer types (https://cistrome.shinyapps.io/timer/). The TIMER includes more than 10,000 samples across multiple cancer types of the TCGA. It applies a partial deconvolution linear least square regression method to calculate the abundance of immune infiltrates. We evaluated the correlation between LPAR1 expression and immune infiltrates in tumors, including CD8+ T cells, CD4+ T cells, dendritic cells, neutrophils, B cells, and macrophages.



Immune Infiltrates in Tumor Tissues

The Microenvironment Cell Populations counter (MCPcounter) method (28) and single-sample GSEA (ssGSEA) method (29) were used to calculate the level of tumor-infiltrating immune cells based on PRAD mRNA TPM data. The ssGSEA marker genes were extracted from the paper of Bindea et al. (30) and it included 24 types of immune cells. Figures were generated with a pheatmap R package.



Protein–Protein Interaction Analysis

The LPAR1 and chemokines/chemokine receptors were searched in a protein–protein interaction (PPI) network via the STRING database (https://string-db.org/). The minimum required interaction cutoff is 0.4. The edges between nodes represent protein–protein associations. The edge with blue color means that the two nodes have known interactions from curated databases. The yellow color means textmining. The black color means that the two nodes have a co-expression. The purple color means that the interactions of the two nodes were experimentally determined.



Statistical Analysis

The statistical analysis and the graphical work in this study were mainly conducted by R programming language with several packages, such as DEseq2 package, survival package, and TCGAbiolinks package. The survival curve based on log-rank test was depicted with Kaplan–Meier method. Univariate survival analysis was based on Cox proportional hazards model. Hazard ratio (HR) and log-rank test were used for comparing the overall survival between patients in different groups. Throughout the study, the threshold of statistical significance was P < 0.05.




RESULTS

LPAR1 mRNA Expression Was Downregulated in Diverse Cancers

To compare the mRNA expression levels of LPAR1 in normal and tumor tissues, we used the Oncomine database to determine the LPAR1 expression among multiple cancer types. This analysis indicated that LPAR1 was highly expressed in lymphoma and lowly expressed in prostate cancer, bladder cancer, brain and central nervous system cancer, head and neck cancer, colorectal cancer, kidney cancer, lung cancer, leukemia, melanoma, and ovarian cancer (Figure 1A). To further validate the LPAR1 expression in different cancers, we explored the differential gene expression between tumor and normal tissue among all TCGA datasets via TIMER database and show it in Figure 1B. LPAR1 was significantly lowly expressed in PRAD, breast invasive carcinoma (BRCA), bladder urothelial carcinoma (BLCA), colon adenocarcinoma (COAD), rectum adenocarcinoma (READ), head and neck cancer (HNSC), esophageal carcinoma (ESCA), kidney renal clear cell carcinoma (KIRC), kidney chromophobe (KICH), liver hepatocellular carcinoma (LIHC), thyroid carcinoma (THCA), stomach adenocarcinoma (STAD), and uterine corpus endometrial carcinoma (UCEC). In brief, LPAR1 was downregulated in colorectal cancer, breast cancer, kidney cancer, head and neck cancer, and prostate cancer based on the Oncomine database and TCGA.
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FIGURE 1. Lysophosphatidic acid receptor 1 (LPAR1) expression levels in different kinds of human cancers. (A) LPAR1 profile in different types of human cancers compared with normal tissues based on the Oncomine database. (B) The LPAR1 expression levels between tumor and normal tissue among all The Cancer Genome Atlas datasets were analyzed by the Tumor Immune Estimation Resource (**P < 0.01, ***P < 0.001).




Association of LPAR1 Expression and Immune Cell Populations

The association between LPAR1 and tumor-infiltrating immune cells in multiple cancer types was based on the TIMER database, including breast cancer, head and neck cancer, colorectal cancer, kidney cancer, and prostate cancer (Figure S1). We found that LPAR1 impacted tumor-infiltrating immune cells in prostate cancer (Figure 2A). The LPAR1 expression was negatively correlated with the purity of tumor (r = −0.475, P = 7.54e−25), Furthermore, the LPAR1 expression was positively correlated with the abundance of several immune cell types, including CD4+ T cells (r = 0.311, P = 1.21e−10), CD8+ T cells (r = 0.334, P = 2.84e−12), neutrophils (r = 0.362, P = 2.68e−14), macrophages (r = 0.435, P = 1.19e−20), and dendritic cells (r = 0.41, P = 2.95e−18) in PRAD. To validate these findings, we used the MCPcounter method. We evaluated the association between LPAR1 and tumor-infiltrating immune cells from the mRNA expression data. A strong positive correlation between LPAR1 and myeloid dendritic cells, T cells, B lineage, monocytic lineage, cytotoxic lymphocytes, and natural killer (NK) cells was seen (Figure 2B). In addition, the ssGSEA analysis (Figure 2C) revealed that LPAR1 was positively correlated with the infiltration of γδ T cells, effective memory T cells, central memory T cells, type 1 T helper cells, CD8+ T cells, dendritic cells (DCs), M1 macrophages, and B cells and negatively correlated with CD56 bright NK cells and Treg cells. In addition, LPAR1 was also positively correlated with tumor-infiltrating immune cells based on the GSE6956 dataset (Figure S2). Hence, LPAR1 may play critical roles in regulating antitumor immunity.


[image: Figure 2]
FIGURE 2. Correlation of lysophosphatidic acid receptor 1 (LPAR1) expression and tumor-infiltrating immune cells and prognosis in prostate adenocarcinoma (PRAD). (A) LPAR1 expression was significantly negatively related to tumor purity and had a positive correlation with the abundance of several immune cell types in PRAD, including CD8+ T cells, CD4+ T cells, macrophages, B cells, neutrophils, and dendritic cells. (B) Heatmap of the correlation between LPAR1 and T cells, B lineage, monocytic lineage, myeloid dendritic cells, cytotoxic lymphocytes, and natural killer cells as performed by the MCPcounter R package. Higher LPAR1 expression was associated with higher abundance of immune infiltrates in PRAD. (C) Heatmap of the correlation between LPAR1 and several immune cells based on ssGSEA R package. (D) Violin plot comparing the LPAR1 expression for patients with highly expressed LPAR1 vs. those with lowly expressed LPAR1 in prostate cancer with p-value < 0.001. (E) Kaplan–Meier plot comparing the overall survival for patients with highly expressed LPAR1 vs. those with lowly expressed LPAR1 in prostate cancer using log-rank test with p-value < 0.05.




LPAR1 Expression Level Was Associated With the Prognosis of Patients With Prostate Cancer

The downregulation of LPAR1 was validated by using the TCGA-PRAD dataset (Figure 2D). To gain deeper insights into the tumor mechanisms in human prostate cancer, we performed analyses to reveal the relevance between LPAR1 and the prognosis of patients with prostate cancer. Interestingly, as analyzed by Kaplan–Meier plot and log-rank tests, LPAR1 was correlated with the patients' clinical outcome (Figure 2E). In addition, we did a univariate cox proportional hazards regression analysis and found that a high LPAR1 expression was correlated with a favorable overall survival (OS) (HR = 0.51, P = 0.00462) in prostate cancer, suggesting that LPAR1 expression can impact the prognosis of patients with prostate cancer.



LPAR1 Was Related to Several Immune-Related Pathways in Prostate Cancer

Patients with high LPAR1 expression had a prolonged OS time, suggesting that LPAR1 may be involved in the initiation and the progression of prostate cancer. Then, we analyzed the RNA sequencing data downloaded from TCGA and compared the tumor samples between samples with high LPAR1 expression and samples with low LPAR1 expression. The volcano plot was shown in Figure 3A and DEGs were shown in Table S1, including 595 upregulated genes and 269 downregulated genes. We used upregulated genes in high LPAR1 patients for GO analysis. The GO analysis showed that the DEGs were enriched in a set of pathways, including passive transmembrane transporter activity, cell motility, metal ion transport, cell differentiation, tube development, G protein-coupled receptor signaling pathway, and chemotaxis (Figure 3B). In addition, the downregulated genes were enriched in pathways, including the detection of chemical stimulus, cell proliferation in the external granule layer, and telencephalon cell migration (Figure S3). The GSEA indicated the enrichment in many categories, such as leukocyte differentiation, lymphocyte-mediated immunity, divalent inorganic cation homeostasis, positive regulation of the defense response pathway, and regulation of cell morphogenesis (Figure 3C). We used the whole gene set after sorting for GSEA. The results of GSEA showed that LPAR1 participated in various functions and pathways, including antitumor immune responses.
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FIGURE 3. Gene Ontology (GO) and Gene Set Enrichment Analysis (GSEA) of tumor samples with high expression of lysophosphatidic acid receptor 1 (LPAR1) vs. those with low expression of LPAR1. The analysis was based on the biological process category in GO. (A) Volcano plot showing the differentially expressed genes (DEGs) comparing tumor samples between samples with high LPAR1 expression and samples with low LPAR1 expression. (B) The pie plot only showed the pathways with p-value < 0.01 and the GO term network connectivity score is 0.6. The upregulated DEGs were enriched in a set of pathways, including passive transmembrane transporter activity, cell motility, metal ion transport, cell differentiation, tube development, and G protein-coupled receptor signaling pathway. (C) The plot shows the top 20 categories with p-value < 0.05 via GSEA, including leukocyte differentiation, lymphocyte-mediated immunity, divalent inorganic cation homeostasis, positive regulation of defense response, regulation of body fluid levels, regulation of cell morphogenesis, and so on.


Furthermore, we found that LPAR1 can take part in several immune-related pathways and influence many processes of immune cells. The results indicated that LPAR1 was associated with the activation (Figure 4A) of T cell, NK cell, B cell, DC, and macrophage, the proliferation (Figure 4B) of T cell, NK cell, and B cell, the differentiation (Figure 4C) of T cell, NK cell, B cell, DC, and macrophage, and the migration (Figure 4D) of T cell, DC, neutrophil, and macrophage.


[image: Figure 4]
FIGURE 4. Immune cell-related pathways based on the Gene Set Enrichment Analysis (GSEA). (A) Lysophosphatidic acid receptor 1 (LPAR1) was associated with the activation of T cell, natural killer (NK) cell, B cell, dendritic cell (DC), and macrophage in Gene Ontology (GO) terms. (B) LPAR1 was associated with the proliferation of T cell, NK cell, and B cell in GO terms. (C) LPAR1 was associated with the differentiation of T cell, NK cell, B cell, DC, and macrophage in GO terms. (D) LPAR1 was associated with the migration of T cell, DC, neutrophil, and macrophage in GO terms.




Linear Correlation and PPI Network Between LPAR1, Chemokines, and Chemokine Receptors

To further clarify the association between LPAR1 and immune cell migration, we integrated chemokines and chemokine receptors in Figures 5A–I. As the figures show, LPAR1 expression was positively correlated with lymphocyte-associated chemokines and chemokine receptors, including CX3CL1, CX3CR1, CCL4, CCR5, CCL22, CCR4, CCL23, CCR1, XCL1, XCR1, CXCL9, CXCR3, CXCL1, CXCR2, CXCL16, CXCR6, CCL5, and CCR1. The correlation curves with two different y axes were performed by ggplot2 R package. Those chemokine and chemokine receptors that seemed to be upregulated with LPAR1 expression level increased. Hence, high LPAR1 expression may contribute to the migration of immune cells to the tumor tissues.


[image: Figure 5]
FIGURE 5. The scatter plot and correlation curve of lysophosphatidic acid receptor 1 (LPAR1), chemokines, and chemokine receptors. (A–I) LPAR1 was positively associated with CX3CL1, CX3CR1, CCL4, CCR5, CCL22, CCR4, CCL23, CCR1, XCL1, XCR1, CXCL9, CXCR3, CXCL1, CXCR2, CXCL16, CXCR6, CCL5, and CCR1. CCL, CC chemokine ligand; CCR, CC chemokine receptor; CXCR, CXC chemokine receptor; CXCL, CXC chemokine ligand; XCL, C chemokine ligand; XCR, C chemokine receptor; CX3CL, CX3C chemokine ligand; CX3CR, CX3C chemokine receptor.


To better understand the interactions among LPAR1 and chemokines or chemokine receptors, the STRING database was utilized to generate and visualize a PPI network. The PPI network showed that LPAR1 had known or predicted interactions with the various chemokines studied above (Figure 6A), including 10 nodes and 38 edges. The LPAR1/CCL5, LPAR1/CCL4, and LPAR1/XCL1 interactions were experimentally determined. The interactions of CCL4, CCL5, CXCL1, CXCL9, CXCL16, CX3CL1, and XCL1 with LPAR1 were all extracted from the curated databases. The PPI network among LPAR1 and chemokine receptors (Figure 6B) showed that the chemokine receptors, including CCR1, CCR4, CCR5, CXCR2, CXCR3, CXCR6, CX3CR1, and XCR1, had known interactions with LPAR1.


[image: Figure 6]
FIGURE 6. Protein–protein interactions (PPI) network based on lysophosphatidic acid receptor 1 (LPAR1) and chemokines/chemokine receptors with a minimum required interaction score > 0.40. (A) PPI network among LPAR1 and nine chemokines. (B) PPI network among LPAR1 and eight chemokine receptors.





DISCUSSION

The present study suggests, based on bioinformatics analysis, the importance of LPAR1 in prostate cancer. LPAR1 was lowly expressed in prostate cancer and was significantly related to patient survival. In addition, LPAR1 may be involved in the biological process when immune cells move into the tumor tissues and improve the TME of patients, which impact the development of prostate cancer and the prognosis of patients. Hence, LPAR1 is a potential immune-related biomarker in prostate cancer. Our findings offer deeper insights into the mechanisms of LPAR1 in the development of prostate cancer.

In this study, based on independent datasets in the Oncomine database and TCGA datasets, we examined the LPAR1 expression level in various types of cancer. The differential expression of LPAR1 was seen in a set of cancers between tumor and normal tissues. In the Oncomine database, the results showed that LPAR1 was highly expressed in lymphoma while lowly expressed in prostate, bladder, brain, colon, head and neck, kidney, leukemia, lung, melanoma, and ovarian cancers. The TCGA datasets showed that LPAR1 expression was significantly lowly expressed in PRAD, BLCA, BRCA, COAD, READ, ESCA, HNSC, KICH, KIRC, LIHC, STAD, THCA, and UCEC compared with normal tissues.

The TME has a great impact on the development of cancers (4–6, 31). Studies have shown that the TME, especially the immune microenvironment in tumor, can affect the prognosis of patients (32, 33). However, few reports elaborated the function of LPAR1 in the TME. Through the TIMER database, we found that LPAR1 impacted tumor-infiltrating immune cells in prostate cancer. The LPAR1 expression was significantly negatively related to tumor purity. It may contribute to the infiltration of various immune cells in prostate cancer, including B cells, dendritic cells, NK cells, CD8+ T cells, macrophages, and neutrophils. The MCPcounter and ssGSEA methods revealed that LPAR1 was positively correlated with the infiltration of various types of T cells (γδ T cells, effective memory T Cell, Th1 cells, central memory T cells, and CD8+ T cells), DCs, M1 macrophages, and B cells and negatively correlated with CD56 bright NK cells and Treg cells. The increase of NK cells and CD8+ T cells can help enhance the anti-tumor immunity by secreting various cytokines and releasing perforin and granzyme (34). The infiltration of DCs, the most powerful antigen-presenting cell, can help present antigenic peptides of tumor-associated or tumor-specific antigens to T cells (35). It has been reported that tumor-associated macrophages (36) have a double effect in tumor development. M1 macrophages secrete pro-inflammatory and chemokines, which participate in antigen presentation and immune surveillance, while M2 macrophages secrete inhibitory cytokines. With the LPAR1 upregulated, the M1 macrophages infiltrate into tumor sites and exert an anti-tumor function. The increasing infiltration of B cells helps to eliminate tumor by participating in antibody-dependent cell-mediated cytotoxicity. The CD56 bright NK cells, which are less cytotoxic compared with CD56 dim NK cells, decreased with the upregulation of LPAR1. LPAR1 also downregulates the infiltration of Treg cells, which protect the human body from tumor suppression. Consequently, LPAR1 may play a critical role in regulating TME in prostate cancer by participating in cellular and humoral immunity and motivating the anti-tumor function. Besides that, an analysis of TCGA revealed that the decreased LPAR1 expression was correlated with a poor prognosis in PRAD. A high LPAR1 expression has a correlation with a low HR for poor prognosis, suggesting that LPAR1 is a critical biomarker in prostate cancer.

Concerning biological function, LPAR1 participated in many signaling pathways in tumor cells through GO analysis, for example, passive transmembrane transporter activity, cell motility, metal ion transport, cell differentiation, tube development, G protein-coupled receptor signaling pathway, and chemotaxis. The GSEA results showed that the LPAR1 function was enriched in GO_Leukocyte_Differentiation and GO_Lymphocyte_Mediated_Immunity in prostate cancer. Furthermore, the GSEA on LPAR1 immune-related function indicates that LPAR1 influenced the activation, proliferation, differentiation, and migration of immune cells. It hints that LPAR1 improves the immune response of prostate cancer through various pathways.

LPAR1 has been proven to be associated with chemotaxis, which was also found in the present study. Studies had reported that LPAR1 played a critical role in the LPA-induced chemotactic migration of olfactory ensheathing cells (37). LPAR1-deficient rats showed decreased pulmonary influx of macrophages and neutrophils (38). A previous study showed that LPA promoted microglial migration and induced the secretion of chemokines and pro-inflammatory cytokines, as well as the expression of M1 markers (39, 40). LPA1 and LPA3 receptors play an important role in the synthesis of CXCL1 and its receptor CXCR2 and in the regulation of leukocyte recruitment (14). LPA can induce the chemotaxis of Th1 and Th2 cells (41), and it can promote T cell recruitment through CXCL13 synthesis (42). The chemotaxis of NK cells was also reported to be associated with LPA and LPA receptor (43). We integrated chemokines and chemokine receptors and analyzed the association between LPAR1 and immune cell migration to explore the potential immune-related mechanisms of LPAR1 in prostate cancer. Chemokines control the positioning and the migratory patterns of immune cells. Chemokines are critical for immune cell movement and homeostasis (44). The CX3CL1/CX3CR1 interaction functions in the recruitment of T cell, NK cell, and monocyte. The CX3CL1/CX3CR1 interaction is also associated with the activation of cytotoxic T lymphocytes and NK cell. The CCL4/CCR5 interaction promotes the recruitment of T cell, DC, monocyte, and NK cell, as well as T cell–DC interactions. The CCL22/CCR4 and XCL1/XCR1 interactions are associated with T cell and NK cell recruitment. CCL5/CCR1 takes part in macrophage and NK migration and T cell–DC interactions. The CCL23/CCR1 interaction is about monocyte, neutrophil, and T cell migration. CXCL9/CXCR3 promotes the recruitment of effector T cell. CXCL1/CXCR2 and CXCL16/CXCR6 are associated with neutrophil recruitment and natural killer T cell migration, respectively. In the present study, LPAR1 was not only positively correlated with those chemokine/chemokine receptors but also had known or predicted interactions with them based on the PPI network, indicating that LPAR1 may increase the immune infiltrates of tumor through regulating the migration of immune cells in prostate cancer.

As far as we know, this is the first study to elaborate the potential functions of LPAR1 and its association with tumor-infiltrating immune cells by using integrated bioinformatics analysis. However, this present study had limitations. Further molecular experiments are deserved to verify the mechanisms of LPAR1 and its effects on the clinical outcome in prostate cancer. Moreover, it is also important to integrate and elaborate the association between LPAR1 and chemokines/chemokine receptors, which can help us better understand the TME, especially the immune microenvironment in tumors.
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Background: Apolipoprotein C1 (APOC1) has been proved to play a critical role in gastric, breast, lung, and pancreatic cancer. However, the relationship between APOC1 and urinary tumors remains unclear. This study aimed to assess the diagnostic and prognostic value of APOC1 in urinary tumors.

Methods: We performed a pan analysis of APOC1 mRNA expression in urinary cancer using the Gene Expression Profiling Interactive Analysis (GEPIA) database. To further investigate the prognostic value of APOC1 expression in urinary cancers, the Kaplan-Meier plotter database was used. Furthermore, we collected the tumor and adjacent normal samples of 32 ccRCC patients to perform qRT-PCR and western blotting assays. A total of 72 cases with ccRCC were analyzed using tissue microarrays (TMAs).

Results: Our results based on Kaplan-Meier plotter database indicated that a high expression of APOC1 may lead to poor overall survival (OS, p = 0.0019) in patients with ccRCC. Furthermore, the cancer stages and tumor grade of ccRCC appeared to be strongly linked with APOC1 expression according to UALCAN database. Hence, we reached a preliminary conclusion that APOC1 may play a key role in the tumorigenesis and progression of ccRCC. Furthermore, the Kaplan-Meier survival curve analyses of 72 clinical patients indicated that high expression of APOC1 was associated with poor progression-free survival (PFS, p = 0.007) and OS (p = 0.022). In addition, univariate Cox regression analysis confirmed the significant relationship between APOC1 expression and survival (p = 0.038). The TMAs analysis in combination with the patients' clinicopathological features was also performed. The expression of APOC1 was found to be significantly correlated with the tumor size (p = 0.018) and histological grade (p = 0.016).

Conclusions: In conclusion, the findings of our study suggest that APOC1 may serve as a novel diagnostic and prognostic biomarker for ccRCC. Further evidence on the mechanism of APOC1 promoting tumor progression may transform it to a new therapeutic target for the treatment of ccRCC.
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INTRODUCTION

Kidney cancers account for ~2.2% of the global burden of all cancers, with more than 400,000 new diagnoses and 175,098 deaths worldwide in 2018 (1). Renal cell carcinoma (RCC) is the most common type, representing 85% of all kidney cancers (2). RCC consists of a family of carcinomas derived from the epithelium of renal tubules. The most frequent forms are clear cell renal cell carcinoma (ccRCC), papillary renal cell carcinoma, and chromophobe renal cell carcinoma. Approximately 80–90% of all RCCs are ccRCC, which is signified by the appearance of tumor cells with abundant clear cytoplasm (3). Patients with early stage ccRCC will benefit from timely surgical treatment, but for advanced tumors the 5-year survival rate is only 23% (2). Hence, it's of great urgency to improve our understanding of this disease and identify novel therapeutic targets with a better diagnostic and prognostic value.

Apolipoprotein C1 (APOC1), the smallest of all apolipoproteins (Mr = 6.6 kDa), is a member of the apolipoprotein C family and located at position 19q13.32. APOC1 is primarily expressed in the liver and activated when monocytes differentiate into macrophages (4). The encoded protein plays a central role in the metabolism of high-density lipoprotein (HDL) and very low-density lipoprotein (VLDL). This protein has also been shown to inhibit cholesteryl ester transfer protein in the plasma (5). In recent years, APOC1 was also reported to play significant roles in some biological processes, such as cholesterol catabolism, dendritic reorganization, and membrane remodeling (6, 7). APOC1 is associated with the progression of multiple diseases, including Alzheimer's disease, glomerulosclerosis, type 1 or type 2 diabetes, and diabetic nephropathy (8–11). Additionally, some studies revealed that APOC1 acts as an oncogene in the progression of some malignant tumors, including breast, pancreatic, colorectal, and lung cancer (11–15). However, the role of APOC1 in renal cancer has not been elucidated. The findings of our study revealed that APOC1 may act as an oncogene with novel prognostic and therapeutic target potential in ccRCC.



METHODS


GEPIA Database Analysis

The transcription profiling of APOC1 gene expression in a variety of urinary cancers was performed using the Gene Expression Profiling Interactive Analysis (GEPIA) database (http://gepia.cancer-pku.cn/index.html). We used The Cancer Genome Atlas (TCGA) tumors vs. TCGA normal + The Genotype-Tissue Expression (GTEx) normal datasets to draw the expression box plots. The log2FC cutoff was set as 1, and p-value cutoff was 0.01. Genes with higher |log2FC| values and lower q values than preset thresholds are considered differentially expressed genes (15).



Kaplan-Meier Plotter Database Analysis

The Kaplan Meier plotter (http://kmplot.com/analysis/) is used to assess the effect of 54 k genes on survival in 21 cancer types. The system includes gene chip and RNA-seq data-sources for the databases include Gene Expression Omnibus (GEO) and TCGA. The correlation between APOC1 mRNA expression and survival in kidney chromophobe (KICH), kidney renal clear cell carcinoma (KIRC), kidney renal papillary cell carcinoma (KIRP), prostate adenocarcinoma (PRAD), testicular germ cell tumors (TGCT), and bladder urothelial carcinoma (BLCA) was analyzed using the Kaplan-Meier plotter database. We split patients of all cancer stages to high and low APOC1 expression by auto select best cutoff. All possible cutoff values between the upper and lower quartiles are computed, and the best performing threshold is used as a cutoff. The log-rank p-value and hazard ratio with 95% confidence interval were also calculated. The follow-up threshold contained all survival time.



UALCAN Database Analysis

UALCAN (http://ualcan.path.uab.edu/index.html) is an interactive web portal for in-depth analysis of TCGA gene expression data (16). Here, we used UALCAN to investigate the potential relationship between the APOC1 expression level and tumor malignancy including cancer stage and tumor grade.



Sample Collection

The ccRCC tumor and normal tissues were acquired from patients who were diagnosed with ccRCC and underwent surgery at The First Affiliated Hospital of Nanjing Medical University between 2010 and 2018. Patients who were diagnosed with ccRCC by pathology were included, and those who had any medical history of other neoplasms were excluded. Finally, a total of 72 pairs of tissues were included in the cohort; 1 patient had metastasis by the time of surgery. We collected the clinical data and pathological features of these patients who were included in these tissue microarrays (TMAs). The deadline date of follow-up was July 2018. Samples for RNA and protein extraction were freshly frozen in liquid nitrogen and stored at −80°C. Samples for immunohistochemical analysis were formalin fixed. The study design and protocol was approved by the ethics committee of The First Affiliated Hospital of Nanjing Medical University. All patients included in this study provided informed consent.



Cell Culture and Treatment

Human renal cancer cell lines (786-O, 769-P, CAKI-1, CAKI-2, and ACHN) and human renal tubular epithelial cells (HK-2) were purchased from the Chinese Academy of Sciences (Shanghai, China). All cell lines were cultured at 37°C with 5% CO2. CAKI-1 and CAKI-2 were cultured in McCoy's 5A Medium (Gibco, Waltham, MA, USA); 786-O and 769-P were cultured in RPMI-1640 medium (Gibco, Grand Island, NY, USA). HK-2 was cultured in DMEM. The medium was supplemented with 10% fetal bovine serum (FBS) (Gibco, Grand Island, NY, USA).



RNA Extraction, Reverse Transcription, and Quantitative RT-PCR

Total RNA was extracted from renal tissues and cell lines using TRIzol reagent (Invitrogen, Carlsbad, CA, USA), following the manufacturer's protocol. The total RNA was reverse transcribed into complementary DNA (cDNA) using HiScript II (Vazyme, Shanghai, China). qRT-PCR was performed using SYBR Green I (Vazyme, Shanghai, China) on ABI 7900 system (Applied Biosystems, Carlsbad, CA, USA) and the primers for APOC1 were as follows: forward(F), 5′-AGGACAAGGCTCGGGAACTCAT-3′, and reverse(R), 5′-GATGTCACCCTTCAGGTCCTCA-3′. The primers for β-actin were as follows: (F), 5′-GAAGATCAAGATCATTGCTCCT-3′, and (R), 5′-TACTCCTGCTTGCTGATCCA-3′.



Western Blotting

Cell lines and renal tissues were lysed using RIPA Lysis Buffer (Beyotime biotechnology, Shanghai, China), and proteins were harvested and quantified using the bicinchoninic acid (BCA) kit (Beyotime biotechnology, Shanghai, China). Proteins were separated on a 15% gel using sodium dodecyl sulfate (SDS)-PAGE and transferred onto polyvinylidene fluoride (PVDF) membranes (Sigma-Aldrich, St. Louis, MO, USA). The membranes were blocked in Tris-buffered saline (TBS) containing 5% non-fat milk for 2 h. After incubation with an anti-APOC1 antibody (1:1,000, ab198288, Abcam), and an anti-GAPDH antibody (1:2,500, ab9485, Abcam) overnight at 4°C, the membranes were washed three times with TBS-T (TBS containing 0.1% Tween-20). Subsequently, the membranes were incubated in a secondary antibody solution at room temperature for 2 h. After washes, the signals were detected using the chemiluminescence system and analyzed with Image Lab Software.



Immunohistochemistry (IHC)

IHC staining and evaluation of it was performed as in previously described methods (17). In brief, the protein expression of APOC1 in serial ccRCC tumor tissues from TMAs was detected by anti-APOC1 antibody (1:400, ab198288, Abcam) and a secondary antibody (1:5,000, L3012-2, SAB). Immunoreactive score of Remmele and Stegner (IRS) system was used to determine the protein expression level. From previous methods, a final score >1 was considered a high APOC1 expression; otherwise, it was considered as low APOC1 expression.



Statistical Analysis

Chi-square test or Fisher's exact test was used to assess the associations between the protein expression level and clinicopathological factors. Kaplan-Meier curve and log-rank test were used to compare the progression free survival (PFS; progression-free survival was defined as the time between the diagnosis and the first unequivocal clinical or radiological sign of disease progress) and overall survival (OS; overall survival was defined as the time from randomization until death from any cause) in the study cohort. Additionally, univariate Cox regression analysis was performed. The Student's t-test was used to compare differences between two or three groups, and P < 0.05 was considered statistically significant. The analyses were performed using the SPSS 16.0 software and GraphPad Prism 7.0.




RESULTS


APOC1 Is Increased in Urinary Tumors and Correlates With the Prognosis of ccRCC in Patients Based on the Public Databases

We first investigated whether the mRNA expression of APOC1 was altered in urinary tumors. The results from the GEPIA database revealed that the APOC1 level was significantly increased in tumor tissues compared to that in normal tissues (Figure 1).


[image: Figure 1]
FIGURE 1. The mRNA expression of APOC1 was significantly increased in urinary tumor tissues, compared to that in normal tissues (*p <0.05).


To further explore the APOC1 expression pattern and its prognostic significance in urinary tumors, we used Kaplan-Meier plotter database to draw survival curves. As shown in Figure 2, high expression of APOC1 was significantly associated with shorter OS in ccRCC (p = 0.0019). However, longer overall survival was found in KIRP (p = 0.0078) with high level of APOC1. Additionally, high APOC1 had no statistical difference on the overall survival of other urinary tumors, including BLCA (p = 0.22), TGCT (p = 0.17), KICH (p = 0.61), and PRAD (p = 0.52).


[image: Figure 2]
FIGURE 2. Higher expression of APOC1 was significantly associated with shorter overall survival in KIRC (p = 0.0019). However, no such association was observed in KIRP (p = 0.0078), despite the high APOC1 levels. Additionally, high APOC1 had no significant association with the overall survival in other urinary tumors, including BLCA (p = 0.22), TGCT (p = 0.17), KICH (p = 0.61), and PRAD (p = 0.52).




APOC1 Promotes Tumor Progression in ccRCC

Given that APOC1 was upregulated in ccRCC tissues and its high expression led to shorter OS, we further investigated the role of APOC1 in the tumor progression of ccRCC based on the cancer stage and tumor grade. According to the analysis of UALCAN database (Figure 3A), we found that the expression of APOC1 increased with the development of KIRC, but no such observation was made in case of KIRP and KICH. Furthermore, higher expression of APOC1 was observed in higher tumor grade of KIRC (Figure 3B). Therefore, we speculated that APOC1 may act as an oncogene in ccRCC to promote tumor progression.


[image: Figure 3]
FIGURE 3. (A) The transcript level of APOC1 in different stages of kidney cancers. The expression of APOC1 increased with the development of KIRC, but made no sense for KIRP and KICH. (B) Similarly, the significantly difference in APOC1 expression was also found in ccRCC tumor grades.




Aberrant Expression of APOC1 in RCC Tumor Specimens and Cell Lines

To verify the above results, we subsequently performed qRT-PCR and western blot for the ccRCC tumor samples. A total of 32 ccRCC tumor tissues and adjacent normal tissues (normal tissues adjacent to the tumor volume) were collected. The PCR result is shown in Figure 4A. The transcriptional expression of APOC1 in tumor tissues was significantly higher than that in the adjacent tissues (p < 0.01). Similarly, the APOC1 protein level was also found to be higher in tumor tissues (Figure 4B).


[image: Figure 4]
FIGURE 4. (A) PCR results of the 32 ccRCC tumor tissues. The mRNA expression of APOC1 in tumor tissues was significantly higher than that in adjacent tissues (p < 0.01) (B) the APOC1 protein level was significantly higher in tumor tissues than that in adjacent tissues. (C) The western blot analysis of eight ccRCC patients with different tumor grades revealed higher protein expression of APOC1 in patients with higher tumor grade. (D,E) The mRNA and protein expression level of APOC1 was highest in CAKI-2. In addition to CAKI-2 and ACHN, all the other cell lines showed lower APOC1 expression than HK-2, which is considered as a normal tissue cell line (**p < 0.01, ***p < 0.001).


Subsequently, we investigated whether APOC1 was expressed in renal cancer cell lines (786-O, 769-P, CAKI-1, CAKI-2, and ACHN) and normal cell line HK-2. As displayed in Figures 4D,E, the mRNA and protein expression levels of APOC1 were highest in CAKI-2. In addition to CAKI-2 and ACHN, all the other cell lines showed a lower expression of APOC1 than HK-2.

The difference in the expression of APOC1 in the progression of ccRCC was also verified in this study. We collected eight ccRCC tumor tissue samples, half of which were with high Fuhrman grade (grade: 3–4) and half were with low Fuhrman grade (grade: 1–2), based on postoperative pathology. The western blot analysis revealed that higher protein expression of APOC1 could be found in patients of ccRCC with higher tumor grade (Figure 4C). These results were consistent with our current findings.



Expression Pattern of APOC1 in Clinical RCC Cohorts and Its Prognostic Validation

IHC staining assay was performed using TMAs tissues of our clinical cohort. As shown in Figure 5, a total of 72 ccRCC patients were classified into the low APOC1 expression group (IRS ≤ 1) and high APOC1 expression group (IRS>1) based on the IHC staining score. Finally, 45 of the 72 (62.5%) samples showed high expression of APOC1, while 27 (37.5%) of tissues with relatively low APOC1 level. The association between the APOC1 expression and clinicopathological characteristics of patients were summarized in Table 1. We found that high expression of APOC1 was significantly associated with the larger tumor size (p = 0.018) and advanced histological grade (p = 0.016). However, APOC1 expression status had no significant difference in the age, gender, and TNM stage of ccRCC patients.
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FIGURE 5. Representative pictures of ccRCC in tissue microarray by IHC, (a) (negative), (b) (weak brown), (c) (moderate brown), (d) (strong brown).



Table 1. Correlations between the expression of APOC1 and clinicopathological features in 72 ccRCC patients.

[image: Table 1]

In addition, we performed the outcome analysis of our clinical cohort to validate the prognostic significance of APOC1 expression in ccRCC. Kaplan-Meier curves revealed that the patients with high APOC1 expression had a shorter OS and PFS (p = 0.022 for OS and p = 0.007 for PFS, Figures 6A,B). Finally, univariate Cox regression analysis for the survival analysis was conducted to explore the significant value of APOC1 in prognosis (Table 2; HR, 0.209; 95% CI, 0.048–0.916 [p = 0.038]).


[image: Figure 6]
FIGURE 6. The APOC1 high expression group was associated with decreased overall survival (A) and progression-free survival (B) in 72 ccRCC patients. Log-rank p value was 0.022 for OS, and 0.007 for PFS.



Table 2. Univariate Cox regression for OS.
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DISCUSSION

In this study, we first investigated the APOC1 expression profile in urinary tumors and its relevant prognostic value in ccRCC. We compared the expression level of APOC1 in the urinary tumor tissues and normal tissues using databases and found a general higher expression in tumors as compared to that in normal tissues. Besides, high expression of APOC1 made a significant difference in the overall survival of patients with ccRCC and KIRP. We further investigated the role of APOC1 in the tumor progression of ccRCC and KIRP. Our observation found higher APOC1 expression in advanced tumor malignancy characterized by tumor grade and cancer stage of ccRCC. To verify the results from the analysis of databases, we collected tissue samples from patients with ccRCC to perform subsequent validation using qRT-PCR, western blotting, and IHC staining assays. The obtained results were consistent with our previous findings using the databases. Moreover, by analyzing the associations between APOC1 expression and the clinicopathological characteristics of patients with ccRCC, we confirmed the correlation between APOC1 expression and tumor size, which reflects the tumor's aggressiveness.

It is known that ccRCC is highly aggressive and distant metastasis often occurs during advanced tumor stage. About 30% of all patients with ccRCC have metastases at the time of diagnosis, and another 30–40% will develop metastases at a later stage (18). Recently, despite the development of molecular targeted therapies, ccRCC patients' treatment is still challenging once metastasis is manifested, leading to a 5-year survival of only 23% (2, 19). Hence, it's of pressing requirement indeed to identify effective targets to diagnose and intervene ccRCC at an early stage.

The ccRCC cells have the aggregation characteristics of cholesterol, cholesterol ester, and other lipids (20), suggesting that the content of cholesterol and cholesterol ester in ccRCC tissues is higher than that in normal kidney tissue (21). Cholesterol has been demonstrated to slightly promote the ccRCC cell proliferation, but it significantly increases the capacities of invasion and migration by regulating the KLF5/miR-27a/FBXW7 axis (22). APOC1 is present in chylomicrons, VLDL, and HDL. APOC1 acts as an exchangeable apolipoprotein between these lipoprotein classes with an important role in lipid transport, metabolism, and homeostasis (23). In vivo, the overexpression of human APOC1 in mice led to hyperlipidemia owing to the reduced uptake of VLDL and post-lipolysis particles by inhibiting the binding of VLDL to VLDLR (24). This could be one of the contributing factors in the high APOC1 expression leading to poor clinical outcomes for patients with ccRCC. Therefore, targeting APOC1 to regulate cholesterol metabolism may be a novel treatment approach.

Recently, the relationship between APOC1 and malignant tumors has been highlighted. APOC1 was demonstrated to promote cell proliferation in prostate cancer cells in vitro (25). In gastric cancer (GC), APOC1 revealed the value of diagnosing and prognosing for GC (17). In colorectal cancer, APOC1 played its proliferative activity by MAPK signaling (13), and in pancreatic cells it was found to inhibit apoptosis (12). Herein, our findings for the first time revealed that APOC1 could be considered as a potential diagnostic and prognostic biomarker for ccRCC. However, the limitation that cannot be ignored is the small sample scales in our study, which might weaken the statistical association between APOC1 expression and ccRCC progression. Nevertheless, analysis of ccRCC patients relying on TCGA datasets was also performed and further confirmed our results. Further research should be undertaken to uncover the potential mechanism of APOC1 promoting ccRCC tumor progression by regulating cholesterol metabolism. Better understanding of this may give a new hope for the treatment of advanced ccRCC patients.



CONCLUSIONS

In summary, this is the first study to investigate the role of APOC1 in ccRCC. APOC1 expression was much higher in ccRCC tumor tissues, and high expression of APOC1 correlated with a shorter OS, PFS, and poor clinical characters, including cancer stage, tumor grade, and tumor size. We speculate that APOC1 might act as a tumor promoter by regulating the cholesterol metabolism. However, further research should be carried out to reveal the underlying mechanism. Cumulatively, APOC1 may be a promising biomarker to diagnose ccRCC and predict prognostic outcomes in ccRCC patients.
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Bladder cancer is the most common malignancy of the urinary tract, having one of the highest recurrence rates and progression from non-muscle to muscle invasive bladder cancer that commonly leads to metastasis. Cystoscopy and urine cytology are the standard procedures for its detection but have limited clinical sensitivity and specificity. Herein, a microfluidic device, the UriChip, was developed for the enrichment of urothelial exfoliated cells from fresh and frozen urine, based on deformability and size, and the cancer-associated glycan Sialyl-Tn explored as a putative bladder cancer urinary biomarker. Spiking experiments with bladder cancer cell lines showed an isolation efficiency of 53%, while clinical sample analyses revealed retention of cells with various morphologies and sizes. in situ immunoassays demonstrated significantly higher number of Sialyl-Tn-positive cells in fresh and frozen voided urine from bladder cancer patients, compared to healthy individuals. Of note, urothelial exfoliated cells from cryopreserved urine sediments were also successfully isolated by the UriChip, and found to express significantly high levels of Sialyl-Tn. Remarkably, Sialyl-Tn expression is correlated with tumor stage and grade. Overall, our findings demonstrate the potential of UriChip and Sialyl-Tn to detect urothelial bladder cancer cells in follow-up and long-term retrospective studies.

Keywords: bladder cancer, microfluidics, liquid biopsy, urine, Sialyl-Tn


INTRODUCTION

Bladder cancer (BC) is the most common malignancy of the urinary tract (1). Cystoscopy and urine cytology are the standard pathological procedures for its detection (2, 3). However, cystoscopy is an invasive and expensive method with limited and operator-dependent sensitivity (4). On the other hand, urine cytology has low sensitivity for low-grade papillary tumors, depends on the examiner's subjective opinion, and displays long turnaround times (5–7). Although most patients are diagnosed with non-muscle invasive BC (NMIBC), which has a 5-year survival rate of 90% (8, 9), high recurrence rates (30–80%) impose long-term cystoscopy and cytology-based follow-ups after transurethral resection of malignant lesions (10, 11). Thus, management of BC is a hurdle with extremely high costs to health care systems (12, 13). To circumvent this issue, distinct BC biomarker assays have been developed targeting tumor-derived proteins or genetic material in voided urine (14–16). A few have reached commercialization, like the Urovysion and Immunocyt kits, showing superior sensitivity when compared to cytology (17). Still, their implementation in clinical diagnosis has been hampered by their high false-positive rates, complexity and high cost (18). In turn, BTA stat and BTA trak tests, which detect urinary human complement factor H-related protein, and NMP22/BladderChek, another protein-based test, have shown to report with limited sensitivity and selectivity for the diagnosis of BC (19–21). Hence, novel platforms and urinary biomarkers that may assist in early detection and monitoring of BC, as a non-invasive and cost-effective strategy, are of outmost importance.

Due to their high throughput and low cost, microfluidic-based diagnostic tools hold the promise for improved patient care and outcomes considering the limitations of current screening and diagnostic techniques as well as the societal and economic impact of BC (22, 23). Microfluidics enables precise manipulation of biological samples and can potentially provide portability and automation, offering exceptional advantages for clinical application (24). A panoply of microfluidic chips have been developed for blood-based biopsies, i.e., isolation of circulating tumor cells (CTCs) and/or tumor-derived material from blood of cancer patients with outstanding results (25–27). In the context of BC, we have recently reported two distinct microfluidic devices for CTC isolation and analysis (28, 29), while Alva et al. evaluated CTCs captured by the commercial system Isoflux (30). Despite the prognostic significance of CTCs in BC, microfluidic analysis of putative cancer biomarkers in voided urine would be ideal, non-invasive and provide significant benefits for patient monitoring, particularly at early stages of the disease, when survival rates are higher and CTCs may not yet be present. Nevertheless, only a scarcity of studies have used microfluidic chips for urine-based BC detection, employing different detection principles, complex systems, and processing times (31–34).

Built on our previous work regarding the development of microfluidic platforms for the capture of BC CTCs (28, 29), we herein report a new microfluidic chip for exfoliated tumor cell (ETC) enrichment from voided urine of BC patients. Importantly, ETCs are valuable sources of information regarding tumor biology and dynamics throughout the course of BC and treatment-follow up (35). A schematic representation of the experimental design used in this study is shown in Figure 1. This label-free strategy, based on cell size and deformability, allowed unbiased retention of ETCs of various sizes and morphologies. Moreover, ETCs were successfully isolated from fresh voided urine samples as well as from cryopreserved urine sediments, which to the best of our knowledge had never been assessed, revealing the feasibility of the system for retrospective analyses. A double marker analysis was performed using pan-cytokeratin (pan-CK) and Sialyl-Tn (STn), a tumor associated antigen overexpressed in BC but absent in the healthy urothelium (36). Our experiments showed, for the first time, STn expression in ETCs from patients, which correlated with staging and grading of BC. Noteworthy, data resulted from two independent data sets, corroborating the versatility of this platform and the potential of STn as a novel biomarker in liquid biopsies.


[image: Figure 1]
FIGURE 1. Schematic representation of the enrichment and analysis of urothelial exfoliated cells from bladder washes and voided urine of BC patients using the UriChip. Bladder washes and voided urine from BC patients were collected, subjected or not to cryopreservation and run into the UriChip. A dual biomarker immunoassay was then performed, comprising pan-CK (epithelial marker), STn (tumor associated marker), and DAPI (nuclei staining). Trapped cells were next imaged by immunofluorescence microscopy and nucleated cells expressing STn and/or CK counted. In parallel, corresponding FFPE tissues were screened for STn by immunohistochemistry and results compared to clinicopathological information of patients.




MATERIALS AND METHODS


Design and Fabrication of the UriChip Microfluidic Device

Masters were designed in AutoCAD software (Autodesk, USA) and consist of five rows of posts with increasingly narrower gap widths (50, 20, 15, 10, and 5 μm) (Figures 2A,B), allowing for a wide size-range of urothelial exfoliated cells to be captured (37, 38). A set of square posts with 100 μm gaps were incorporated for structural support of the channels and to prevent the device from clogging with urinary debris and large cell clusters. The design was patterned by direct write laser lithography (DWL 2.0 Heidelberg, Germany) on 200 mm silicon wafers (P/Boron, <100>, Siegert Wafer, Germany). Features with 20 μm depth were defined by silicon deep reactive ion etching (DRIE, STPS Pegasus, United Kingdom) with sulfur hexafluoride (SF6, Sigma 366 Aldrich, USA), and exposed areas passivated with octafluorocyclobutane (C4F8, Sigma Aldrich, USA). The etching of the features was confirmed by SEM inspection. Photoresist residues were stripped by oxygen plasma (PVA Tepla GIGAbatch 360M, Germany) and the wafer was diced using a DAD 3350 Dicing Saw (Disco, Japan). Masters were then cleaned with isopropyl alcohol (IPA, Sigma- Aldrich, USA), rinsed with deionized water and dried at 150°C. Finally, masters were hydrophobized through treatment with trichloro(1H,1H,2H,2H-perfluorooctyl)silane (97%, Sigma-Aldrich, USA) and cured for 1 h at 65°C.


[image: Figure 2]
FIGURE 2. Design and fabrication of the UriChip. (A) AutoCAD design of the UriChip. Design includes a circular inlet and outlet, square posts for structural support of the channels, pre-filtering system to prevent debris and large cell clusters, and five row of posts with increasingly narrower gap widths (50, 20, 15, 10, and 5 μm) to separate cells according to their size and deformability. (B) Scanning electron microscopy (SEM) image of the five rows of gaps in the master that will give rise to the posts of the UriChip. Scale bar, 100 μm. (C1) UriChip after fabrication with PDMS. (C2) Experimental setup for simultaneous analysis of four independent samples.


Devices were fabricated in polydimethylsiloxane (PDMS, Ellsworth Adhesives Iberica, Spain), which was prepared as a two-part system with mix ratio of 10:1 (w/w) base/curing agent, poured over the master, degassed and cured for 2 h at 65°C. Following that, the PDMS was unmolded and inlet and outlet made using a puncher. Irreversible bonding was achieved through surface activation of clean glass slides and PDMS replicas by low power oxygen plasma for 15 s (PDC-002-CE, Harrick Plasma, USA). Immediately after fabrication and bonding (Figure 2C1), microfluidic devices were connected to a multi-channel pressure controller which allows the simultaneous run of up to four independent devices (MFCS™-EZ, Fluigent, France) (Figure 2C2), and channels firstly primed with ethanol 70% (v/v) at 100 mbar to enhance the wettability, then rinsed with 10 mM of Phosphate Buffered Saline (PBS, Sigma-Aldrich, USA) at 200 mbar and lastly treated with 1% (w/v) Pluronic F-127 (Sigma-Aldrich, USA) overnight at 4°C to avoid unspecific cell attachment.



Cell Culture

Human urinary BC cell lines HT1376 and MCR-STn [overexpressing the sialyl-Tn antigen (39)] were grown in monolayer culture and maintained at 37°C in an atmosphere of 5% CO2 in RPMI 1640 GlutaMAX (Invitrogen, USA) and DMEM high glucose (Invitrogen, USA), respectively. Media were supplemented with 10% heat-inactivated fetal bovine serum and 1% penicillin-streptomycin (both from Invitrogen, USA). Cells were continuously monitored by microscopy to ensure they maintained their original morphology. Where appropriate, BC cells were harvested by incubation in 0.25% Trypsin-EDTA (Invitrogen, USA), washed with PBS and labeled with 12.5 μM calcein-AM (Sigma Aldrich, USA) according to the manufacturer's instructions.



Isolation of Human PBMCs

Peripheral blood (3 mL) was collected from healthy blood donors after informed consent, layered over histopaque-1077 (Sigma-Aldrich, USA) and centrifuged at room temperature for 10 min at 650 g, without active break. Peripheral blood mononuclear cells (PBMCs) were then gently collected from the gradient interface, washed twice and resuspended in PBS supplemented with 2% bovine serum albumin (BSA, Sigma-Aldrich, USA). Cell viability and concentration were determined using the Tuerk solution (Sigma-Aldrich, USA).



Collection and Processing of Patient Samples

BC patients were enrolled at the Urology department of Hospital da Senhora da Oliveira, Guimarães, Portugal (n = 8) and Hospital Universitario 12 de Ocubre, Madrid, Spain (n = 6). Voided urine samples (30–50 mL) from 14 patients were collected prior to transurethral resection of bladder tumor (TURBT). Bladder wash samples (10–30 mL) were obtained after flushing the bladder with saline buffer immediately before TURBT. Table 1 summarizes clinicopathological information obtained from the patients' clinical records. Biological samples were processed within 3 h upon collection, being centrifuged at 1,200 rpm for 5 min and washed twice in PBS. Pellets were then resuspended in 500 μL of PBS-2%BSA for immediate microfluidic analysis or frozen at −80°C for later analysis. As a normal control group, voided urine samples (n = 6) from healthy subjects were obtained and subjected to the same protocol. Formalin-fixed paraffin-embedded (FFPE) tumor tissue sections were also included in the study. All procedures were performed after patient informed consent and approval by the Ethics Committee of both hospitals.


Table 1. Clinicopathological features of patients included in this study.

[image: Table 1]



Analysis of Cell Entrapment in the UriChip Devices

HT1376 cells (1,000 cells in 500 μL of PBS) previously labeled with calcein-AM were injected into the UriChip microfluidic devices at two different inlet pressures (200 and 300 mbar) with the help of a pressure pump. Trapped cells were then fixed with 4% (w/v) formaldehyde solution (Sigma-Aldrich, USA) during 20 min and finally washed with PBS. Capture efficiency (CE) of HT1376 cells was determined by imaging and counting the number of calcein-AM-positive cells captured and comparing with the total input.

CE (%) = (captured HT1376 cells)/(total input HT1376 cells) × 100

To determine cancer cell capture purity in the presence of leucocytes (which may be found in the urine due to cancer associated inflammation), calcein-AM-stained HT1376 cells were next spiked in 500 μL of PBS containing unlabeled PBMCs at a 1:10 ratio, run at 200 mbar and fixed with 4% (w/v) formaldehyde solution as described above. Cell purity and PBMC retention were determined according the following formulas:

Purity (%) = [(captured HT1376 cells)/(captured HT1376 cells + captured PBMCs)] × 100

PBMC retention (%) = (captured PBMCs)/(total input PBMCs) × 100

Similarly, to evaluate the efficiency of isolating cancer cells from voided urine, MCR-STn cells were pre-stained with calcein-AM for 30 min at 37°C, spiked in 500 μL of PBS-2%BSA containing urine sediment from healthy subjects and run at 200 mbar. Cells were then fixed with 4% (w/v) formaldehyde solution and finally washed with PBS. The number of calcein-AM-positive MCR-STn cells captured in the device was compared to the total number of MCR-STn cells spiked, and CE determined.



Immunofluorescence Cell Staining and Detection

Patient samples (processed bladder washes or voided urine) were resuspended in PBS-2%BSA and injected into the chips at 200 mbar. After a 30 min incubation period with no flow to reduce unspecific binding, cells were fixed with 4% (w/v) formaldehyde for 20 min and further treated with 0.25% Triton X-100 in PBS for 5 min to induce cellular permeability. Subsequently, two washes with PBS were performed and mouse monoclonal anti-CK pan-FITC antibody (1:100 Clone C-11) and DAPI (1:1,000, both from Sigma-Aldrich, USA) diluted in PBS-2%BSA were loaded into the UriChips for 1 h in the dark. The immunostaining process ended by washing with PBS before imaging, with the flow rate set at 200 mbar during the entire procedure. Where appropriate, cells were also immunostained using the anti-STn mouse monoclonal antibody clone B72.3 (0.25 μg/mL in PBS-2%BSA, Abcam, UK) for 1 h and 30 min at room temperature, and labeled with a secondary goat anti-mouse IgG-TRITC antibody (1:1,000 in PBS-2%BSA, ThermoFisher Scientific, USA) for one additional hour, prior to cell fixation and permeabilization. Following sample processing, a fluorescence microscopy analysis of the captured cells was performed under an inverted fluorescence microscope (Ti-E, Nikon, Spain). A total of twenty-five fields (20x) per device were selected randomly and the number of captured cells counted. Only DAPI and STn-positive cells with identifiable cellular morphology and well-delimited cytoplasm were considered for cell enumeration, and count normalized to the total number of DAPI-positive cells.



Tissue Immunohistochemistry

FFPE tissue sections from patients with BC were screened for STn staining using the streptavidin/biotin peroxidase method with the anti-STn antibody, as previously described (29).



Neuraminidase Treatment

Samples were incubated with Clostridium perfringens neuraminidase (0.1 unit/mL, Sigma-Aldrich, USA) for 2 h at 37°C to cleave terminal sialic acid residues from glycoproteins on cell surfaces. The reaction was stopped with PBS washes.



Statistical Analysis

Statistical analysis was performed using GraphPad Prism, version 5 (GrapPad Software, Inc., La Jola, CA, USA). Data is presented as mean ± SD. Deviation from normality was tested using the D'Agostino and Pearson normality test. The Mann-Whitney test was used for unpaired samples and differences were considered to be significant when p < 0.05 (*p < 0.05; **p < 0.01; ***p < 0.001).




RESULTS


UriChip Performance With BC Cell Lines

The performance of the microfluidic device to capture BC cells was firstly investigated using HT1376 BC cells as a model, pre-stained with calcein-AM and spiked in PBS. As illustrated in Figure 3A, cells captured inside the chip were morphologically intact and remained mostly trapped in the rows of posts with 15–10 μm spacing, in agreement with their average cell size (15.5 μm, Figure S1A), and their higher ability to deform as compared to non-malignant counterparts (40).


[image: Figure 3]
FIGURE 3. UriChip performance with HT1376 bladder cancer cells. (A) HT1376 cells (pre-stained with calcein-AM) captured in the UriChip and visualized by fluorescence microscopy. Scale bar, 20 μm. (B) Capture efficiency (CE) of HT1376 cancer cells spiked in PBS and run at 200 and 300 mbar. (C) CE of HT1376 cells spiked in PBS solution containing PBMCs at 200 mbar input pressure (50%). Results are described as Mean ± S.D. of three independent experiments. * indicates statistical significance (p < 0.05).


To avoid the risk of device leaking and ensure the proper and intact morphology of urothelial exfoliated cells during the microfluidic capture, 300 mbar of inlet pressure was applied in the UriChip. On the other hand, to prevent squeezing of urothelial cells through the microposts under pressure and consequently their loss to the outlet, the minimum inlet pressure of 200 mbar was tested. By working on the range of 200–300 mbar, results revealed a higher CE of HT1376 cells at 200 mbar when compared to 300 mbar input pressure (Figure 3B). This result can be explained by increased hydrodynamic forces acting on the post-trapped cells at higher pressure values, causing cell loss. Hence, in all subsequent experiments the inlet pressure was set to 200 mbar.

Given that the urine of BC patients is heterogeneous and usually contains leucocytes due to cancer associated inflammation, we next investigated the CE of HT1376 cells pre-stained with calcein-AM in the presence of non-labeled PBMCs isolated from healthy donors, spiked in PBS. PBMC population comprises lymphocytes and monocytes that range between 7 and 15 μm in diameter with a high deformability capacity (41). Notably, CE of HT1376 cells increased up to 50% in comparison to single cell population suspensions, while PBMC retention was minimal (Figure 3C). In fact, a PBMC depletion of 96.1% was observed, hence maintaining high sample purity (62%).



Capture and Analysis of Human Urothelial Exfoliated Cells in the UriChip

Having confirmed the ability of the UriChip to isolate BC cells in single and mixed model samples, we further evaluated its potential for the capture and analysis of cells from clinical samples, known to be much more complex and heterogeneous. As such, we analyzed both bladder wash samples, which are highly cellular and contain well-preserved cells (42), as well as voided urine from BC patients and compared them to voided urine from healthy subjects. As expected, several types of urothelial exfoliated cells with distinct morphological features were observed either in healthy controls and patient samples (Figure 4A). Indeed, the urothelium is composed of multiple epithelial cell layers, namely basal, intermediate and umbrella cells (43, 44). Basal cells, which localize on the basal membrane of the bladder lining, are smaller (~10 μm in diameter), mononucleated, and cuboidal-rounded shape (Figure 4A1). Intermediate cells are pyriform in shape, 10–25 μm in diameter, and constitute the majority of the urothelium (Figure 4A2). Umbrella cells, the most superficial cells of the bladder lining, display a very large cytoplasm (25–250 μm in diameter), large and rounded nucleus sometimes bi- or multinucleated, as well as prominent nucleoli (Figure 4A3) (45). In addition, in patient samples, we also identified cells with increased nuclear/cytoplasmic (N/C) ratio, irregular nuclear borders and irregular chromatin patterns. Cells were found either isolated or in clusters, exhibiting various shapes and sizes, including CMV-like atypical cells with an “eye-bird” appearance (Figure 4A4); cells with enlarged nucleus or multinucleated (Figures 4A5,6), clusters of atypical cells (Figure 4A7), spindle-like cells (Figure 4A8), and granular membrane atypical cells (Figure 4A9), as previously reported (46–48). We further evaluated the shape deformation of captured urothelial exfoliated cells as they squeeze through the posts of the UriChip. Large captured cells from healthy controls mostly localized within upper rows of posts (≥20 gap width), while similar sized cells from BC patients were able to deform more and squeeze through narrower posts (Figure 4A10). These observations are supported by the fact that malignant urothelial cells from voided urine present reduced cell stiffness as compared to their healthy counterparts (47).


[image: Figure 4]
FIGURE 4. Analysis of UriChip-captured urothelial exfoliated cells from biological samples. (A) Microscopy images showing different types of urothelial exfoliated cells from human voided urine and bladder washes retained along the UriChip and stained for the nuclear marker DAPI (blue): (A1) basal cell, (A2) intermediate cells, (A3) umbrella cells, (A4) CMV-like cell, (A5) cell with a large nucleus, (A6) multinucleated cells, (A7) cell clusters, (A8) spindle-shaped cells, (A9) membrane garrulous cells, (A10) cell deformability capacity. (B) Isolated cells trapped between pillars of the UriChip were stained in situ with the anti-pan cytokeratin-FITC antibody (green) and the nuclear marker DAPI (blue). Scale bar, 20 μm.


Cytokeratins are highly expressed in intermediate filaments of normal and neoplastic epithelial cells (49). Hence, to validate the epithelial profile of captured cells from both healthy controls and BC patients, an on-chip immunoassay was performed using a pan-CK-FITC antibody. As illustrated in Figure 4B, the majority of the cells trapped inside the microfluidic device were nucleated and positive for cytokeratin expression, particularly in samples from healthy donors.

These results highlight the potential of the UriChip to retain cells of different sizes and shapes from voided urine, using a label-free approach. Moreover, morphological analysis of captured cells can be performed, and phenotypic characteristics identified via in situ immunofluorescence.



Rigorous Identification of Urothelial ETCs in Clinical Samples

In order to accurately identify urothelial ETCs and distinguish them from benign ones, we selected STn, a tumor associated antigen overexpressed in BC but absent in the healthy urothelium, as malignant biomarker (36). Indeed, STn has been directly associated with BC progression, metastatic potential of neoplastic cells, and decreased overall survival (28, 36). More importantly, we recently reported STn expression in microfluidic-isolated CTCs from BC patients (28, 29). For optimization purposes, we firstly used the invasive BC cell line MCR overexpressing STn antigen (MCR-STn), since STn levels in various non-transduced BC cells lines, including HT1376, are negligible (data not shown) (36). Figure 5A shows morphologically intact MCR-STn cells retained within UriChip and expressing high levels of STn mostly at the cell membrane but also intracellularly. Neuraminidase treatment confirmed STn labeling specificity, since after enzymatic release of STn no signal could be detected in captured cells (Figure S2A). Furthermore, MCR-STn cells were also immunostained for CK and found to be positive, corroborating their epithelial nature and further validating this dual marker microfluidic immunoassay (Figure 5A).


[image: Figure 5]
FIGURE 5. MCR-STn bladder cancer cells captured in the UriChip. (A) Immunofluorescence analysis showing the pattern of STn (orange) and pan-CK (green) expression in UriChip-captured MCR-STn cells. STn is mostly expressed at the cell membrane and cytoplasm of cancer cells. Cell nuclei were stained with DAPI (blue). Scale bar, 25 μm. (B) MCR-STn cells pre-labeled with calcein-AM (green) spiked in urine from healthy controls. Cell nuclei were stained with DAPI (blue). A capture efficiency of 53% was achieved. Scale bar, 15 μm.


STn expression enhances the migration and invasive capacity of MCR cells (36), which are larger (average cell size of 20 μm) than HT1376 (Figure S1B). In addition, cancer cells become more deformable as they become more invasive. Hence, considering that UriChip captures cells based on their size and deformability, we next reassessed its performance, in even more complex and heterogeneous samples such as urine. For that purpose, MCR-STn cells were pre-labeled with calcein-AM, spiked in voided urine from healthy donors, and stained for STn antigen (Figure 5B). To perform an accurate quantification of the BC cells trapped within the UriChip and rule out possible variations of STn expression levels on MCR-STn cells, the number of calcein and DAPI-positive cells was compared with the total number of MCR-STn cells spiked. Remarkably, the CE was found to be very similar (53%) to that achieved when using HT1376 spiked in PBMCs, demonstrating the good consistency of the UriChip for biological and heterogeneous samples.



STn Expression of Urothelial Exfoliated Cells Correlates With Tumor Invasiveness and Grade

We next moved to the pre-clinical testing of the UriChip using both bladder washes and fresh voided urine from BC patients and a combination of two biomarkers, STn and CK to detect malignant cells. Of note, we extended this analysis and evaluated UriChip and STn/CK immunoassay feasibility to detect cells from cryopreserved samples, greatly relevant for retrospective studies. Figure 6A depicts representative images obtained for each condition tested and shows enhanced STn expression in cells from BC patients as compared to healthy controls. STn labeling was found to be specific as confirmed by the loss of signal upon sample treatment with neuraminidase (Figure S2B). Moreover, STn expression in corresponding tissue sections was evaluated and found to be lower in low-grade NMIBC in comparison to high-grade lesions (Figure S3), while absent in the normal urothelium, in accordance with previous reports (28, 36). CK-positive cells were also found in all samples tested, characteristic of their epithelial origin. Remarkably, results also demonstrated that it was possible to successfully entrap urothelial cells subjected to cryopreservation, which retained the morphologic features and the immunophenotypic markers observed in non-preserved samples (Figure 6A). A quantitative analysis of the captured cells from all fresh and cryopreserved urine samples from BC patients was then performed, revealing that patient urothelial exfoliated cells express significantly higher levels of STn compared to healthy controls (Figure 6B). On the other hand, a significant reduction in the number of CK-positive cells from BC patients was detected (Figure 6B) suggesting a distinct state of differentiation of these epithelial cells. More importantly, we found significant correlations between STn expression and tumor stage and grade, with STn-positive cells decreasing CK expression with higher grade and stage (Figure 6C).


[image: Figure 6]
FIGURE 6. STn expression in bladder urothelial ETC isolated by the UriChip. (A) Immunofluorescence staining pattern of urothelial exfoliated cells captured in the UriChip from healthy controls and BC patient samples, namely bladder washes and voided urine, subjected or not to cryopreservation. Cells were probed for STn antigen (orange), pan-CK (green), and DAPI (blue). ETCs were identified according to the following criteria: DAPI-positive, STn-positive, and pan-CK-positive or negative. Scale bar, 20 μm. (B) Percentage of STn and pan-CK-positive cells in BC patients vs. healthy controls. As expected, expression of STn is significantly higher in BC (33.28%) compared with healthy controls (8.57%). p = 0.0006. In contrast, CK expression decreases significantly in BC (from 8.55% in healthy controls to 47.62% in BC). p = 0.0015. (C) Correlation of STn-positive and STn-positive/CK-negative cell count with tumor invasiveness and grade. Capture of STn-positive cells and STn-positive/CK-negative cells in the UriChip are significantly higher in muscle invasive BC and high grade bladder tumors (p = 0.0127). Statistical significance *p < 0.05, **p < 0.01, ***p < 0.001.





DISCUSSION

The working principle of UriChip device is based on size-exclusion and cell deformability, which allows for the capture and characterization of urothelial ETCs. In fact, urothelial ETCs, which are shed directly by the growing tumor in the bladder, are known to reflect disease progression (24) and for this reason, they have been widely used as a diagnostic marker in urine cytology. However, the standard diagnostic techniques, are limited considering the requirements for early-cancer diagnosis (1, 50). UriChip has revealed to be a simple and easy-to-use microfluidic device with easy fabrication and cost-effective procedure having the potential to be produced on an industrial scale and thus applied for clinical detection in low-resource settings. Urothelial exfoliated cells of various sizes and intact cellular morphology are efficiently harvested by UriChip from large volumes of patient samples. In addition, the design of five rows of posts with increasingly narrower gap widths enables to handle a wide range of urothelial exfoliated cells, both single and clustered, to be captured and characterized by immunoassays. In addition, the spatially square posts incorporated prevent the built-up of cellular and non-cellular debris and the damage of trapped cells.

Optimization tests were conducted with two distinct BC cell models, prior to the analysis of clinical samples: bladder washes, which contain well-preserved cells when collected before TURBT (42), and voided urine from BC patients, both frequently used for cytological assessment with equivalent results (51, 52). Patient body fluids were then compared to voided urine from healthy subjects. By using a multi-channel pressure controller, which compensates the increase of flow resistance caused by the numerous components of the urine, we were able to efficiently process four independent samples in parallel without rupture or leakage of the system. A few additional studies have also exploited microfluidic chips for urinary cell-based BC detection. However, these involved intricate equipment (31), long incubation periods for surface functionalization and immune affinity selection (34) or lacked clinical validation (32).

Spiking experiments demonstrated that, using the UriChip, the CE of BC cells spiked in leukocytes and urine from healthy donors achieved 53%, typical for size-based filtration (53, 54). Higher efficiencies have recently been reported by Cheng et al., using a size-based microfluidic system, but with less complex model samples, i.e., with BC cells diluted in PBS which do not fully represent the cellular heterogeneity of biological samples (33). Accordingly, cells with different sizes and morphologies were found to be retained in the UriChip, with those originating from BC patients exhibiting higher shape deformation capacity and squeezing though narrower gaps in comparison to similar sized urothelial cells from urine of healthy donors. Consistent with our observations, previous reports using microfluidics and other methodologies confirmed the reduced stiffness of bladder and other cancerous cells compared to their non-malignant counterparts (47, 55–57).

In addition, we phenotypically characterized captured cells in situ, via a microfluidic immunoassay involving the epithelial marker, pan-CK, and the tumor-associated glycan, STn. On-chip immunostaining of CTCs isolated from blood samples by microfluidics with distinct biomarkers has been extensively performed (27, 58), and has also been tested with BC urothelial exfoliated cells with good detection accuracy (33), which demonstrates the potential of this approach for effective screening and diagnosis of BC. Based on our previous work showing that more than 90% of BC CTCs captured by a size-based microfluidic device were STn positive (28, 29), we explored the expression of STn in exfoliated cells present in voided urine. Importantly, this antigen is overexpressed in primary bladder tumors, lymph nodes, and distant metastasis, while absent or marginally present on normal urothelium (28, 36), and correlates with decreased overall survival (28). Moreover, STn has been directly associated with a more aggressive phenotype of tumor cells, conferring an invasive potential (59–61). Notably, we found, for the first time, significant high levels of STn in captured urothelial exfoliated cells from voided urine of BC patients. STn expression in corresponding primary tumors was also evaluated in all patients tested and found to be positive. Additionally, STn expression in urinary BC cells significantly correlated with tumor grade and invasiveness, in agreement with STn expression pattern in the tissue, further supporting previously reported findings (28, 29). Notably, a detailed analysis of the STn-positive cell population revealed that these cells display lower levels of CK, indicative of a more mesenchymal-like phenotype. This was particularly evident in more advanced grade tumors, supportive of STn association with tumor aggressiveness. These results suggest that throughout BC progression, urothelial cells undergo an epithelial to mesenchymal transition, with increased potential to invade. Accordingly, we have previously reported that the percentage of CTCs expressing STn was three times higher than those expressing the epithelial marker EpCAM (29), thus linking STn to tumor progression and dissemination.

Parallel to the analysis of fresh clinical samples, we also evaluated cryopreserved patient samples in the UriChip. Results showed that cryopreserved BC cells were successfully isolated and maintained the morphologic features and phenotypic markers, evidencing the versatility of this low-cost system and its feasibility for multi-centric and retrospective analysis on archived samples. To the best of our knowledge, this is the first study evaluating cryopreserved urine sediments by microfluidics. Yet, a large-scale clinical trial is needed to validate the device, particularly for clinical implementation. Proper external regulatory approval would be also necessary. Increasing the cohort of patients with BC (from different grades and stages) will enable to assess the detection accuracy of UriChip. Additionally, further studies by combining UriChip immunoassay with traditional cytology and comparing with commercial available FDA-approved markers are warranted to validate the present findings. Furthermore, the capture and enrichment of intact urothelial exfoliated cells within UriChip provide the opportunity for downstream on-chip proteomic and off-chip single-cell genomic analyses for a precise diagnosis of BC.

Overall, UriChip microfluidic-based platform is able to efficiently capture and enrich urothelial exfoliated cells, from both fresh and frozen voided urine of BC patients, according to their size and deformability. Notably, STn expression in ETCs from patients from two independent data sets was demonstrated herein for the first time, which correlated with staging and grading of BC.

Combination with high-throughput processing and automation may constitute a first step toward a fully integrated system for rapid label-free capture, on-chip phenotypic characterization and enumeration of BC cells. In addition, exploring glycosylation of tumor cells in body fluids, namely STn expression, will offer a more selective malignant cell isolation, paving the way to downstream molecular analysis and fostering precision medicine applications in bladder cancer and other malignancies.
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Kidney renal clear cell carcinoma (KIRC) and kidney renal papillary cell carcinoma (KIRP) are the most common RCC types. RCC has high immune infiltration levels, and immunotherapy is currently one of the most promising treatments for RCC. Collagen triple helix repeat containing 1 (CTHRC1) is an extracellular matrix protein that regulates tumor invasion and modulates the tumor microenvironment. However, the association of CTHRC1 with the prognosis and tumor-infiltrating lymphocytes of KIRP and KIRC has not been reported. We examined the CTHRC1 expression differences in multiple tumor tissues and normal tissues via exploring TIMER, Oncomine, and UALCAN databases. Then, we searched the Kaplan-Meier plotter database to evaluate the correlation of CTHRC1 mRNA level with clinical outcomes. Subsequently, the TIMER platform and TISIDB website were chosen to assess the correlation of CTHRC1 with tumor immune cell infiltration level. We further explored the causes of aberrant CTHRC1 expression in tumorigenesis. We found that CTHRC1 level was significantly elevated in KIRP and KIRC tissues relative to normal tissues. CTHRC1 expression associates with tumor stage, histology, lymph node metastasis, and poor clinical prognosis in KIRP. The CTHRC1 level correlates to tumor grade, stage, nodal metastasis, and worse survival prognosis. Additionally, CTHRC1 is positively related to different tumor-infiltrating immune cells in KIRP and KIRC. Moreover, CTHRC1 was closely correlated with the gene markers of diverse immune cells. Also, high CTHRC1 expression predicted a worse prognosis in KIRP and KIRC based on immune cells. Copy number variations (CNV) and DNA methylation might contribute to the abnormal upregulation of CTHRC1 in KIRP and KIRC. In conclusion, CTHRC1 can serve as a biomarker to predict the prognosis and immune infiltration in KIRP and KIRC.
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Introduction

Kidney cancer is among the top ten causes of cancer-related deaths. There are various subtypes of kidney cancer based on mixed histology, clinical course, and gene course. Renal cell carcinoma (RCC) is the most important type of kidney cancer (1). Besides, kidney renal clear cell carcinoma (KIRC) and kidney renal papillary cell carcinoma (KIRP) account for almost 95% of all renal cell cancers (2). The diagnosis, examination, surgery, and drug therapy of RCC have been advanced. However, its clinical outcome remains unsatisfactory (3, 4). RCC is a heterogeneous tumor that requires useful molecular markers suitable for personalized therapy (5, 6).

During cancer tumorigenesis and progression, tumor cells are affected by the tumor-infiltrating immune cells (7, 8). The immune invasion of the tumor is closely associated with the clinical prognosis of RCC. Precious studies indicated that tumor-infiltrating macrophages, regulatory T Cells (Treg cells), and CD8+ T cells influence RCC treatment outcomes (9–11). Besides, M1 macrophages are associated with better prognosis, while M2 macrophages predict poor outcome in KIRP. Immunoregulatory molecules CTLA-4 and LAG-3 associate with a poor prognosis in KIRC, while IDO1 and PD-L2 correlate with a poor prognosis in KIRP (12). These findings demonstrate that tumor infiltration of immune cells may be a useful drug target that improving clinical outcomes.

Tumor microenvironment comprises infiltrating immune cells, stromal cells, extracellular matrix, and tumor cells. Several studies have reported that tumor-infiltrating lymphocytes have different vital roles in tumor development. For example, tumor-associated macrophages (TAM) promotes cancer metastasis (13). CTHRC1 is a 30 kDa secreted protein, which is highly expressed in cartilage, developing bones, and myofibroblasts during skin wound healing and solid tumors (14, 15). Previous studies indicate that CTHRC1 promotes tumor cell progression via influencing specific pathways in various cancer types. CTHRC1 is elevated in cervical carcinoma and promotes metastasis through the Wnt/PCP pathway. In contrast, CTHRC1 modulates aggressiveness via GSK-3β/β-catenin pathway in human non-small cell lung cancer (16). Therefore, CTHRC1 is suggested to play an essential role in cancer progression. Current studies have found CTHRC1 function in modulating the tumor microenvironment via the E6/E7-p53-POU2F1 axis or focal adhesion kinase signal pathway (17, 18). In endometrial cancer, CTHRC1 promotes M2-like macrophage recruitment and myometrial invasion via the integrin-Akt signaling pathway (19). Thus, CTHRC1 has multifaceted functions in the tumor microenvironment. However, the underlying mechanisms of CTHRC1 in KIRP and KIRC progression and tumor-infiltrating lymphocytes remains unclear.

In this study, we used Oncomine, TIMER, UALCAN datasets, and Kaplan–Meier plotter web to analyze CTHRC1 expression and its association with the prognosis. Furthermore, we used the TIMER web resource and TISIDB database to analyze the correlation between CTHRC1 and tumor-infiltrated immune cells in the tumor microenvironment. Besides, we further explored the molecular mechanisms of CTHRC1 dysregulation, such as analysis of the CNV, DNA methylation, and somatic cell mutations. Our findings underline the vital role of CTHRC1 in KIRP and KIRC prognosis. Also, we provide an underlying mechanism of CTHRC1 expression in potentially regulating the infiltration of immune cells, partly affecting the prognosis of KIRP and KIRC.



Materials and Methods


Oncomine Database Analysis

Oncomine database (https://www.oncomine.org/resource/main.html) integrates literature and databases of tumor microarray results and is mainly used for gene expression analysis, co-expression analysis, enrichment analysis, interaction networks (20). We used the Oncomine database to analyze CTHRC1 expression in various cancer types.



TIMER Database Analysis

TIMER web server (https://cistrome.shinyapps.io/timer/) is a website for comprehensive analysis of gene expression and tumor-infiltrating immune cells of diverse cancer types. This web assesses the abundances of six tumor-infiltrating cells (B cells, CD4+ T cells, CD8+ T cells, neutrophils, macrophages, and dendritic cells), using the TIMER algorithm (21). TIMER website also enables the user to explore gene expression in tumor tissues and normal tissues in multiple cancers. We used the TIMER website to analyze the differential expression of CTHRC1 in tumor and normal tissues in various cancers. We evaluated the correlation of CTHRC1 with 6 tumor immune infiltrating cells and molecular markers of 16 immune cells. We also used this web to explore the relationship between immune infiltrating cells and gene expression that affects clinical prognosis in KIRP and KIRC. The levels of gene expression were expressed as log2 RSEM.



UALCAN Database Analysis

UALCAN database (http://ualcan.path.uab.edu/index.html) is available for online analysis of differential gene expression in cancer and normal tissue from the TCGA RNA sequencing data and clinical data of 31 malignancies (22). Besides, this website provides survival prognosis data based on gene expression differences in 31 cancer types. This study used the UALCAN database to validate the analysis results of the Oncomine database, and furtherly determined the correlation between CTHRC1 gene expression and clinical features. Differences at p<0.05 were considered statistically significant.



Kaplan-Meier Plotter Database Analysis

Kaplan-Meier plotter (http://kmplot.com/analysis/) (23) is an open, intuitive portal tool for prognostic analysis. It contains 54,675 genes survival data from 10,461 cancer samples. Kaplan-Meier plotter database was used to assess the relationship between clinic outcomes and CTHRC1 expression in different cancers. We performed a prognostic analysis based on CTHRC1 expression levels in relevant immune cell subgroups using this web. We calculated hazard ratios (HRs) of 95% confidence intervals (CIs) and the log-rank p-value.



TISIDB

TISIDB database (http://cis.Hku.hk/TISIDB/) is a portal for analyzing tumor and immune cell interactions that integrates multiple heterogeneous data types (24). We analyze the correlation between CTHRC1 expression and tumor-infiltrating lymphocytes via this platform.



UCSC Xena

UCSC Xena database (http://xena.ucsc.edu/) is a genome-related database, which brings approximately 200 public databases together, including TCGA, ICGC, TARGET, GTEx, CCL, etc. (25). The database is available to examine copy number and methylation, somatic mutation, gene expression, protein expression. This web also provides clinical information such as patient treatment and survival.



DiseaseMeth Version 2.0

The Human Disease Methylation Database (http://bioinfo.hrbmu.edu.cn/diseasemeth/) is an interactive database that provides annotation and analysis of abnormal DNA methylation in human diseases, especially cancers, which includes 32701 samples, 88 diseases, 679602 disease-gene associations (26).



Statistical Analysis

The CTHRC1 expression was analyzed via the Oncomine, TIMER, and UALCAN database. Survival curves were generated using the Kaplan-Meier plotter database and R project using “survival” packages. We used Spearman’s correlation analysis to evaluate the correlation of gene expression in the TIMER. p<0.05 were considered statistically significant.




Results


The Collagen Triple Helix Repeat Containing 1 mRNA Expression in Different Cancers

We analyzed the mRNA expression of CTHRC1 using the Oncomine database. The results showed that CTHRC1 was significantly high in various cancer tissues, compared to normal tissues (Figure 1A). Then, the mRNA level in the TIMER database was determined. We found that CTHRC1 mRNA expression was significantly high in most human tumors, especially in KIRP and KIRC, compared with the corresponding normal tissues (Figure 1B). These results showed that CTHRC1 was highly expressed in various cancers. Besides, we used the UALCAN database to validate the findings in Oncomine and TIMER web and reported higher expression of CTHRC1 in KIRP and KIRC tissues than in normal tissues (Figures 1C, G). Notably, CTHRC1 expression was associated with tumor histology, stage, lymph node metastasis in KIRP (Figures 1D–F). Meanwhile, the high CTHRC1 level in KIRC was related to lymph node metastasis high grade and stage (Figures 1H–J).




Figure 1 | The expression of CTHRC1 in different cancers and its relationship with individual clinical parameters of KIRP and KIRC. (A) CTHRC1 level in different cancers tissues compared to normal tissues in the Oncomine database. (B) CTHRC1 expression of different tumor types in the TIMER database. (C) CTHRC1 expression difference in KIRP samples. (D–F) CTHRC1 mRNA expressions were remarkably correlated with KIRP patients’ individual cancer histologic subtypes (D), stages (E), nodal metastasis (F). (G) Differential expression of CTHRC1 in KIRC tissues. (H–J) CTHRC1 level were significantly associated with KIRC patients’ individual cancer grade (H), stages (I), nodal metastasis (J). N0: Metastases in 1 to 3 axillary lymph nodes, N1: Metastases in 1 to 3 axillary lymph nodes, N2: Metastases in 4 to 9 axillary lymph nodes. *p<0.05, **p<0.01, ***p<0.001.





Prognostic Significance of Collagen Triple Helix Repeat Containing 1 Expression in Human Cancers

We investigated the Kaplan-Meier plotter database for the prognostic significance of CTHRC1 expression in human cancers. High levels of CTHRC1 predicted poor prognostic in KIRP (Figures 2A, B), KIRC (Figures 2C, D), THCA (Figures 2E, F), and LUAD (Figures 2G, H). As Kaplan-Meier plotter analyzes only OS and RFS value, we assessed the multiple clinical prognostic value of CTHRC1 in a variety of cancers by R project using “survival” packages. Forest plot showed CTHRC1 as a risk factor of different prognosis in KIRP and KIRC (Figure 3). Besides, we generated the Kaplan-Meier plot, which showed that high expression of CTHRC1 had a poor prognosis in KIRP (Supplementary Figures S1A–D) and KIRC (Supplementary Figures S1E–H). These findings indicated that CTHRC1 is a hazard for predicting worse prognostic in KIRP and KIRC.




Figure 2 | Comparison of Kaplan-Meier survival curves of CTHRC1 high and low expression in different cancers. (A, B) High CTHRC1 expression had poor OS and RFS in KIRP (n=288). (C, D) Upregulated CTHRC1 expression had worse OS and RFS in KIRC (n=530). (E, F) Difference in survival among high and low CTHRC1 levels in THCA (n=502). (G, H) Survival differences of CTHRC1 expression in LUAD (n=513).






Figure 3 | Forest plot of the prognostic values in various cancer subgroups of CTHRC1. (A–D) Prognostic HR of CTHRC1 in different cancers for OS (A), DSS (B), DFI (C), PFI (D).





Correlation of Collagen Triple Helix Repeat Containing 1 Expression With Clinical Characteristics of Kidney Renal Papillary Cell Carcinoma and Kidney Renal Clear Cell Carcinoma Patients

Then, we investigated the association of CTHRC1 expression with different clinical characteristics of KIRP and KIRC using the Kaplan-Meier Plotter database (Table 1). High CTHRC1 level was associated with poorer OS and RFS in females (OS: HR=7.87, p=0.00021; RFS: HR=8.01, p=0.0022) and stage 3 (OS: HR=4.87, p=0.0028; RFS: HR=9.2, p=0.00021) in KIRP. Similarly, upregulated levels of CTHRC1 was correlated with worse prognostic outcomes in males (OS: HR=1.71, p=0.0143; RFS: HR=5.44, p=0.0025), and stage 2 (OS: HR=13.51, p=0.0021), stage 3 (RFS: HR=4.65, p=0.0457), stage 4 (OS: HR=1.72, p=0.0345) in KIRC. These results illustrate that the prognostic value of the CTHRC1 mRNA level, following their clinical characteristics, particularly in the advanced stage of KIRP and KIRC patients.


Table 1 | Correlation of CTHRC1 mRNA expression and prognosis in KIRP and KIRC with different clinicopathological factors by Kaplan-Meier plotter.





Collagen Triple Helix Repeat Containing 1 Expression is Correlated With Immune Infiltration in Kidney Renal Papillary Cell Carcinoma and Kidney Renal Clear Cell Carcinoma

Tumor-infiltrating lymphocytes can independently be used to predict sentinel lymph node status and prognosis in cancers (27, 28). Therefore, we used TIMER to analyze the correlation of CTHRC1 level with immune infiltration levels in various cancer types. The results showed that CTHRC1 expression is significantly positively correlated with B cells (r=0.311, p=3.66e-07), CD4+ T cells (r=0.347, p=1.03e-08), CD8+ T cells (r=0.324, p=1.03e-07), dendritic cells (r=0.463, p=4.98e-15) and neutrophils (r=0.464, p=3.66e-15) in KIRP (Figure 4A). Besides, the CTHRC1 level showed a positive correlation with infiltrating levels of CD4+ T cells (r=0.195, p=2.63e-05), neutrophils (r=0.214, p=3.89e-06), macrophage (r=0.187, p=6.54e-04), dendritic cell (r=0.152, p=1.12e-03) in KIRC (Figure 4B). However, CTHRC1 was not correlated with B cells (r=−0.053, p=3.80e-01), CD4+ T cells (r=0.021, p=7.27e-01), CD8+ T cells (r=−0.063, p=2.98e-01), dendritic cells (r=0.041, p=4.98e-01), and neutrophils (r=−0.037, p=5.42e-01) in cervical and endocervical cancers (Figure 4C). In addition, we examined prognostic value of CTHRC1 level and tumor infiltrating immune cells in KIRP and KIRC, using Cox proportional hazard model by TIMER. The result states that B cells (p=0.039), CD8+ T cells (p=0.001), dendritic cells (p=0.018), CTHRC1 expression (p<0.001) were significantly correlated with clinical prognosis in KIRP (Table 2). Besides, there is a strong correlation between Macrophage (p=0.020), CTHRC1 expression (p<0.001) and clinical outcome of KIRC (Table 2). Then, we used TISIDB database to furtherly explore the relationship between CTHRC1 level and 28 tumor immune infiltrating cell subtypes. These results showed that CTHRC1 is associated with twenty-seven immune cell subtypes in KIRP (Figure 4D, Table 3). Especially, effector memory CD8+ T cell (r=0.414, p=1.81E-13), activated CD4 T cell (r=0.546, p<2.2e-16), Type 1 T helper cell (r=0.454, p<2.2e-16), Type 2 T helper cell (r=0.562, p<2.2e-16), regulatory T cell (r=0.435, p<2.2e-16), activated B cell (r=0.409, p=4.11e-13), natural killer cell (r=0.493, p<2.2e-16), natural killer T cell (r=0.508, p<2.2e-16), neutrophil (r=0.422, p=3.40E-14) and CTHRC1 are moderately correlated (Figure 4E). In addition, CTHRC1 showed a positive correlation with 24 immune cell (Figure 4D, Table 3). Notably, central memory CD8+ T cell (r=0.444, p<2.2e-16), central memory CD4+ T cell (r=0.446, p<2.2e-16), gamma delta T cell (r=0.43, p<2.2e-16), macrophage (r=0.477, p<2.2e-16) displayed a moderate correlation with CTHRC1 expression (Figure 4F). These results strongly implicate that CTHRC1 could serve as a major tumor immune infiltration regulator in KIRP and KIRC.




Figure 4 | Correlation analysis of CTHRC1 level and immune cells infiltration levels across human cancers using the TIMER database and TISIDB database. (A) CTHRC1 expression in KIRP tissues positive correlates with tumor immune infiltration levels of B cells, CD8+ T cells, CD4+ T cells, neutrophils, and dendritic cells. (B) CTHRC1 level correlates with tumor immune infiltration in KIRC. (C) CTHRC1 level weakly correlated with immune cells infiltration of CESC. (D) Relations between expression of CTHRC1 and 28 types of TILs across human heterogeneous cancers. (E) Top 3 TILs were displaying the greatest Spearman’s correlation with CTHRC1 expression in KIRP. (F) CTHRC1 significantly correlated with abundance of top 3 TILs in KIRC.




Table 2 | The cox proportional hazard model of CTHRC1 and six tumor-infiltrating immune cells in KIRP and KIRC (TIMER).




Table 3 | The correlation between CTHRC1 expression and tumor lymphocyte infiltration in human cancer (TISIDB).





Collagen Triple Helix Repeat Containing 1 Expressions Were Correlated With Immune Cell Type Markers

We assessed the correlation between CTHRC1 expression and tumor-infiltrating immune cell gene marker levels in KIRP, KIRC, and CESC tissues by exploring the TIMER database. Our results showed that the CTHRC1 level in KIRP tissues was strongly associated with immune markers of B cells, monocytes, and dendritic neutrophils, DCs, CD8+ T cells, T helper, Tregs, and T exhaustion cells. Moreover, CTHRC1 in KIRC positively correlates with the marker genes of B cells, macrophages, and neutrophils. However, there were only ten significant markers associated with CTHRC1 in CESC.

Notably, we found that the CTHRC1 level was significantly correlated with various subtypes of T cells marker levels, including CD8+ T markers, CD8A, CD8B, cell T (general) markers, CD3D, CD3E, CD2, exhausted T cell marker, GZMB, LAG-3, PD-1, Th2 markers, GATA3, Th17 markers, STAT3, Treg markers, FOXP3, CCR8, TGF-β, Tfh marker, BCL6, and neutrophils markers, ITGAM, CCR7, DC markers, CD1C, NRP1, B cells markers, CD79A, CD19 in KIRP (Table 4). A significant correlation of CTHRC1 level with the marker genes expression in different subsets of macrophage. M2 macrophage markers MS4A4A, VSIG4, CD163, monocyte markers, CSF1R, CD86, TAM markers, CD68, B cell markers, CD19, CD79A, was reported (Table 4). Furthermore, the expression of CTHRC1 was not markedly related to marker genes for CD8+ T cells, NK cells, Th2, and Th17 cells in KIRC. These findings reveal that CTHRC1 is involved in the regulation of tumor immune infiltration in KIRP and KIRC.


Table 4 | Correlation analysis between CTHRC1 and relate genes and markers of immune cells in TIMER.





Prognostic Potential of Collagen Triple Helix Repeat Containing 1 Expressions in Different Tumors Based on Immune Cells

This study showed that the CTHRC1 level was associated with the immune infiltration of KIRP and KIRC. Also, upregulated CTHRC1 has a worse prognosis in KIRP and KIRC patients. Thus, we propose a hypothesis that CTHRC1 may affect the prognosis of KIRP and KIRC patients partly through immune infiltration.

We perform Kaplan-Meier plotter analyses of CTHRC1 expression in KIRP and KIRC following B cells, CD4+ memory T cells, CD8+ T cells, macrophages, NK T cells, Treg T cells, Th1 cells, Th2 cells. We found that high CTHRC1 levels in KIRP in enriched B cells (p=0.00017), B cells (p=4.6e-05), CD4+ memory T cells (p=8.8e-03), CD8+ T cells (p=8e-03), macrophages (p=2.6e-04), natural killer T cells (p=5.8e-03), regulatory T cells (p=1e-03), type 1 T helper cells (p=4.7e-03) cohort had a worse prognosis (Figures 5A–G). Unfortunately, clinical samples of Th2 cells enriched in renal cancer are too few to analyze. Similarly, the high expression of CTHRC1 in KIRC had poor prognosis in enriched B cells (p=5.5e-03), CD4+ memory T cells (p=1.9e-04), CD8+ T cells (p=6.3e-04), macrophages (p=3.9e-05), regulatory T cells (p=4.7e-04), type 2 T-helper cells (p=3.5e-03) (Figures 5H–K, M, O). However, there was no significant difference between high and low CTHRC1 expression groups overall survival in enriched NK cells (p=0.18) and Th1 cells (p=0.05) (Figures 5L, N). The above analysis suggested that immune infiltration may, in part, affect high CTHRC1 expression prognosis of KIRC and KIRP patients.




Figure 5 | Comparison of Kaplan-Meier survival curves of the high and low expression of CTHRC1 in KIRP and KIRC based on immune cells subgroups. (A–G) High CTHRC1 level enriched in B cells, CD4+ memory T cells, CD8+ T cells, macrophages, NK T cells, Treg T cells, Th1 cells had worse OS in KIRP. (H–O) Relationships between CTHRC1 of enriched in diverse immune and OS in KIRC.





Mutation, Copy Number Variation, and Methylation Analysis of Collagen Triple Helix Repeat Containing 1

CTHRC1 expression was significantly elevated in KIRP and KIRC. We assessed the cause of elevated CTHRC1 levels. DNA methylation, gene mutation, CNV was critically involved in genetic and epigenetic regulation and were highly associated with the process of cancers. We verified the DNA methylation, gene mutation, CNV levels of the CTHRC1 in KIRP and KIRC via the UCSC Xena database. The heatmap indicates that the expression of CTHRC1 mRNA was correlated with CNV and DNA methylation, but not with a somatic mutation in KIRP (Figure 6A) and KIRC (Figure 6B). The human disease methylation database was used to further validate the lower methylation level in KIRP (Supplementary Figures S2A, B) and KIRC (Supplementary Figures S2C, D), compared to normal tissues. Therefore, we suggested that CNV and DNA methylation might contribute to the elevated level of CTHRC1 in KIRP and KIRC, respectively.




Figure 6 | Mutation, CNV, and methylation analysis of CTHRC1 in KIRP and KIRC. (A, B) Heatmap showing the correlations between CTHRC1 mRNA and somatic mutations, CNV, and methylation in KIRP (A) and KIRC (B) via UCSC Xena.






Discussion

CTHRC1 is an extracellular matrix protein that regulates tumor metastasis and the extracellular microenvironment. In this study, we analyzed CTHRC1 expression, prognostic value, genetic variations, and correlation with tumor immune cell infiltration in KIRP and KIRC for the first time.

In this study, we found that CTHRC1 expression was highly elevated in KIRP and KIRC, compared to normal tissues. Moreover, CTHRC1 expression has associations with tumor histology, stage, lymph node metastasis in KIRP (Figures 1D–F). Meanwhile, the high CTHRC1 level was related to lymph node metastasis, high grade, and stage (Figures 1H–J). These results suggest that CTHRC1 plays an important role in the progression and metastasis of KIRP and KIRC. Our findings are consistent with previous researches. CTHRC1 was elevated in some tumor tissues and associated with clinicopathological features, including late T stage, lymph nodal metastasis, and TNM staging (17, 29).

Results from survival analysis showed that high CTHRC1 expression was associated with poor OS, DSS, DFI, and PFI (Figure S1) in KIRP and KIRC, consistent with previous findings CTHRC1 affects tumor growth and invasion and leads to a poor prognosis (30, 31). Ni et al. (32) reported that CTHRC1 promotes metastasis through an epithelial-mesenchymal transformation in colorectal cancer, resulting in a poor prognosis. Our results strongly indicate that CTHRC1 can be used as a prognostic biomarker for KIRP and KIRC.

CTHRC1 was previously reported to regulate tumor microenvironment. Through correlation analysis, we reported that CTHRC1 expression is associated with several immune infiltrating cells in KIRP and KIRC (Figure 4, Table 3). These results suggest that CTHRC1 is involved in the regulation of tumor immune cells. Lee et al (33). study revealed that CTHRC1 recruits Tie2-expressing monocytes into tumor tissues by activating ERK-dependent AP-1 to promote angiogenesis. Besides, the use of CTHRC1 antibodies reduced tumor burden and TEMs infiltration in tumor tissue in xenograft mouse models. Another study demonstrated that CTHRC1 expression has a role in tumor-associated macrophages infiltration by upregulating fractalkine chemokine receptor (CX3CR1) expression (19). Our analysis had the effect of mutual authentication with the results of this researches.

We further analyzed the immunotype markers in KIRP and KIRC. After cell purity correction, CTHRC1 was positively correlated with many immune cell makers in KIRP and KIRC (Table 4). The results further imply that CTHRC1 is associated with immune infiltration in KIRP and KIRC. Besides, our results suggest that CTHRC1 can potentially modulate Tregs and results in T cell exhaustion. Notably, increased CTHRC1 level was positively associates with Treg and T cells exhaustion markers, such as FOXP3. FOXP3 is a valid target for identifying Treg in the tumor microenvironment and contributes significantly to Treg cells differentiation and mediated tumor immune escape (34). There was a significant correlation between CTHRC1 level and several T helper cells (Th1, Th2, Tfh, and Th17) markers in KIRP. These connections may indicate the underlying mechanisms for CTHRC1 regulation of T cell function in KIRP. Therefore, it was potentially related to the poor prognosis of KIRP and KIRC by recruiting and regulating immune cells.

Through the Kaplan Meier-Plotter database analysis, high expression levels of CTHRC1 enriched in a variety of immune cells cohort of KIRP and KIRC had a worse prognosis (Figure 5). Tregs can suppress anti-tumor responses, leading to tumor immune escape (35). DC can promote tumor metastasis by increasing Treg cells and decreasing the cytotoxicity of CD8+ T cells (36). Myeloid origin suppressor cells (MDSC) contact with T cells, which rapidly depletes arginine from the microenvironment and leads to tumor-mediated immune escape (37). Previous studies also have proven that the proportion of macrophages, CD8+ T cells, Tregs, and MDSC in RCC patients correlates with poor prognosis (9–11, 38, 39). These results may explain that high expression of CTHRC1 partly affects the prognosis of KIRP and KIRC patients through immune infiltration.

Genetic and epigenetic phenomena play an essential role in regulating gene expression (40). In this study, we found that CTHRC1 expression was strongly correlated with DNA methylation and CNV and not with somatic mutations. DNA methylation is the most common epigenetic phenotype that usually acts as a transcriptional repressor and plays an essential role in tumor progression (41, 42). Besides, CTHRC1 is reported to be upregulated by promoter demethylation in gastric cancer and down-regulated by hypermethylation in hepatocellular carcinoma (43). DNA copy number variation, including gene amplification, gain, loss, and deletion. And CNV influences the gene expression in carcinogenesis (44). Wang et al. (45) presented the evidence that 5-aza-2’-deoxycytidine (the demethylating agent) can restore CTHRC1 expression, and TGF-β1 led to an increase in levels of CTHRC1 mRNA and protein. Therefore, DNA hypomethylation and CNV may be a cause for CTHRC1 upregulated in KIRP and KIRC.

In conclusion, the upregulated CTHRC1 is strongly associated with clinicopathological features, poor prognosis, and immune cell infiltration. DNA methylation and copy number variation may attribute to CTHRC1 upregulated. Furthermore, our study provides a new mechanism that CTHRC1 may affect the prognosis of KIRP and KIRC through tumor immune infiltration. Therefore, this study offers insights for further studies on tumor immunotherapy of KIRP and KIRC. The current study is the preliminary part of a larger study, including validation in a study population prospectively enrolled. Undoubtedly, we will make further validation when there are available independent datasets and perform experiments in the future.
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Bladder cancer is one of the leading causes of cancer deaths worldwide. Early detection of lymph node metastasis of bladder cancer is essential to improve patients’ prognosis and overall survival. Current diagnostic methods are limited, so there is an urgent need for new specific biomarkers. Non-coding RNA and m6A have recently been reported to be abnormally expressed in bladder cancer related to lymph node metastasis. In this review, we tried to summarize the latest knowledge about biomarkers, which predict lymph node metastasis in bladder cancer and their mechanisms. In particular, we paid attention to the impact of non-coding RNA on lymphatic metastasis of bladder cancer and its specific molecular mechanisms, as well as some prediction models based on imaging, pathology, and biomolecules, in an effort to find more accurate diagnostic methods for future clinical application.
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Introduction

Bladder cancer (BCa) is the 10th most common cancer form, causing an estimated 549,000 new cases and 200,000 deaths in 2018. The incidence of BCa in men is four times that of women, and smoking is the most important risk factor for BCa in the population (1). More than 90% of bladder cancers are urothelial carcinoma, and the rest are squamous cell carcinoma and adenocarcinoma.

The most common metastatic manner of BCa is lymph node metastasis (LNM), which is more common in pelvic lymph nodes. LNM has a great influence on the prognosis and survival rate of BCa patients. For BCa patients with positive LNM, the 5-year CSS rate was 27.7%, which is significantly lower than that of patients without lymph node metastasis (2). CT or MRI is commonly used in clinical practice to diagnose pelvic LNM, but it is often difficult to accurately detect metastatic lymph nodes less than 6.8 mm in diameter (3). Many studies have recently reported the correlation between molecular markers and BCa metastasis, indicating a direct link between LNM and abnormal expression of specific biomarkers. Therefore, high-risk LNM patients can be diagnosed by detecting specific biomarkers to achieve early detection and early treatment, thereby achieving timely treatment and improving the survival rate.

Moreover, some predictive models, including imaging, pathology, and molecular markers, have been gradually developed and verified. In this review, we summarized the markers for LNM in BCa from different aspects, including genes, non-coding RNA, and some predictive models (Figure 1). The downstream genes of non-coding RNA are specifically listed here (Table 1). Generally, mechanisms for LNM in cancers mainly include cell proliferation, cell invasion and migration, inhibition of cell apoptosis, and chemosensitivity. Based on this, we also elaborated on the regulation mechanism of these biomarkers.




Figure 1 | Potential biomarkers for predicting lymph node metastasis of bladder cancer. Biomarkers for predicting lymphatic metastasis of bladder cancer can be divided into different categories, such asgenes, non-coding RNA, prediction models.




Table 1 | Downstream genes of non-coding RNA in bladder cancer.





The Molecular Function of Genes in BCa With LNM

There have been many studies on genes as markers for lymph node metastasis in bladder cancer. These genes act as oncogenes or tumor suppressor genes to influence the progression of cancer (Figure 2).




Figure 2 | The molecular function of genes in bladder cancer with lymph node metastasis. Genes can predict lymph node metastasis in bladder cancer. Some of them can promote the progression of cancer, and some can inhibit it.




Genes as Oncogenes

VEGF-C (vascular endothelial growth factor C) is the first discovered lymphangiogenesis factor. It contains the mature form of the VEGF homology region. Our team’s studies found that the expression of VEGF-C in BCa patients with LNM was significantly higher than that in BCa patients without LNM (57). Simultaneously, we also found that VEGF-C can promote proliferation, invasion, metastasis, and mitomycin C resistance of BCa cells. The mechanisms for that are thought to be related to the increased ratio of Bcl-2/Bax, inactivation of Caspase-3, and increased expression of MMP-9. Also, phosphorylated p38 MAPK and Akt, Keratin 8, Serpin B5, and Annexin A8 may be involved (58, 59). VEGF-C can promote the formation of tumor lymphatic vessels and the metastasis of tumor cells to regional lymph nodes. The combination of the activated VEGF-C and VEGFR-3 can induce phosphorylation of tyrosine kinase, causing the proliferation of lymphatic endothelial cells, thereby promoting the proliferation or expansion of lymphatic vessels (60). VEGF-C also positively affected primary tumor cells’ invasiveness since it changed the adhesion of tumor cells to the extracellular matrix, thereby providing the necessary environmental conditions for tumor cells to more easily transfer to the surrounding extracellular matrix. VEGF-C can stimulate lymphatic endothelial cells to release proteolytic enzymes, such as uPA, which facilitate the invasion and infiltration of cancer cells into the matrix, making cancer cells more easily detached from the original tissue (61). The up-regulation of VEGF-C may be the reason for BCa cells’ resistance to cisplatin, and the inhibition of VEGF-C reverses the resistance by increasing the expression level of maspin (62). Therefore, we suggest that VEGF-C and VEGFR-3 expression may serve as new indicators for early detection and diagnosis of BCa lymphatic metastasis in the future. Additionally, COX-2 may stimulate VEGF-C secretion to promote the formation of lymphatic vessels (63). COX-2, a subtype enzyme in the COX family, is an inducible enzyme. COX (Cyclooxygenase) is a rate-limiting enzyme in prostaglandin synthesis, which can catalyze arachidonic acid metabolites to prostaglandins. Previous studies have shown that COX-2 expression was significantly increased in BCa tissues and was associated with LNM (64).

Another well-known gene that functions as an oncogene in BCa is PCMT1. PCMTl gene is located at 6p22.3-6q24, about 60kb in length, and contains eight exons and seven introns. Studies have shown that the expression of PCMT1 in BCa tissue was higher than that in normal urothelial tissue, and its expression was significantly associated with LNM. PCMT1 regulated the migration and invasion of BCa cells by regulating the expression of epithelial-mesenchymal transition (EMT) related genes, such as E-cadherin, vimentin, Snail, and Slug (65). Sonic Hedgehog (Shh) also activated EMT to promote tumorigenicity and stemness in BCa (66). Shh is a member of the Hedgehog (HH) family. The study found that the expression of Shh protein was significantly correlated with LNM (67). Shh can promote the migration and invasion of BCa cells. The Shh pathway’s activation through the binding of the Shh ligand to the transmembrane protein Patched1 eliminates the inhibitory effect on smoothened (SMO). The activation of SMO produced a downstream signaling cascade that led to the nuclear translocation of the transcription factor Gli1, which further induce the transcription of target genes (68).

The overexpression of CXCL5 can promote the progression of BCa. CXCL5, known as epithelial-derived neutrophil-activating peptide 78 (ENA78), is a small (8-14 kDa) protein belonging to the CXC-type chemokine family. CXCL5 (chemokine C-X-C motif ligand 5) was expressed higher in BCa tissues than normal tissues, which was associated with LNM (69). It is also related to promoting mitomycin resistance by activating EMT and NF-κB pathway (70). Moreover, CXCL5 increased BCa cells proliferation, migration, and decreased cell apoptosis through Snail, PI3K-AKT, and ERK1/2 signaling pathways. In addition, CXCL5 combined with CXCR2 induces the expression of MMP-2 and MMP-9 and activates the PI3K/AKT signaling pathway (71, 72). Matrix metalloproteinases (MMPs) are a family of structurally related zinc-dependent endopeptidases that can substantially degrade all components of the extracellular matrix (ECM). MMP2, MMP7, and MMP9 are important members of the matrix metalloproteinase family. MMP-2 can physiologically degrade type IV collagen. Mohammad et al. (73) found that the higher the MMP-2 activity level in BCa, the higher the positive rate of LNM. MMP-7, also known as matrilysin, is the smallest MMP. It is produced by the tumor cells themselves, unlike other MMPs which are solely produced by stromal cells. Studies have shown that high expression of MMP-7 was significantly associated with LNM of BCa (74). Studies have shown that MMP-9 genes and proteins’ expression levels in urine and blood of patients with BCa were significantly increased (75). These genes can also decompose the extracellular matrix, make cancer cells easily pass through the extracellular matrix, and promote tumor metastasis.

In addition, Zhao et al. (76) identified a new oncogene candidate, IPO11, in BCa, which is located on chromosome 5q12. Importin-11, a 116 kD protein, is encoded by IPO11. It is a karyopherin family member, which mediates the nucleocytoplasmic transport of proteins and nucleic acids through the nuclear pore complexes. Studies have shown that IPO11 mRNA was highly expressed in invasive BCa cell lines. The overexpression of importin-11 was positively correlated with LNM. Importin-11 can promote BCa cells’ invasiveness, which may be related to the abnormal expression of CDKN1A and THBS1 (77). Presler et al. (78) found that SCD1 was overexpressed in BCa, which was related to LNM. SCD-1 (Stearoyl-CoA desaturase-1) can convert SFA (saturated fatty acids) to MUFA (monounsaturated fatty acids). It is located on chromosome 10q24.31. SCD inhibitors and SCD gene interference reduced the proliferation and invasion of BCa cells (79). FGFR3 (fibroblast growth factor receptor 3) stimulated SCD1 activity to promote tumor growth in BCa cells (80).

The studies of our team also found some new oncogenes. ISYNA1 (Inositol-3-phosphate synthase 1) was positively associated with tumor T stage and LNM of BCa patients. It is an important regulatory factor in promoting proliferation and inhibiting apoptosis in BCa cells (81). The high expression of mAR-SLC39A9 was directly associated with BCa pathological stage, pathological grade, and lymph node metastasis presence. It also increased BCa metastasis through Gαi/MAPK/MMP9 signaling (82).



Genes as Tumor Suppressors

Maspin (mammary sefine protease inhibitor) is an important member of the serin protease inhibitor (serpin) superfamily. It is located at 18q21.3-q23. Our team’s previous studies found that Maspin expression in BCa tissue was significantly down-regulated in comparison with normal tissues adjacent to the cancer and was related also to LNM. The negative correlation between the protein expression level and VEGF-C is statistically significant (83, 84). Maspin can inhibit the invasion of BCa cells, and its growth-inhibiting properties were related to its localization in cells. The surface-bound Maspin directly controlled the adhesion of BCa cells to the blood vessel wall (85). The combination of nuclear-localized maspin and chromatin can effectively prevent cell migration. Mapsin mainly promoted the development of BCa through DNA methylation and histone deacetylation to cause low expression of genes (86). Maspin modulated HDAC1 target genes, including cyclin D1, p21, MMP9, and vimentin (87). In our previous study, maspin could enhance Cisplatin chemosensitivity through the PI3K/AKT/mTOR signaling pathway in MIBC T24 and 5637 cell lines (88).

Another gene that functions as a tumor suppressor in BCa is GATA6. GATA6 (GATA-binding factor 6), a zinc-finger transcription factor, is located at 18q11.2. It regulates transcription cofactors and RNA polymerase II to the proximal promoter to regulate target genes’ transcription. Wang et al. (89) found that GATA6 decreased in BCa, and further decreased in patients with positive LNM. GATA6 was significantly down-regulated in BCa through frequent promoter methylation. GATA6 mainly inhibited LNM of BCa by regulating VEGF-C. Down-regulation of GATA6 promoted VEGF-C transcription, which promoted lymphangiogenesis, resulting in an increased lymphatic spread of BCa. This increased spread shows that it is of great significance to check the methylation status of the GATA6 promoter in the urine of BCa patients. The low expression of FOXOs was also associated with LNM in BCa (90). FOXO (Forkhead box class O) is the subgroup O of forkhead box (FOX) transcription factors, which has four members, FOXO1, FOXO3, FOXO4 and FOXO6. FOXOs have a highly conserved forkhead DNA binding domain. FOXOs can inhibit the invasion of BCa cells by down-regulating Twist2 and YB-1 and up-regulating E-cadherin (91).




Regulation of microRNAs for BCa Patients With Lymph Node Metastasis

MiRNA is a type of 21-23nt small RNA, which can complement mRNA and either silence it or degrade it. Most miRNAs are down-regulated in bladder cancer. Moreover, they inhibit the lymph node metastasis of bladder cancer (Figure 3).




Figure 3 | Regulation of microRNAs in bladder cancer patients with lymph node metastasis. MiRNAs play a vital role in the lymph node metastasis of bladder cancer. They can promote or inhibit the metastasis of bladder cancer by regulating downstream genes or proteins.



MiR-101 can suppress the progression of BCa. Studies have shown that the expression of miR-101 in BCa patients was down-regulated and significantly associated with LNM (92). Moreover, it can inhibit the proliferation, migration, and invasion of BCa cells by directly targeting FZD4 (frizzled class receptor 4), c-FOS, and c-Met (4–6). MiR-101 increased Cisplatin sensitivity by inhibiting the expression of VEGF-C and COX-2 in BCa cells (7, 8). MiR-143 also inhibited the growth and migration of BCa cells by targeting COX-2 (9). MiR-143 was reported to suppress the progression of BCa as well and it is located on chromosome 5q32. Liu et al. (93) found that miR-143 was down-expressed in the serum of BCa patients with LNM. It also directly affected the expression of MSI2 through its RNAi effect, which also effectively inhibited the KRAS network, thereby regulating BCa cells (10).

Another gene, miR-133b, is located on chromosome 6p12.2. Studies have shown that the expression level of miR-133b in BCa tissues is significantly reduced, which was significantly correlated with LNM (94). MiR-133b may inhibit the proliferation of BCa by up-regulating dual-specificity protein phosphatase 1 (DUSP1) (11). It inhibited angiogenesis and enhanced BCa cells’ chemosensitivity to Gemcitabine by targeting transgelin 2 (TAGLN2) (14). MiR-133b can regulate the proliferation, migration, and invasion of BCa cells by down-regulating Bcl-w, Akt1, and epidermal growth factor receptor along with its downstream effector protein (12, 13). Liao et al. (15) found that miR-539 was down-regulated in BCa, and was related to LNM. MiR-539 is located on chromosome 14q32.31, and it can inhibit the proliferation and invasion of BCa cells by directly targeting IGF-1R and inactivating the AKT and ERK signaling pathways.

MiR-497 is also known as a tumor suppressor in BCa, and it is located on chromosome 17p13.1. Studies have revealed that the expression of miR-497 in BCa tissue was lower than that of adjacent non-cancer tissues, and it was correlated with LNM (16). MiR-497 can inhibit the proliferation, migration, and invasion of BCa by up-regulating E-cadherin and down-regulating vimentin, α-smooth muscle actin, BIRC5, WNT7A, and E2F3 (16–18). Previous studies have found that miR-154 was significantly down-regulated in BCa tissues and was associated with LNM. MiR-154 is located in the human imprinted 14q32 domain. MiR-154 inhibited the proliferation, migration, and invasion of BCa cells by regulating the expression of RSF1, RUNX2, and ATG7 (19, 20). MiR-223 is located on chromosome Xq12. Sugita et al. (21) found that the expression level of miR-223 was significantly reduced in BCa tissues, which was related to LNM. MiR-223 inhibited cell invasion and promoted cell apoptosis in BCa via caspase-3/7 activation and negatively regulating WDR62 (WD repeat domain 62), ANLN, and nuclear receptor coactivator 1 (21–23). MiR-148a, with 68 nucleotide sequences, locates to 7p15.2, and is confirmed by Ma et al. (95) that its expression level in BCa tissue is lower than that of adjacent normal tissues, and that its low expression level is associated with advanced tumor progression and LNM. Also, Lombard et al. (24) found that miR-148a increased the apoptosis of BCa cells by reducing the expression of DNA methyltransferase 1 (DNMT1).

MiR-3658 is known as an oncogene in BCa. The expression of miR-3658 in BCa tissue was up-regulated, and its expression was significantly related to the lymph node infiltration, distant metastasis, and TNM stage (96). It can also promote cell proliferation, migration, and invasion by targeting LASS2 (25).



LncRNAs Regulate Lymph Node Metastasis in BCa

LncRNA is a non-coding RNA with a length of more than 200 nucleotides and is closely related to cancer occurrence and development. It can directly bind to proteins to block its functions or change its cellular location, regulate mRNA translation and act as a miRNA sponge. Most lncRNAs act as oncogenes to promote lymphatic metastasis of bladder cancer (Figure 4).




Figure 4 | LncRNAs regulate lymph node metastasis in bladder cancer. In bladder cancer, the expression level of some lncRNAs is related to lymph node metastasis and regulates lymph node metastasis by regulating cancer cell proliferation, metastasis, invasion, and chemosensitivity.



Our team’s studies found several lncRNAs as oncogenes, such as MALAT1, PVT1, and OXCT1-AS1. The expression of MALAT1 was positively associated with LNM in BCa. It enhanced the Cisplatin resistance of the BCa cells by regulating the miR-101-3p/VEGF-C pathway (27, 97). MALAT1 promoted proliferation and invasion by miR-125b-Bcl-2/MMP-13, miR-124/foxq1 and microRNA-34a/cyclin D1 in BCa cells (28–30). It also up-regulated EMT-associated ZEB1, ZEB2, and Slug and downregulated E-cadherin levels (26). LncRNA PVT1 is located at 8q24, downstream of MYC. High PVT1 expression is associated with higher tumor stage and positive lymph node metastasis (98). PVT1 directly interacted with miR-128, reducing the binding of miR-128 to VEGF-C, thereby inhibiting the degradation of VEGFC mRNA by miR-128 (31). Moreover, PVT1 down-regulated miR-31 to enhance CDK1 expression and promote the proliferation, migration, and invasion of BCa cells (32). LncRNA OXCT1-AS1 (OXCT1 antisense RNA 1) is located on chromosome 5p13.1 and was also significantly up-regulated in BCa cell lines with LNM and was found to be inhibiting miR-455-5p in order to up-regulate the expression of JAK1, thus promoting the invasion of BCa (33).

Some lncRNAs regulate VEGF-C to promote the progression of BCa. BLACAT2 (bladder cancer-associated transcript 2) was significantly overexpressed in BCa patients with LNM. It combines with the VEGF-C promoter by forming triplexes to up-regulate VEGF-C expression, thereby promoting lymphangiogenesis and lymphatic metastasis. BLACAT2 directly interacted with WDR5 (the core component of the histone H3K4 methyltransferase complex) to epigenetically induce lymphangiogenesis and invasion (34). LNMAT1 (lymph node metastasis-associated Transcript 1) was significantly up-regulated in BCa with LNM. LNMAT1 recruited hnRNPL to the CCL2 promoter to activate CCL2 expression, resulting in increased H3K4 trimethylation, thereby ensuring hnRNPL binding and enhancing transcription. In addition, LNMAT1-induced CCL2 regulated the tumor microenvironment in BCa tissues through tumor-associated macrophages (TAMs) infiltration and VEGF-C upregulation, which ultimately led to lymphangiogenesis and lymphatic metastasis (35).

Several lncRNAs promote the progression of BCa by regulating ZEB1 and ZEB2. LncRNA SNHG16 (small nucleolar RNA host gene 16) is encoded by a 7571‐bp region at chromosome 17q25.1. Previous studies have found that SNHG16 was highly expressed in BCa tissues and was positively correlated with LNM (37). SNHG16 can regulate the proliferation, apoptosis, EMT, invasion, and migration of BCa by directly acting on the miR-17-5p/metalloproteinase 3 (TIMP3) axis, miR-200a-3p/ZEB1/ZEB2 axis, and miR-98/STAT3/Wnt/β-catenin pathway axis (36–38). LncRNA ZFAS1 (zinc finger antisense 1), located on the antisense strand of the ZNFX1 promoter region, is transcript antisense to the 5′- end of the gene zinc finger NFX1-type containing 1 (ZNFX1). Yang et al. (39) found that the expression level of ZFAS1 in BCa was increased and positively correlated with LNM. ZFAS1 can promote the proliferation, migration and invasion of BCa by down-regulating the expression of KLF2 and NKD2, and at the same time, up-regulating the expression of ZEB1 and ZEB2. It also promotes tumorigenesis of BCa through sponging miR-329 (99).

Also, some lncRNAs regulate EMT to promote BCa progression. LncRNA DLX6-AS1 (distal-less homeobox 6 antisense 1) is regulatory of members in the DLX gene family, which is localized on chromosome 7q21.3. DLX6-AS1 was up-regulated in BCa, which was related to LNM. Overexpression of DLX6-AS1 promoted the proliferation, invasion, and migration of BCa cells by regulating EMT and Wnt/β-catenin signaling pathway activity (41). DLX6-AS1-mediated miR-223 silencing can promote the growth and invasion of BCa through the up-regulation of HSP90B1 (40). LINC01296 is a novel intergenic lncRNA located at 14q11.2. The expression of LINC01296 was positively correlated with lymph node-positive BCa, and its up-regulated expression can promote BCa cells metastasis by activating the EMT pathway (42).

Another lncRNA, DANCR (differentiation antagonizing non-protein coding RNA), is located on chromosome 4q12.5, which is mainly distributed in the cytoplasm. Chen et al. (43) found that DANCR was significantly up-regulated in BCa tissues and positively correlated with LNM. DANCR promoted the LNM and BCa cells’ proliferation via DANCR guided LRPPRC (leucine-rich pentatricopeptide repeat containing) to stabilize its mRNA, then to activate IL-11-STAT3 signaling and increase CCND1 and PLAU expression. Zhan et al. (44) found that DANCR positively regulated the expression of MSI2 (musashi RNA binding protein 2) through sponging miR-149 to promote the malignant phenotype of BCa cells. Zhao et al. (100) found that the expression level of SPRY4-IT1 in BCa tissue was also higher than that of adjacent non-tumor tissues and was associated with LNM. SPRY4-IT1 is derived from the intron region of the SPRY4 gene and may contain several long hairpin secondary structures, which are located in 5q31.3. SPRY4-IT1 can promote proliferation and metastasis of BCa cells by sponging miR-101-3p to actively regulate the expression of EZH2 (45). Wu et al. (46) found that lncRNA NNT-AS1 was up-regulated in BCa, which was significantly associated with LNM. NNT-AS1 (nicotinamide nucleotide transhydrogenase antisense RNA 1) is located on chromosome 5p12 with 3 exons. NNT-AS1 promoted the proliferation, migration, and invasion of BCa cells by acting as a competing endogenous RNA for miR-496 to enhance the expression level of HMGB1. NNT-AS1 also targeted the miR-1301-3p/PODXL axis and activated the Wnt pathway, thereby enhancing BCa cells’ growth (47). LncRNA LNMAT2 (lymph node metastasis-associated transcript 2) was overexpressed in urinary-EXO and serum-EXO of patients with BCa, which was related to LNM. LNMAT2 was found to bind to the prospero homeobox 1 (PROX1) promoter by inducing H3K4 trimethylation, which enhanced PROX1 transcription, thus promoting lymphangiogenesis and lymph node metastasis in bladder cancer (48).

Additionally, several lncRNAs positively correlated with LNM, including: (1) HOXA-AS2, which inhibited the expression of miR-125b to promote the expression of Smad2, thus promoting the migration and invasion of BCa cells (49); (2)HNF1A-AS1, which positively regulated the expression of Bcl-2 by sponging miR-30b-5 to promote the proliferation of bladder cancer and inhibited its apoptosis (50, 101); (3) ROR1-AS1, which promoted the growth and migration of bladder cancer by regulating miR-504 (102); (4) RMRP, which promoted the proliferation, migration, and invasion of bladder cancer cells by regulating miR-206 as a sponge (103).



The Role of circRNAs for BCa Lymph Node Metastasis

CircRNA is a type of non-coding RNA that forms a circular structure by covalent bonds but does not have a 5’-end cap and a 3’-end poly(A) tail. It is closely related to the occurrence and development of cancer. It can act as an mRNA ‘sponge’, regulate transcription and splicing, and interact with RNA-binding proteins (104). Most circRNA negatively regulates lymph node metastasis of bladder cancer, and some molecules positively regulate this process (Figure 5).




Figure 5 | The role of circRNAs in bladder cancer lymph node metastasis. CircRNAs can play a role in bladder cancer as oncogenes and tumor suppressor genes. They can also predict lymph node metastasis.



CircHIPK3 (circRNA ID: hsa_circ_0000284), also known as bladder cancer-related circular RNA-2 (BCRC-2), was significantly down-regulated in BCa and was negatively correlated with LNM. It originates from the second exon of the Homeodomain-interacting protein kinase 3 (HIPK3) gene. CircHIPK3 sponged miR-558 and prevented miR-558 from being transported into the nucleus to bind the promoter of heparanase (HPSE) gene in BCa cells, thereby down-regulating the expression of HPSE and its downstream targets such as MMP-9, and VEGF, thus weakening the migration, invasion and angiogenesis of BCa cells (51). Additionally, Liu et al. (52) confirmed that circFNDC3B was significantly down-regulated in BCa tissue, and its low expression was significantly correlated with LNM. It is originated from exons 5 and 6 of the FNDC3B gene. CircFNDC3B acted as a sponge of miR-1178-3p to inhibit G3BP2 and further inhibit the downstream SRC/FAK signaling pathway, thereby inhibiting the proliferation, migration, and invasion of BCa cells.

By screening RNA sequencing data generated from human BCa tissues and matched adjacent normal bladder tissues, two novel tumor suppressors were separately identified, which are circFUT8 and circACVR2A. CircFUT8 (circBase: hsa_circ_0003028) was originated from exon 3 of the FUT8 gene. CircACVR2A was derived from exons 3, 4, and 5 of the ACVR2A gene. These two tumor suppressors were down-regulated in BCa tissues and were related to LNM (53, 54). CircFUT8 regulated the expression of Slug by sponging miR-570-3p to promote the expression of Krüpple-like-factor 10 (KLF10), thus inhibiting the metastasis and invasion of BCa cells (54). CircACVR2A can inhibit the proliferation, migration, and invasion of BCa cells by directly interacting with miR-626 and acting as a miRNA sponge to regulate EYA4 expression (53). In addition, circPICALM was found to suppress cancer progression. It is generated from exons 9-12 of PICALM. It was down-regulated in BCa tissues and associated with LNM. CircPICALM acted as a miR-1265 sponge to regulate STEAP4 and further affect FAK phosphorylation and EMT, thereby inhibiting the metastasis of BCa (55).

Serval other circRNAs were found to be possibly promoting cancer progression by inducing the malignant proliferation or migration and invasion of cancer cells. Su et al. identified a novel circular RNA called cTFRC. His study has shown that cTFRC was up-regulated in BCa tissues and was associated with LNM. The study also revealed that cTFRC might act as a sponge for miR-107 to up-regulate the expression of TFRC (transferrin receptor), further promoting the transitional phenotype of BCa cells from epithelial to mesenchymal, thereby promoting the progress of BCa. (56) Another circRNA, circPTK2, was significantly increased in BCa, and its expression level is closely related to LNM. CircPTK2 can promote the proliferation and migration of BCa cells, but its specific mechanisms are still unclear (105).



Other Molecules as Predictive Biomarkers

In addition to the molecules described above, studies on the tumor microenvironment and genetic modification can also help predict the lymphatic metastasis of bladder cancer.

Tumors often form a microenvironment that allows inflammatory cells to proliferate and produce large amounts of mediators. D’Andrea et al. (106) found that LMR (lymphocyte-to-monocyte ratio) and NLR (neutrophil-to-lymphocyte ratio) can be used as independent factors to predict the preoperative LNM and postoperative recurrence rate of BCa patients. Zhou et al. (107) found that lymphatic vessel density (LVD) within and around the tumor increases, and lymph node metastasis of bladder cancer also increase significantly. LVD is also related to the patient’s prognosis.

m6A (N6-methyladenosine) refers to methylation of the N6 position of adenosine bases. m6A RNA modification is a reversible posttranscriptional modification process maintained by a multicomponent methyltransferase ‘writer’ complex (KIAA1429, METTL3, METTL14, RBM15, WTAP, and ZC3H13) and removed by demethylases ‘erasers’ (FTO and ALKBH5). The function of m6A in mRNA metabolism primarily depends on reader proteins, which include HNRNPC, YTHDC1, YTHDC2, YTHDF1, and YTHDF2. These regulators were differentially associated with different clinicopathological variables of BCa patients. The expression of WTAP was significantly correlated with LNM (108). Han et al. (109) found that METTL3 was significantly increased in bladder cancer and correlated with high histological grade and poor prognosis. METTL3 interacted with the microprocessor protein DGCR8 and positively modulated the pri-miR221/222 processes, resulting in the reduction of PTEN, which ultimately leads to the progression of bladder cancer.



Predictive Models as Biomarkers for BCa LNM

The prediction model includes many aspects, such as molecules, imaging, and pathology. With the advent of models, the predictive results of bladder cancer lymphatic metastasis have become more and more reliable.


Gene Expression Model

Smith et al. (110) developed a 20-GEM (gene expression model) for predicting pathological node status, which is evaluable on primary tumor tissue from clinically node-negative (cN0) patients. The predictive efficacy of the model is modest. Seiler et al. (111) invented a KNN51 (K-nearest neighbor classifier 51) to predict pathological lymph node metastases, but the lack of external validation limited its application. Lu et al. (112) presented a preoperative nomogram incorporating the LNM signature and a genomic mutation of MLL2. The LNM signature consists of 48 selected features. The model demonstrated good discrimination and good calibration. KNN51 included 24 non-coding features from the 51 gene signature, but the LN20 signature was based only on coding genes. Clinical factors were not incorporated into the predictive models for evaluation.



Radiomics Nomogram

Wu et al. (113, 114) developed and validated two types of radiomics nomograms incorporating the radiomics signature and CT/MRI-reported LN status for the preoperative prediction of LNM in patients with BCa, which was a non-invasive preoperative prediction tool. It shows favorable predictive accuracy, especially for cN0 patients. Multicenter validation should be performed to acquire high-level evidence for its clinical application.



Genomic-Clinicopathologic Nomogram

Wu et al. (115) constructed an inclusive nomogram that incorporated the five-mRNA-based classifier, image-based LN status, transurethral resection (TUR) T stage, and TUR lymphovascular invasion (LVI) to predict LNM in BCa patients. Five LN-status-related mRNAs include ADRA1D, COL10A1, DKK2, HIST2H3D, and MMP11. It shows favorable discriminatory ability and may aid in clinical decision-making, especially for cN-patients. However, it requires multicenter prospective clinical trials to provide high-level evidence for clinical application.



Genomic-Radiomics Nomogram

Chen et al. (116) validated a genomic-radiomics nomogram incorporating CCR7 and CT to predict LNM in patients with BCa. The combined evaluation of CCR7 and CT appeared to be a more reliable marker for lymph node metastasis in BCa than the diagnosis by CT or CCR7 alone. However, these results require further confirmation by large sample and multi-center prospective studies.




Other Factors Affecting the Prognosis of BCa


Systemic Diseases

In recent years, studies have found that some systemic diseases were closely related to tumor occurrence and development. Metabolic syndrome (MetS) was defined as the presence of three of the following: hypertension, hyperlipidemia, diabetes, or body mass index >30. Previous studies have proved that MetS cannot predict higher pathological stages and the risks of LVI and LNM, but a single component of metabolic syndrome was related to them. Body mass index, waist circumference, and hypertension were positively correlated with the risk of higher pathological stages. And higher BMI value was related to lymphatic invasion and lymph node metastasis (117, 118). Obesity was significantly related to recurrence-free survival, cancer-specific survival, and overall mortality. Adipose tissue can produce a variety of inflammatory factors, including leptin, adiponectin, and cytokines. Leptin played an anti-tumor effect by promoting the proliferation and activation of natural killer cells (119, 120). Nonalcoholic fatty liver was positively correlated with BCa, and it was a poor prognostic factor for BCa. Patients with nonalcoholic fatty liver disease had elevated vascular endothelial growth factor, interleukin 6, TNF-α, and IGF-1. These factors may increase the risk of BCa recurrence and lead to a poor prognosis (121). Studies have shown that patients with BCa had higher insulin resistance than those without cancer but with bladder disease (122). DM was associated with elevated BCa or cancer mortality risk, especially in men (123). Metformin is the most commonly used drug for patients with t2DM. Our team’s study found that the intake of metformin was positively associated with RFS, which improved PFS and cancer-specific survival (124). Metformin targeted a YAP1-TEAD4 complex via AMPKα to regulate CCNE1/2 in BCa cells (125). It can suppress cyclin D1, cyclin-dependent kinase 4 (CDK4), E2F1, and mammalian target of rapamycin (mTOR) (126). The use of insulin can increase the risk of BCa progression (127). High-dose human insulin and insulin glargine similarly promoted T24 BCa cell proliferation via PI3K-independent activation of Akt (128).



Environmental Toxins

Environmental toxins are closely related to cancer occurrence and development, and arsenic is the most reported in BCa. Dimethylarsinic acid (DMAV) is a methylated metabolite of arsenicals found in most mammals, and long-term exposure to DMAV can lead to BCa. Previous studies have found that recurrent BCa with high arsenic levels in tissues was more aggressive and had a higher stage and grade, and recured earlier than people with low levels of arsenic (129). Zhou et al. found that chronic arsenic exposure can upregulate HER2 in human and rat bladder epithelial cells and promote the proliferation, migration, epithelial-mesenchymal transition, and angiogenesis of cancer cells by activating the MAPK, PI3K/AKT, and STAT3 pathways (130). Moreover, sodium arsenite can reduce the human urothelial WIF1 gene expression, increase its DNA methylation level, and promote cancer cells’ migration. The WIF1 gene expression and its DNA methylation can be considered as potential biomarkers for the diagnosis of human BCa (131).




Conclusions

For the LNM in BCa, three mechanisms are mainly involved: tumor cell proliferation, tumor cell migration and invasion, and chemosensitivity. Most biomarkers are related to the proliferation, migration, and invasion of BCa cells. Several biomarkers are involved in chemosensitivity. MiR-143, miR-101, miR-133b, MALAT1, CXCL5, and VEGF-C are related to all three of the above mechanisms. These biomarkers are more likely to be prognostic factors for BCa with LNM, but a large number of retrospective studies are still needed for further verification. Previous studies have shown that most biomarkers have a clear relationship with the prognosis of BCa patients (Table 2). However, the relationship between these eight biomarkers: ISYNA1, miR-539, miR-3658, OXCT1-AS1, DLX6-AS1, HOXA-AS2, circHIPK3, and circPTK2 and prognosis is still unclear; therefore, further research is needed to tap into their potential for the prognosis of BCa patients. Many biological assessment methods are economical and accurate. For example, peripheral blood can detect MMP, LMR, and NLR. Urine can detect the methylation status of GATA6 promoter, CXCL5, and MMP. Genetic testing for LNM is more sensitive and specific than traditional pathological examinations and is particularly suitable for micrometastasis diagnosis. Those test samples are easy to obtain before surgery, with strong reproducibility and high clinical feasibility. Recently, the research on SNP and m6A is also a hot spot. The relationship between them and bladder cancer with lymph node metastasis is not yet clear, and further investigation is needed, but it provides new directions for our future research. As for imaging, pathology, and molecular composition models, they are more accurate in terms of predicting lymphatic metastasis for bladder cancer, which should be studied in-depth and applied to clinical practice.


Table 2 | The relationship between biomarkers and prognosis in bladder cancer.
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Risk stratification of men with clinically localized prostate cancer has historically relied on basic clinicopathologic parameters such as prostate specific antigen level, grade group, and clinical stage. However, prostate cancer often behaves in ways that cannot be accurately predicted by these parameters. Thus, recent efforts have focused on developing tissue-based genomic tests that provide greater insights into the risk of a given patient’s disease. Multiple tests are now commercially available and provide additional prognostic information at various stages of the care pathway for prostate cancer. Indeed, early evidence suggests that these assays may have a significant impact on patient and physician decision-making. However, the impact of these tests on oncologic outcomes remains less clear. In this review, we highlight recent advances in the use of tissue-based biomarkers in the treatment of prostate cancer and identify the existing evidence supporting their clinical use.
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Introduction

Until recently, the only available means for risk-stratifying men with clinically localized prostate cancer (PCa) was through the use of clinicopathologic variables such as prostate-specific antigen (PSA) level, histologic grade group, and clinical stage (1, 2). Based on these variables, several nomograms and risk calculators were developed to quantify the risk of disease aggressiveness and assist in patient counseling. The most widely used risk assessment tools include the Partin tables, the Memorial Sloan Kettering Cancer Center (MSKCC) nomogram (3), and the Cancer of the Prostate Risk Assessment (CAPRA) score (4). The Partin tables and MSKCC nomogram are used to predict pathologic tumor and nodal stage following radical prostatectomy (RP). Additionally, the MSKCC nomogram provides information on post-operative cancer-specific and progression-free survival. Likewise, the CAPRA score predicts post-operative pathology including the presences of high-risk features and lymph node involvement as well as recurrence free survival at 3 and 5 years (5–7).

Although these tools offer a reasonable degree of predictive ability, advances in molecular biology have given birth to a variety of urine, blood, and tissue-based tests that provide the physician and patient with additional information about a given patient’s risk for a number of treatment outcomes (8–11). In this review, we aim to discuss tissue-based assays that have become commercially available over the past several years and appraise their utility for treatment planning in men with PCa (Table 1).


Table 1 | Summary of available tissue-based biomarkers and indications.




Decipher

The Decipher test (Decipher Biosciences, San Diego, CA, USA) uses a microarray platform to measure the expression levels of 22 genes (LASP1, IQGAP3, NFIB, S1PR4, THBS2, ANO7, PCDH7, MYBPC1, EPPK1, TSBP, PBX1, NUSAP1, ZWILCH, UBE2C, CAMK2N1, RABGAP1, PCAT-32, GLYATL1P4, PCAT-80, TNFRSF19) that participate in multiple biologic pathways, such as cell proliferation, differentiation, adhesion and cell cycle progression, and androgen receptor signaling (28). The test requires the extraction of RNA from formalin-fixed paraffin-embedded tissue and a tumor specimen measuring at least 0.5 mm (29). A Decipher Biopsy score is generated when the assay is performed on biopsy tissue, and a Decipher Radical Prostatectomy score is generated when the assay is performed on a RP specimen. Both scores are reported as a number ranging from 0 to 1. A score of 0 to 0.45 is defined as low-risk, 0.46 to 0.6 is average-risk, and above 0.61 is high-risk.

The Decipher Biopsy report provides an assessment of adverse pathology at time of RP, as well as the risk of metastasis and PCa-specific mortality at 5 and 15 years, respectively. The Decipher Radical Prostatectomy report provides similar information with respect to risk of metastasis and prostate-cancer specific mortality, with the goal of guiding decision-making regarding the use of adjuvant radiotherapy, however the clinical utility of this test has never been prospectively validated. Given the recent results of GETUG-AFU 17, RADICALS-RT, and RAVES summarized in the ARTISTIC meta-analysis, which suggest similar outcomes to a strategy of salvage radiotherapy when compared to adjuvant radiotherapy for patients with high-risk histopathologic findings, the utility of genomic classifiers (GCs) may now be somewhat limited in this clinical setting (30–33). Open questions include the clinical benefit of risk stratification with GCs for the selection of adjuvant radiotherapy in select patients with multiple risk factors (34), the possibility of GCs to identify a population unlikely to benefit from salvage radiotherapy (35), and the possible application of GCs in the selection of patients to undergo androgen deprivation therapy as an adjunct to salvage radiotherapy (36).

The expression signature of the genomic classifier that underlies the Decipher test was originally developed using RP specimens from a cohort of men treated at the Mayo Clinic (28). A panel of more than 1.4 million genomic markers, including coding and non-coding RNAs, were compared between 192 men with metastatic PCa and 353 controls. The area-under-curve (AUC) for the genomic classifier was 0.90 in the original cohort and was additionally validated in a second cohort of 186 patients where the AUC was 0.75. In this study, the genomic classifier was the strongest predictor of metastasis in a multivariable analysis (P < 0.001). After the initial validation, further studies expanded its use to predict metastasis (18, 19, 37) and prostate-cancer specific survival after RP (26, 38).

Most of the data to support Decipher Biopsy come from studies done on RP specimens. However, in 2016, Knudsen et al. demonstrated the applicability of the Decipher test in tissue derived from biopsy specimens (39). The authors were able to show that almost 95% of the transcriptomic information extracted from RP specimens could also be derived from biopsy tissue with high correlation (r = 0.96) (39). Several subsequent studies demonstrated the clinical efficacy of the Decipher Biopsy test (40–42). For example, Klein et al. found that Decipher score from prostate biopsy specimens was a significant predictor of metastasis within 10 years after RP with an AUC of 0.8 (43).

Multiple studies have evaluated the role of Decipher testing in clinical decision making (44–46). For example, PRO-ACT was a prospective study that evaluated the treatment decisions of 15 community urologists before and after exposure to the Decipher test results (47). In total, 60% of patients with high-risk disease were reclassified as low risk based on the results of this test and the decision to proceed with adjuvant radiation was changed in 30% of cases. Additionally, 42% of patients who were initially recommended to undergo adjuvant therapy were subsequently reassigned to observation following Decipher testing. In this study, the use of Decipher significantly changed urologists’ adjuvant treatment recommendations for men who were at high risk of metastasis post-prostatectomy (P < 0.001) (47). PRO-IMPACT demonstrated similar results (45). This was a prospective study evaluating the impact of Decipher testing on decision making for adjuvant and salvage radiation therapy in 265 post-prostatectomy patients found to have either adverse pathology or a rising PSA. Prior to Decipher testing, observation was recommended for 89% of patients considering adjuvant radiation and 58% of patients considering salvage treatment. After Decipher testing, 18% of treatment recommendations changed in the adjuvant radiation arm and 32% in the salvage arm. In both groups, the Decipher test was associated with significant decrease in decisional conflict for both physicians and patients (P < 0.001). Finally, the role of Decipher has been evaluated as a guide for androgen deprivation therapy after adjuvant or salvage radiotherapy post-prostatectomy (48). In this setting, a low Decipher score predicts a more favorable prognosis and may change treatment intensification strategies (40). Recently, Jairath et al. performed a systematic review on the available evidence on Decipher and its role on PCa management (40). The authors concluded that in multiple studies Decipher was an independent prognostic factor for adverse pathology, biochemical failure, metastasis, and cancer-specific and overall survival. Decipher’s utility seems to be more important for intermediate-risk PCa as well as post-prostatectomy decision-making.

According to the guidelines from the National Comprehensive Cancer Network (NCCN), the Decipher test may be offered to men with very-low, low- and intermediate-risk PCa on biopsy and a life expectancy of at least 10 years. The goal of the test in this context is to aid in the selection of candidates for active surveillance. Post-prostatectomy, the Decipher test may be offered to men with pT2 disease and positive surgical margins or any pT3 disease to aid in the decision whether to undergo adjuvant radiation therapy (49).



Prolaris

The Prolaris Molecular Score (Myriad Genetics, Salt Lake City, UT, USA) assay measures the expression of 31 cell cycle progression (CCP) genes related to cancer proliferation and can be performed on either a biopsy or RP specimen (25). The CCP score ranges from 0 to 10, with a high score indicating a more aggressive cancer and correlating with a high risk for disease progression (15, 16). Each 1-unit increase reflects a doubling in gene expression level, suggesting a more aggressive tumor. The CCP score has been used for men with newly diagnosed PCa (Prolaris biopsy test) as well as men who have already undergone prostatectomy (Prolaris post-prostatectomy test). The Prolaris biopsy test reports the risk of 10-year PCa-specific mortality and 10-year metastasis with definitive treatment, whereas the Prolaris post-prostatectomy test reports the risk of 10-year biochemical recurrence.

The Prolaris assay is comprised by an index of 31 genes which were felt most reliably to model the entirety of the identified set of CCP genes. The predictive utility of this gene signature was first reported in a retrospective study which showed a significant correlation between the CCP score and clinical outcomes in two separate cohorts, the first comprised of 366 patients who had undergone and the second 337 men with localized PCa diagnosed by a transurethral resection who were managed conservatively. The CCP score was associated with risk of biochemical recurrence (HR 1.77, 95%CI 1.40–2.22, P < 0.001) in the prostatectomy cohort and PCa specific mortality (HR 2.57, 95%CI 1.93–3.43, P < 0.001) in the conservatively managed cohort (16).

The predictive utility of the CCP score was first defined in a 2011 report in which the authors used two different patient cohorts for validation (16). The first cohort had 366 patients who had undergone RP, and the second cohort had 337 men with clinically localized PCa diagnosed by a transurethral resection (TURP) who were managed conservatively. In this study, the CCP score was associated with risk of biochemical recurrence (HR 1.77, 95%CI 1.40–2.22, P < 0.001) in the prostatectomy cohort and PCa specific mortality (HR 2.57, 95%CI 1.93–3.43, P < 0.001) in the conservatively managed cohort (16).

The Prolaris post-prostatectomy test was subsequently validated on another independent cohort of 413 men by Cooperberg and co-workers (17). In this study the authors demonstrated that when controlling for clinicopathologic factors, CCP score was a strong predictor of biochemical recurrence with each increase in score (HR 2.1, 95%CI 1.6 to 2.9, P < 0.001) (17). Based on this finding, Prolaris may be used to select men who are candidates for post-prostatectomy adjuvant therapy. A later study by Koch et al. showed that men with increased CCP score who had biochemical recurrence after RP had increased risk of systematic disease, suggesting that this patient population could benefit from earlier adjuvant therapy (10, 50).

The Prolaris biopsy test can facilitate decision-making process for men considering active surveillance versus localized treatment (surgery or radiation). Bishoff et al. evaluated the CCP score in prostate biopsy specimens of 582 men who underwent radical prostatectomy and demonstrated that increased biopsy CCP score was associated with biochemical recurrence (HR per score unit 1.47, 95%CI 1.23–1.76, P < 0.001) and metastatic progression (HR per score unit 4.19, 95%CI 2.08–8.45, P < 0.001) (51). In 2015, Cuzick et al. demonstrated in a study of 585 men undergoing active surveillance that biopsy CCP score is an independent predictor of prostate-cancer specific mortality (HR per score unit 1.76, 95%CI 1.44–2.14, P < 0.001) after adjusting for Gleason score, PSA, extent of disease, and clinical stage (15).

The Prolaris biopsy test also provides a 10-year PCa specific mortality risk upon combining the patient’s PSA, clinical stage, % of positive cores, biopsy grade group, and AUA risk group (52). The PROCEDE-1000, a large, prospective registry with almost 1,600 participants, showed that the CCP score resulted in a change in treatment for 47.8% of patients (53). More specifically, treatment was deescalated in 75% of cases and escalated in 25% of cases. In spite of CCP score’s use as a means to help physicians and patients reach personalized treatment decisions, no prospective data have shown clinical superiority of the decisions that the test informs.

According to the NCCN guidelines (49), Prolaris biopsy test may be recommended to men with very-low, low-, and favorable intermediate-risk PCa on biopsy and a life expectancy of at least 10 years.



PTEN/TMPRSS2:ERG

The PTEN/TMPRSS2:ERG (Metamark, Cambridge, MA, USA) assay detects the presence of both PTEN and the fusion TMPRSS2:ERG genes in biopsy specimens. Deletion of PTEN and/or presence of TMPRSS2:ERG indicates more aggressive PCa (54).

PTEN is a tumor suppressor gene that helps regulate cell division by modifying other proteins and lipids via phosphatase action. PTEN loss results in deactivation of the PI3K signaling pathway which controls cell growth and proliferation (55). Loss of PTEN in PCa has been associated with high cancer grade group, tumor progression and poor outcomes (56, 57). Yoshimoto et al. demonstrated that men with homozygous PTEN deletion are more likely to develop late biochemical recurrence (P = 0.005) (24).

TMPRSS2:ERG fusion gene is a common chromosomal rearrangement in PCa. While TMPRSS2:ERG fusion gene has not been found to be a strong predictor of biochemical recurrence and PCa-specific mortality, its presence is associated with higher T-stage and higher risk of metastasis (58, 59). Ahearn et al. showed that loss of PTEN in the presence of TMPRSS2:ERG fusion is independently associated with PCa progression (60). Heterozygous or homozygous PTEN loss was associated with PCa specific mortality in the absence of ERG fusion. However, this association was not seen in patients with a loss of PTEN in the presence of ERG fusion. Therefore, the presence of TMPRSS2:ERG fusion may modulate the effects of PTEN loss on the disease biology (10, 60).

The impact of the PTEN/TMPRSS2:ERG tissue assay on the decision making process regarding therapy has not been studied yet. However, the MyProstateScore (LynxDx, Inc., Ann Arbor, Michigan, USA) test is a recent advancement that uses urinary TMPRSS2:ERG, urinary PCa antigen 3, and serum PSA to rule out grade group ≥2 cancer in biopsy naïve men (61). Currently, PTEN/TMPRSS2:ERG is available as a standalone test for men with atypical pathology, high-grade prostatic in situ neoplasia and those with grade group 1 or 2 PCa to provide risk stratification (10). However, both PTEN mutations and TMPRSS2:ERG fusions are regularly tested as part of commercially available next generation sequencing (NGS) panels such as FoundationOne CDx (62). The latter is the first FDA-approved tissue-based broad companion diagnostic (CDx) that is clinically and analytically validated for all solid tumors.

The PTEN/TMPRSS2:ERG assay is not recommended as standalone test for routine use in the most recent NCCN guidelines. However, germline genetic testing is now supported by NCCN guidelines for all men with high-risk, very-high-risk, regional or metastatic PCa as well as men with PCa who have Ashkenazi Jewish ancestry or family history of high-risk germline mutations (e.g. BRCA1/2, Lynch Syndrome). Furthermore, men with PCa and positive family history for cancer (brother or father or multiple family members with PCa under the age of 60 or more than three cancers on the same side of family) should also undergo germline genetic testing (49).



Oncotype DX

Oncotype DX (Genomic Health, Redwood City, CA, USA) is an assay that utilizes reverse transcriptase-PCR to measure the expression levels of 12 cancer genes and five housekeeping genes. The 12 cancer genes are components of four major cellular pathways: proliferation (TPX2), androgen receptor pathway (AZGP1, KLK2, SRD5A2, FAM13C) cellular organization (FLNC, GSN, TPM2, GSTM2) and stromal response (BGN, COL1A1, SFRP4). The combination of these genes is used to calculate the Genomic Prostate Score (GPS), which ranges from 0 to 100. GPS correlates with the probability of adverse pathology, such as primary grade group and/or non-organ confined disease at the time of prostatectomy (63).

Initially introduced for breast (64) and colon cancer (65), the Oncotype Dx test was approved for use in PCa in 2013. Klein et al. validated Oncotype DX using three cohorts of patients: prostatectomy discovery cohort, prostate biopsy cohort, and an independent prostate biopsy validation cohort (21). The authors first explored 732 candidate genes in the prostatectomy discovery cohort and identified 288 genes predictive of clinical recurrence and 198 genes predictive of aggressive disease after adjustment for PSA, grade group, and clinical stage. These genes were then evaluated in a prostate biopsy cohort to identify a subset that is associated with adverse pathology at prostatectomy. This analysis led to the development of current test’s 17 gene panel which was independently validated in an unrelated 395 patients with available prostate biopsy and prostatectomy pathology. Notably, this cohort included only men with low-volume intermediate-risk PCa. GPS predicted high-grade and high-stage disease at RP. Another study by Cullen et al. showed that GPS score can predict adverse pathology at prostatectomy but also eventual post-treatment biochemical recurrence (HR 2.73, 95%CI 1.84–3.96, P < 0.001 per 20 GPS units increase) (20).

Regarding the role of Oncotype DX in clinical decision making, Badani et al. performed a prospective study in 158 men with very low to low-intermediate risk PCa to assess the impact of incorporating Oncotype DX on treatment recommendations (66). The authors found that the use of Oncotype DX resulted in an 18% overall change in treatment recommendation. More specifically, active surveillance increased from 41 to 51%, prostatectomy decreased from 21 to 19% and radiation therapy decreased by 33%.

Furthermore, while the predictive utility of the Oncotype DX score to prognosticate adverse pathologic or clinical outcomes has been well validated, its prospective utility as a decision aid to modify treatment recommendations still requires validation in PCa. However, based on advances in the field of breast cancer, it is hopeful that this translation will be fruitful. While the Oncotype DX score for breast cancer was initially validated in the NSABP B20 cohort as a predictive marker for distant metastases (67), a more recent prospective trial, TAILORx, has demonstrated prospective utility as a decision aid to identify a subgroup of women with higher risk, early stage node-negative disease in whom omission of chemotherapy is appropriate (68–70).

According to the NCCN guidelines, Oncotype DX may be offered to men with very-low, low- or favorable intermediate-risk PCa on biopsy and a life expectancy of at least 10 years (49).



ConfirmMDx

ConfirmMDx for PCa (MDxHealth, Inc., Irvine, CA, USA) is a tissue-based assay that can be used for risk stratification of men with negative prior prostate biopsies. This test involves quantifying the methylation of promoter regions of three tumor suppressor genes (RASSF1, GSTP1, and APC) in benign prostate biopsy tissue (14, 71). When the CpG islands expand in the promoter regions of these genes, there is an increased risk for PCa development. The concept behind this test is that the normal prostatic tissue surrounding an area of adenocarcinoma will undergo epigenetic changes (72).

The two major studies that validate the use of ConfirmMDx are the Methylation Analysis to Locate Occult Cancer (MATLOC) and Detection of Cancer Using Methylated Events in Negative Tissue (DOCUMENT) (12, 13). The MATLOC study demonstrated that ConfirmMDx has sensitivity and specificity of 68 and 64%, respectively, for identifying occult PCa, defined as having a negative biopsy followed by a positive biopsy within 30 months. Furthermore, it showed that ConfirmMDx decreased the number of unnecessary prostate biopsies by up to 64% (12). The DOCUMENT study showed that ConfirmMDx is an independent predictor for PCa when compared to other clinicopathologic parameters and has a negative predictive value of almost 90% (13). Furthermore, Van Neste et al. concluded that men with low DNA-methylation levels in benign biopsies had a negative predictive value of 96% for high-grade cancer (73). The most recent clinical trial on ConfirmMDx is PASCUAL (NCT02250313), which has yet to be reported after termination in 2018. Nevertheless, it’s important to note that these trials were performed prior to the adoption of prostate MRI in the diagnostic algorithm of PCa. Therefore, the role of ConfirmMDx should be reevaluated in the era of MRI-targeted prostate biopsies.

Regarding the role of ConfirmMDx in clinical decision making, Wonju et al. found that only 4.4% of men with negative ConfirmMDx had repeat biopsy, compared to a 43% repeat biopsy rate in the PLCO trial (74). In this study, all the repeat biopsies of patients with negative ConfirmMDx were also negative. Moreover, Van Neste et al. demonstrated that if a probability threshold of 15% is applied, then 30 unnecessary repeat biopsies could be avoided per 100 patients (9, 73).

CONFIRMMDX has not been incorporated in the most recent NCCN guidelines.



ProMark

The ProMark test (Metamark, Cambridge, MA, USA) is a protein-based assay that measures the levels of eight proteins (DERL1, CUL2, SMAD4, PDSS2, HSPA9, FUS, pS6, and YBOX1) in a prostate biopsy specimen through quantitative immunofluorescence. These proteins participate in cell signaling, stress response and cell proliferation (9). The concept behind evaluating protein levels is based on the significant intratumoral heterogeneity that characterizes PCa. Thus, a protein-based panel aims to provide information derived from the most aggressive cells that might exist in a tumor.

ProMark reports a score from 0 to 1 that reflects the probability of Gleason score ≥4 + 3 disease or non-organ confined disease on RP. The test is meant to be used by men who are NCCN very-low or low-risk and considering active surveillance.

Initially, Shipitsin et al. reported 12 protein biomarkers that predicted PCa aggressiveness and lethal outcome in both high- and low-Gleason areas (22). In 2015, Blume-Jensen et al. used eight of the 12 protein biomarkers in 381 matched prostate biopsy and prostatectomy specimens to validate the eight-biomarker assay as a predictor of prostate pathology (23). More specifically, they showed that a “favorable” score of ≤0.33 is predictive of favorable pathology in 95% of very low-risk and 81.5% of low-risk NCCN patients. The predictive value for non-favorable pathology was 76.9% at biomarker risk scores >0.8 across all risk groups. The authors also performed a validation study in 276 cases and were able to show that the eight-protein biomarker separates favorable from non-favorable disease as well as Gleason score 6 disease versus non-Gleason score 6 disease (AUC 0.68 and 0.65, respectively).

According to the NCCN guidelines, ProMark is recommended for men with very-low or low-risk PCa on biopsy and a life expectancy of at least 10 years (49).



Limitations of Tissue-Based Biomarkers

Tissue biomarkers for PCa need to be used within the context of their limitations. First, the majority of the tissue-based biomarkers have been validated in cohorts primarily consisting of White Caucasian men. However, there are multiple reports demonstrating that the aggressiveness of PCa differs among races (75–78). This stands true especially for African American men in whom there is a higher incidence and mortality secondary to PCa (79). While there is emerging data suggesting that the mortality difference between African American and White males may be a product of unequal access to care rather than genetics, this is still an area of active research. Therefore, the use of genetic risk classifiers in African American men likely requires further validation. Second, most of the tissue-based biomarkers have inconsistent coverage from insurances in the United States. Thus, the financial burden may preclude their use for certain patient populations. Third, there is lack of data regarding cost-effectiveness. Lobo et al. demonstrated that a Decipher-based care model could lead to cost savings of approximately 25% without any significant change in life expectancy (80). However, the literature lacks similar reports on the other available tissue biomarkers Fourth, the heterogeneity and multifocality of primary PCa should not be ignored. As demonstrated by Salami et al. gene expression assays performed on low-grade PCa biopsy tissue may not provide meaningful information on the presence of coexisting unsampled aggressive disease (81). More specifically, multifocal, low-grade and high-grade PCa foci can exhibit distinct prognostic expression signatures within the same case. Recent studies have also characterized significant changes to the genomic classifier scores in some patients depending on the biopsy core or area of the prostatectomy specimen analyzed suggesting the challenges of genomic risk classification in tumors with clonal and genomic heterogeneity (81–83). Fifth, many of the tissue biomarker related studies were performed in the pre-MRI era. Thus, it remains unclear if biomarkers provide clinically useful information in the management of localized PCa beyond MRI-guided interventions and treatment decisions. Furthermore, given the lack of head-to-head comparative studies, there is no level 1 evidence to establish the superiority of a single tissue biomarker over another and thus the choice of biomarker falls to the patient or clinician and may be somewhat dependent on financial factors (49). Therefore, there is no tissue-based biomarker that is considered “better” than others and it is each individual clinician’s decision after discussion with his patients which to choose. Moreover, as recommended by the American Society of Clinical Oncology and the European Association of Urology, while tissue-based biomarkers could aid in the decision-making process for some men with PCa, they should not be offered routinely to everyone (84, 85). Finally, it needs to be highlighted that the literature lacks prospective studies supporting the role of tissue biomarkers as means to guide specific therapies (e.g. salvage or adjuvant treatment) and impact PCa-specific outcomes. Trials similar to the TAILORx trial in breast cancer need to be performed for PCa tissue biomarkers to evaluate their impact in disease specific outcomes.



Conclusions and Future Directions

A multitude of tissue-based genomic tests have emerged in recent years, providing prognostic information beyond that of standard clinicopathologic variables. These assays are available at various stages in the care pathway of PCa and offer insight into the risk of high-grade disease, rate of metastasis, and cancer-specific survival. However, many challenges lie ahead. To date, Decipher and Prolaris have the most supporting data available but, again, neither has been proven superior in comparative studies. Although some tests have demonstrated an ability to significantly impact management—guiding the pursuit of active surveillance, definitive therapy, and adjuvant radiation post-prostatectomy, there is lack of prospective studies supporting their impact on disease specific outcomes. Given the multiple commercial options for tissue-based biomarkers, it is likely that market forces including industrial investments in direct-to-consumer and direct-to-provider advertising will be major drivers of assay uptake and usage in clinical practice. Representation in national guidelines has already begun and will likely continue to grow as more genomic markers of PCa are discovered. However, incorporation in the daily clinical practice and insurance coverage still constitute areas that more work needs to be done so physicians and patients can benefit. Such assays may soon claim a central role in the management of men with PCa and deserve recognition as facilitators of an individualized approach to patient care.




Author Contributions

All authors contributed to data gathering and manuscript drafting and review. All authors contributed to the article and approved the submitted version.



Funding

JH receives research support from the Frederick J. and Theresa Dow Wallace Fund of the New York Community Trust. JH also receives salary support from NIH R01 CA241758, PCORI CER-2019C1-15682 and CER-2019C2-17372. JS is supported by the Frederick J. and Theresa Dow Foundation of the New York Community Trust and a Damon Runyon Cancer Research Foundation Physician Scientist Training Award.



References

1. Epstein, JI, Walsh, PC, Carmichael, M, and Brendler, CB. Pathologic and Clinical Findings to Predict Tumor Extent of Nonpalpable (Stage T1c) Prostate Cancer. JAMA (1994) 271(5):368–74. doi: 10.1001/jama.1994.03510290050036

2. Stephenson, AJ, Scardino, PT, Eastham, JA, Bianco, FJ Jr., Dotan, ZA, DiBlasio, CJ, et al. Postoperative Nomogram Predicting the 10-Year Probability of Prostate Cancer Recurrence After Radical Prostatectomy. J Clin Oncol (2005) 23(28):7005–12. doi: 10.1200/JCO.2005.01.867

3. Memorial Sloan Kettering Cancer Center. Pre-Prostatectomy Nomogram (2021). Availble at: https://www.mskcc.org/nomograms/prostate/pre_o [Retrieved January, 21 2021].

4. University of California San Francisco. Prostate Cancer Risk Assessment and the UCSF-CAPRA Score (2021). Available at: https://urology.ucsf.edu/research/cancer/prostate-cancer-risk-assessment-and-the-ucsf-capra-score [Retrieved January, 21 2021].

5. Cooperberg, MR. Prostate Cancer Risk Assessment: Choosing the Sharpest Tool in the Shed. Cancer (2008) 113(11):3062–6. doi: 10.1002/cncr.23920

6. Zhao, KH, Hernandez, DJ, Han, M, Humphreys, EB, Mangold, LA, and Partin, AW. External Validation of University of California, San Francisco, Cancer of the Prostate Risk Assessment Score. Urology (2008) 72(2):396–400. doi: 10.1016/j.urology.2007.11.165

7. May, M, Knoll, N, Siegsmund, M, Fahlenkamp, D, Vogler, H, Hoschke, B, et al. Validity of the CAPRA Score to Predict Biochemical Recurrence-Free Survival After Radical Prostatectomy. Results From a European Multicenter Survey of 1,296 Patients. J Urol (2007) 178(5):1957–62; discussion 1962. doi: 10.1016/j.juro.2007.07.043

8. Cooperberg, MR, Cowan, JE, Lindquist, KJ, Kobayashi, Y, Simko, JP, Bengtsson, H, et al. Multiple Tissue Biomarkers Independently and Additively Predict Prostate Cancer Pathology Outcomes. Eur Urol (2021) 79(1):141–9. doi: 10.1016/j.eururo.2020.09.003

9. Alford, AV, Brito, JM, Yadav, KK, Yadav, SS, Tewari, AK, and Renzulli, J. The Use of Biomarkers in Prostate Cancer Screening and Treatment. Rev Urol (2017) 19(4):221–34. doi: 10.3909/riu0772

10. Clinton, TN, Bagrodia, A, Lotan, Y, Margulis, V, Raj, GV, and Woldu, SL. Tissue-Based Biomarkers in Prostate Cancer. Expert Rev Precis Med Drug Dev (2017) 2(5):249–60. doi: 10.1080/23808993.2017.1372687

11. Cucchiara, V, Cooperberg, MR, Dall’Era, M, Lin, DW, Montorsi, F, Schalken, JA, et al. Genomic Markers in Prostate Cancer Decision Making. Eur Urol (2018) 73(4):572–82. doi: 10.1016/j.eururo.2017.10.036

12. Stewart, GD, Van Neste, L, Delvenne, P, Delree, P, Delga, A, McNeill, SA, et al. Clinical Utility of an Epigenetic Assay to Detect Occult Prostate Cancer in Histopathologically Negative Biopsies: Results of the MATLOC Study. J Urol (2013) 189(3):1110–6. doi: 10.1016/j.juro.2012.08.219

13. Partin, AW, Van Neste, L, Klein, EA, Marks, LS, Gee, JR, Troyer, DA, et al. Clinical Validation of an Epigenetic Assay to Predict Negative Histopathological Results in Repeat Prostate Biopsies. J Urol (2014) 192(4):1081–7. doi: 10.1016/j.juro.2014.04.013

14. Van Neste, L, Bigley, J, Toll, A, Otto, G, Clark, J, Delree, P, et al. A Tissue Biopsy-Based Epigenetic Multiplex PCR Assay for Prostate Cancer Detection. BMC Urol (2012) 12:16. doi: 10.1186/1471-2490-12-16

15. Cuzick, J, Stone, S, Fisher, G, Yang, ZH, North, BV, Berney, DM, et al. Validation of an RNA Cell Cycle Progression Score for Predicting Death From Prostate Cancer in a Conservatively Managed Needle Biopsy Cohort. Br J Cancer (2015) 113(3):382–9. doi: 10.1038/bjc.2015.223

16. Cuzick, J, Swanson, GP, Fisher, G, Brothman, AR, Berney, DM, Reid, JE, et al. Prognostic Value of an RNA Expression Signature Derived From Cell Cycle Proliferation Genes in Patients With Prostate Cancer: A Retrospective Study. Lancet Oncol (2011) 12(3):245–55. doi: 10.1016/S1470-2045(10)70295-3

17. Cooperberg, MR, Simko, JP, Cowan, JE, Reid, JE, Djalilvand, A, Bhatnagar, S, et al. Validation of a Cell-Cycle Progression Gene Panel to Improve Risk Stratification in a Contemporary Prostatectomy Cohort. J Clin Oncol (2013) 31(11):1428–34. doi: 10.1200/JCO.2012.46.4396

18. Klein, EA, Yousefi, K, Haddad, Z, Choeurng, V, Buerki, C, Stephenson, AJ, et al. A Genomic Classifier Improves Prediction of Metastatic Disease Within 5 Years After Surgery in Node-Negative High-Risk Prostate Cancer Patients Managed by Radical Prostatectomy Without Adjuvant Therapy. Eur Urol (2015) 67(4):778–86. doi: 10.1016/j.eururo.2014.10.036

19. Ross, AE, Johnson, MH, Yousefi, K, Davicioni, E, Netto, GJ, Marchionni, L, et al. Tissue-Based Genomics Augments Post-prostatectomy Risk Stratification in a Natural History Cohort of Intermediate- and High-Risk Men. Eur Urol (2016) 69(1):157–65. doi: 10.1016/j.eururo.2015.05.042

20. Cullen, J, Rosner, IL, Brand, TC, Zhang, N, Tsiatis, AC, Moncur, J, et al. A Biopsy-based 17-Gene Genomic Prostate Score Predicts Recurrence After Radical Prostatectomy and Adverse Surgical Pathology in a Racially Diverse Population of Men With Clinically Low- and Intermediate-risk Prostate Cancer. Eur Urol (2015) 68(1):123–31. doi: 10.1016/j.eururo.2014.11.030

21. Klein, EA, Cooperberg, MR, Magi-Galluzzi, C, Simko, JP, Falzarano, SM, Maddala, T, et al. A 17-Gene Assay to Predict Prostate Cancer Aggressiveness in the Context of Gleason Grade Heterogeneity, Tumor Multifocality, and Biopsy Undersampling. Eur Urol (2014) 66(3):550–60. doi: 10.1016/j.eururo.2014.05.004

22. Shipitsin, M, Small, C, Choudhury, S, Giladi, E, Friedlander, S, Nardone, J, et al. Identification of Proteomic Biomarkers Predicting Prostate Cancer Aggressiveness and Lethality Despite Biopsy-Sampling Error. Br J Cancer (2014) 111(6):1201–12. doi: 10.1038/bjc.2014.396

23. Blume-Jensen, P, Berman, DM, Rimm, DL, Shipitsin, M, Putzi, M, Nifong, TP, et al. Development and Clinical Validation of an in Situ Biopsy-Based Multimarker Assay for Risk Stratification in Prostate Cancer. Clin Cancer Res (2015) 21(11):2591–600. doi: 10.1158/1078-0432.CCR-14-2603

24. Yoshimoto, M, Cunha, IW, Coudry, RA, Fonseca, FP, Torres, CH, Soares, FA, et al. FISH Analysis of 107 Prostate Cancers Shows That PTEN Genomic Deletion is Associated With Poor Clinical Outcome. Br J Cancer (2007) 97(5):678–85. doi: 10.1038/sj.bjc.6603924

25. Sommariva, S, Tarricone, R, Lazzeri, M, Ricciardi, W, and Montorsi, F. Prognostic Value of the Cell Cycle Progression Score in Patients With Prostate Cancer: A Systematic Review and Meta-Analysis. Eur Urol (2016) 69(1):107–15. doi: 10.1016/j.eururo.2014.11.038

26. Karnes, RJ, Choeurng, V, Ross, AE, Schaeffer, EM, Klein, EA, Freedland, SJ, et al. Validation of a Genomic Risk Classifier to Predict Prostate Cancer-Specific Mortality in Men With Adverse Pathologic Features. Eur Urol (2018) 73(2):168–75. doi: 10.1016/j.eururo.2017.03.036

27. Den, RB, Santiago-Jimenez, M, Alter, J, Schliekelman, M, Wagner, JR, Renzulli Ii, JF, et al. Decipher Correlation Patterns Post Prostatectomy: Initial Experience From 2 342 Prospective Patients. Prostate Cancer Prostatic Dis (2016) 19(4):374–9. doi: 10.1038/pcan.2016.38

28. Erho, N, Crisan, A, Vergara, IA, Mitra, AP, Ghadessi, M, Buerki, C, et al. Discovery and Validation of a Prostate Cancer Genomic Classifier That Predicts Early Metastasis Following Radical Prostatectomy. PLoS One (2013) 8(6):e66855. doi: 10.1371/journal.pone.0066855

29. Decipher Biosciences. (2021). Available at: from https://decipherbio.com/wp-content/themes/decipher/assets/pdf/decipher-prostate-specimen-preparation-shipping-Instructions.pdf [Retrieved January 21, 2021].

30. Kneebone, A, Fraser-Browne, C, Duchesne, GM, Fisher, R, Frydenberg, M, Herschtal, A, et al. Adjuvant Radiotherapy Versus Early Salvage Radiotherapy Following Radical Prostatectomy (TROG 08.03/ANZUP RAVES): A Randomised, Controlled, Phase 3, non-Inferiority Trial. Lancet Oncol (2020) 21(10):1331–40. doi: 10.1016/S1470-2045(20)30456-3

31. Sargos, P, Chabaud, S, Latorzeff, I, Magne, N, Benyoucef, A, Supiot, S, et al. Adjuvant Radiotherapy Versus Early Salvage Radiotherapy Plus Short-Term Androgen Deprivation Therapy in Men With Localised Prostate Cancer After Radical Prostatectomy (GETUG-AFU 17): A Randomised, Phase 3 Trial. Lancet Oncol (2020) 21(10):1341–52. doi: 10.1016/S1470-2045(20)30454-X

32. Parker, CC, Clarke, NW, Cook, AD, Kynaston, HG, Petersen, PM, Catton, C, et al. Timing of Radiotherapy After Radical Prostatectomy (RADICALS-RT): A Randomised, Controlled Phase 3 Trial. Lancet (2020) 396(10260):1413–21. doi: 10.1016/S0140-6736(20)31553-1

33. Vale, CL, Fisher, D, Kneebone, A, Parker, C, Pearse, M, Richaud, P, et al. Adjuvant or Early Salvage Radiotherapy for the Treatment of Localised and Locally Advanced Prostate Cancer: A Prospectively Planned Systematic Review and Meta-Analysis of Aggregate Data. Lancet (2020) 396(10260):1422–31. doi: 10.1016/S0140-6736(20)31952-8

34. Dalela, D, Santiago-Jimenez, M, Yousefi, K, Karnes, RJ, Ross, AE, Den, RB, et al. Genomic Classifier Augments the Role of Pathological Features in Identifying Optimal Candidates for Adjuvant Radiation Therapy in Patients With Prostate Cancer: Development and Internal Validation of a Multivariable Prognostic Model. J Clin Oncol (2017) 35(18):1982–90. doi: 10.1200/JCO.2016.69.9918

35. Zhao, SG, Chang, SL, Spratt, DE, Erho, N, Yu, M, Ashab, HA, et al. Development and Validation of a 24-Gene Predictor of Response to Postoperative Radiotherapy in Prostate Cancer: A Matched, Retrospective Analysis. Lancet Oncol (2016) 17(11):1612–20. doi: 10.1016/S1470-2045(16)30491-0

36. Karnes, RJ, Sharma, V, Choeurng, V, Ashab, HA, Erho, N, Alshalalfa, M, et al. Development and Validation of a Prostate Cancer Genomic Signature That Predicts Early ADT Treatment Response Following Radical Prostatectomy. Clin Cancer Res (2018) 24(16):3908–16. doi: 10.1158/1078-0432.CCR-17-2745

37. Spratt, DE, Yousefi, K, Deheshi, S, Ross, AE, Den, RB, Schaeffer, EM, et al. Individual Patient-Level Meta-Analysis of the Performance of the Decipher Genomic Classifier in High-Risk Men After Prostatectomy to Predict Development of Metastatic Disease. J Clin Oncol (2017) 35(18):1991–8. doi: 10.1200/JCO.2016.70.2811

38. Cooperberg, MR, Davicioni, E, Crisan, A, Jenkins, RB, Ghadessi, M, and Karnes, RJ. Combined Value of Validated Clinical and Genomic Risk Stratification Tools for Predicting Prostate Cancer Mortality in a High-Risk Prostatectomy Cohort. Eur Urol (2015) 67(2):326–33. doi: 10.1016/j.eururo.2014.05.039

39. Knudsen, BS, Kim, HL, Erho, N, Shin, H, Alshalalfa, M, Lam, LLC, et al. Application of a Clinical Whole-Transcriptome Assay for Staging and Prognosis of Prostate Cancer Diagnosed in Needle Core Biopsy Specimens. J Mol Diagn (2016) 18(3):395–406. doi: 10.1016/j.jmoldx.2015.12.006

40. Jairath, NK, Dal Pra, A, Vince, R Jr., Dess, RT, Jackson, WC, Tosoian, JJ, et al. A Systematic Review of the Evidence for the Decipher Genomic Classifier in Prostate Cancer. Eur Urol (2021) 79(3):374–83. doi: 10.1016/j.eururo.2020.11.021

41. Nguyen, PL, Haddad, Z, Ross, AE, Martin, NE, Deheshi, S, Lam, LLC, et al. Ability of a Genomic Classifier to Predict Metastasis and Prostate Cancer-Specific Mortality After Radiation or Surgery Based on Needle Biopsy Specimens. Eur Urol (2017) 72(5):845–52. doi: 10.1016/j.eururo.2017.05.009

42. Nguyen, PL, Martin, NE, Choeurng, V, Palmer-Aronsten, B, Kolisnik, T, Beard, CJ, et al. Utilization of Biopsy-Based Genomic Classifier to Predict Distant Metastasis After Definitive Radiation and Short-Course ADT for Intermediate and High-Risk Prostate Cancer. Prostate Cancer Prostatic Dis (2017) 20(2):186–92. doi: 10.1038/pcan.2016.58

43. Klein, EA, Haddad, Z, Yousefi, K, Lam, LL, Wang, Q, Choeurng, V, et al. Decipher Genomic Classifier Measured on Prostate Biopsy Predicts Metastasis Risk. Urology (2016) 90:148–52. doi: 10.1016/j.urology.2016.01.012

44. Lobo, JM, Dicker, AP, Buerki, C, Daviconi, E, Karnes, RJ, Jenkins, RB, et al. Evaluating the Clinical Impact of a Genomic Classifier in Prostate Cancer Using Individualized Decision Analysis. PLoS One (2015) 10(3):e0116866. doi: 10.1371/journal.pone.0116866

45. Gore, JL, du Plessis, M, Santiago-Jimenez, M, Yousefi, K, Thompson, DJS, Karsh, L, et al. Decipher Test Impacts Decision Making Among Patients Considering Adjuvant and Salvage Treatment After Radical Prostatectomy: Interim Results From the Multicenter Prospective PRO-IMPACT Study. Cancer (2017) 123(15):2850–9. doi: 10.1002/cncr.30665

46. Marascio, J, Spratt, DE, Zhang, J, Trabulsi, EJ, Le, T, Sedzorme, WS, et al. Prospective Study to Define the Clinical Utility and Benefit of Decipher Testing in Men Following Prostatectomy. Prostate Cancer Prostatic Dis (2020) 23(2):295–302. doi: 10.1038/s41391-019-0185-7

47. Michalopoulos, SN, Kella, N, Payne, R, Yohannes, P, Singh, A, Hettinger, C, et al. Influence of a Genomic Classifier on Post-Operative Treatment Decisions in High-Risk Prostate Cancer Patients: Results From the PRO-ACT Study. Curr Med Res Opin (2014) 30(8):1547–56. doi: 10.1185/03007995.2014.919908

48. Berlin, A, Murgic, J, Hosni, A, Pintilie, M, Salcedo, A, Fraser, M, et al. Genomic Classifier for Guiding Treatment of Intermediate-Risk Prostate Cancers to Dose-Escalated Image Guided Radiation Therapy Without Hormone Therapy. Int J Radiat Oncol Biol Phys (2019) 103(1):84–91. doi: 10.1016/j.ijrobp.2018.08.030

49. National Comprehensive Cancer Network. Prostate Cancer (Version 2.2021). (2021). Available at: https://www.nccn.org/professionals/physician_gls/pdf/prostate.pdf [Retrieved August 25, 2020].

50. Koch, MO, Cho, JS, Kaimakliotis, HZ, Cheng, L, Sangale, Z, Brawer, M, et al. Use of the Cell Cycle Progression (CCP) Score for Predicting Systemic Disease and Response to Radiation of Biochemical Recurrence. Cancer Biomark (2016) 17(1):83–8. doi: 10.3233/CBM-160620

51. Bishoff, JT, Freedland, SJ, Gerber, L, Tennstedt, P, Reid, J, Welbourn, W, et al. Prognostic Utility of the Cell Cycle Progression Score Generated From Biopsy in Men Treated With Prostatectomy. J Urol (2014) 192(2):409–14. doi: 10.1016/j.juro.2014.02.003

52.“Understanding the Prolaris Report”. In: Myriad Prolaris. Available at: https://prolaris.com/understanding-the-prolaris-report/ [Retrieved Feb 28,2021].

53. Shore, ND, Kella, N, Moran, B, Boczko, J, Bianco, FJ, Crawford, ED, et al. Impact of the Cell Cycle Progression Test on Physician and Patient Treatment Selection for Localized Prostate Cancer. J Urol (2016) 195(3):612–8. doi: 10.1016/j.juro.2015.09.072

54. Jamaspishvili, T, Berman, DM, Ross, AE, Scher, HI, De Marzo, AM, Squire, JA, et al. Clinical Implications of PTEN Loss in Prostate Cancer. Nat Rev Urol (2018) 15(4):222–34. doi: 10.1038/nrurol.2018.9

55. Cairns, P, Okami, K, Halachmi, S, Halachmi, N, Esteller, M, Herman, JG, et al. Frequent Inactivation of PTEN/MMAC1 in Primary Prostate Cancer. Cancer Res (1997) 57(22):4997–5000.

56. Bertram, J, Peacock, JW, Fazli, L, Mui, AL, Chung, SW, Cox, ME, et al. Loss of PTEN is Associated With Progression to Androgen Independence. Prostate (2006) 66(9):895–902. doi: 10.1002/pros.20411

57. Koksal, IT, Dirice, E, Yasar, D, Sanlioglu, AD, Ciftcioglu, A, Gulkesen, KH, et al. The Assessment of PTEN Tumor Suppressor Gene in Combination With Gleason Scoring and Serum PSA to Evaluate Progression of Prostate Carcinoma. Urol Oncol (2004) 22(4):307–12. doi: 10.1016/j.urolonc.2004.01.009

58. Pettersson, A, Graff, RE, Bauer, SR, Pitt, MJ, Lis, RT, Stack, EC, et al. The TMPRSS2:ERG Rearrangement, ERG Expression, and Prostate Cancer Outcomes: A Cohort Study and Meta-Analysis. Cancer Epidemiol Biomarkers Prev (2012) 21(9):1497–509. doi: 10.1158/1055-9965.EPI-12-0042

59. Song, C, and Chen, H. Predictive Significance of TMRPSS2-ERG Fusion in Prostate Cancer: A Meta-Analysis. Cancer Cell Int (2018) 18:177. doi: 10.1186/s12935-018-0672-2

60. Ahearn, TU, Pettersson, A, Ebot, EM, Gerke, T, Graff, RE, Morais, CL, et al. A Prospective Investigation of PTEN Loss and ERG Expression in Lethal Prostate Cancer. J Natl Cancer Inst (2016) 108(2):djv346. doi: 10.1093/jnci/djv346

61. Tosoian, JJ, Trock, BJ, Morgan, TM, Salami, SS, Tomlins, SA, Spratt, DE, et al. Use of the MyProstateScore Test to Rule Out Clinically Significant Cancer: Validation of a Straightforward Clinical Testing Approach. J Urol (2021) 205(3):732–9. doi: 10.1097/JU.0000000000001430

62. U.S. Food and Drug Administration. Foundationone CDx - P170019. (2017). Available at: https://www.fda.gov/medical-devices/recently-approved-devices/foundationone-cdx-p17001.

63. Kornberg, Z, Cooperberg, MR, Cowan, JE, Chan, JM, Shinohara, K, Simko, JP, et al. A 17-Gene Genomic Prostate Score as a Predictor of Adverse Pathology in Men on Active Surveillance. J Urol (2019) 202(4):702–9. doi: 10.1097/JU.0000000000000290

64. Albain, KS, Barlow, WE, Shak, S, Hortobagyi, GN, Livingston, RB, Yeh, IT, et al. Prognostic and Predictive Value of the 21-Gene Recurrence Score Assay in Postmenopausal Women With Node-Positive, Oestrogen-Receptor-Positive Breast Cancer on Chemotherapy: A Retrospective Analysis of a Randomised Trial. Lancet Oncol (2010) 11(1):55–65. doi: 10.1016/S1470-2045(09)70314-6

65. Gray, RG, Quirke, P, Handley, K, Lopatin, M, Magill, L, Baehner, FL, et al. Validation Study of a Quantitative Multigene Reverse Transcriptase-Polymerase Chain Reaction Assay for Assessment of Recurrence Risk in Patients With Stage II Colon Cancer. J Clin Oncol (2011) 29(35):4611–9. doi: 10.1200/JCO.2010.32.8732

66. Badani, KK, Kemeter, MJ, Febbo, GF, Jeffrey Lawrence, H, Denes, BS, Rothney, MP, et al. The Impact of a Biopsy Based 17-Gene Genomic Prostate Score on Treatment Recommendations in Men With Newly Diagnosed Clinically Prostate Cancer Who are Candidates for Active Surveillance. Urol Pract (2015) 2(4):181–9. doi: 10.1016/j.urpr.2014.10.010

67. Paik, S, Shak, S, Tang, G, Kim, C, Baker, J, Cronin, M, et al. A Multigene Assay to Predict Recurrence of Tamoxifen-Treated, Node-Negative Breast Cancer. N Engl J Med (2004) 351(27):2817–26. doi: 10.1056/NEJMoa041588

68. Sparano, JA, Gray, RJ, Makower, DF, Pritchard, KI, Albain, KS, Hayes, DF, et al. Adjuvant Chemotherapy Guided by a 21-Gene Expression Assay in Breast Cancer. N Engl J Med (2018) 379(2):111–21. doi: 10.1056/NEJMoa1804710

69. Sparano, JA, Gray, RJ, Ravdin, PM, Makower, DF, Pritchard, KI, Albain, KS, et al. Clinical and Genomic Risk to Guide the Use of Adjuvant Therapy for Breast Cancer. N Engl J Med (2019) 380(25):2395–405. doi: 10.1056/NEJMoa1904819

70. Sparano, JA, Gray, RJ, Makower, DF, Pritchard, KI, Albain, KS, Hayes, DF, et al. Prospective Validation of a 21-Gene Expression Assay in Breast Cancer. N Engl J Med (2015) 373(21):2005–14. doi: 10.1056/NEJMoa1510764

71. Trock, BJ, Brotzman, MJ, Mangold, LA, Bigley, JW, Epstein, JI, McLeod, D, et al. Evaluation of GSTP1 and APC Methylation as Indicators for Repeat Biopsy in a High-Risk Cohort of Men With Negative Initial Prostate Biopsies. BJU Int (2012) 110(1):56–62. doi: 10.1111/j.1464-410X.2011.10718.x

72. Heichman, KA, and Warren, JD. DNA Methylation Biomarkers and Their Utility for Solid Cancer Diagnostics. Clin Chem Lab Med (2012) 50(10):1707–21. doi: 10.1515/cclm-2011-0935

73. Van Neste, L, Partin, AW, Stewart, GD, Epstein, JI, Harrison, DJ, and Van Criekinge, W. Risk Score Predicts High-Grade Prostate Cancer in DNA-methylation Positive, Histopathologically Negative Biopsies. Prostate (2016) 76(12):1078–87. doi: 10.1002/pros.23191

74. Wojno, KJ, Costa, FJ, Cornell, RJ, Small, JD, Pasin, E, Van Criekinge, W, et al. Reduced Rate of Repeated Prostate Biopsies Observed in ConfirmMDx Clinical Utility Field Study. Am Health Drug Benefits (2014) 7(3):129–34.

75. Chornokur, G, Dalton, K, Borysova, ME, and Kumar, NB. Disparities At Presentation, Diagnosis, Treatment, and Survival in African American Men, Affected by Prostate Cancer. Prostate (2011) 71(9):985–97. doi: 10.1002/pros.21314

76. Moses, KA, Orom, H, Brasel, A, Gaddy, J, and Underwood, W 3rd3rd. Racial/ethnic Differences in the Relative Risk of Receipt of Specific Treatment Among Men With Prostate Cancer. Urol Oncol (2016) 34(9):415.e7–12. doi: 10.1016/j.urolonc.2016.04.002

77. Hoffman, RM, Gilliland, FD, Eley, JW, Harlan, LC, Stephenson, RA, Stanford, JL, et al. Racial and Ethnic Differences in Advanced-Stage Prostate Cancer: The Prostate Cancer Outcomes Study. J Natl Cancer Inst (2001) 93(5):388–95. doi: 10.1093/jnci/93.5.388

78. Deka, R, Courtney, PT, Parsons, JK, Nelson, TJ, Nalawade, V, Luterstein, E, et al. Association Between African American Race and Clinical Outcomes in Men Treated for Low-Risk Prostate Cancer With Active Surveillance. JAMA (2020) 324(17):1747–54. doi: 10.1001/jama.2020.17020

79. DeSantis, CE, Miller, KD, Goding Sauer, A, Jemal, A, and Siegel, RL. Cancer Statistics for African Americans, 2019. CA Cancer J Clin (2019) 69(3):211–33. doi: 10.3322/caac.21555

80. Lobo, JM, Trifiletti, DM, Sturz, VN, Dicker, AP, Buerki, C, Davicioni, E, et al. Cost-Effectiveness of the Decipher Genomic Classifier to Guide Individualized Decisions for Early Radiation Therapy After Prostatectomy for Prostate Cancer. Clin Genitourin Cancer (2017) 15(3):e299–309. doi: 10.1016/j.clgc.2016.08.012

81. Salami, SS, Hovelson, DH, Kaplan, JB, Mathieu, R, Udager, AM, Curci, NE, et al. Transcriptomic Heterogeneity in Multifocal Prostate Cancer. JCI Insight (2018) 3(21):e123468. doi: 10.1172/jci.insight.123468

82. Punnen, S, Stoyanova, R, Kwon, D, Reis, IM, Soodana-Prakash, N, Ritch, CR, et al. Heterogeneity in Genomic Risk Assessment From Tissue Based Prognostic Signatures Used in the Biopsy Setting and the Impact of Magnetic Resonance Imaging Targeted Biopsy. J Urol (2021) 205(5):1344–51. doi: 10.1097/JU.0000000000001559

83. Wei, L, Wang, J, Lampert, E, Schlanger, S, DePriest, AD, Hu, Q, et al. Intratumoral and Intertumoral Genomic Heterogeneity of Multifocal Localized Prostate Cancer Impacts Molecular Classifications and Genomic Prognosticators. Eur Urol (2017) 71(2):183–92. doi: 10.1016/j.eururo.2016.07.008

84. Eggener, SE, Rumble, RB, and Beltran, H. Molecular Biomarkers in Localized Prostate Cancer: Asco Guideline Summary. JCO Oncol Pract (2020) 16(6):340–3. doi: 10.1200/JOP.19.00752

85. Mottet, N, van den Bergh, RCN, Briers, E, Van den Broeck, T, Cumberbatch, MG, De Santis, M, et al. Eau-Eanm-Estro-Esur-Siog Guidelines on Prostate Cancer-2020 Update. Part 1: Screening, Diagnosis, and Local Treatment With Curative Intent. Eur Urol (2021) 79(2):243–62. doi: 10.1016/j.eururo.2020.09.042



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

Copyright © 2021 Basourakos, Tzeng, Lewicki, Patel, Al Hussein Al Awamlh, Venkat, Shoag, Gorin, Barbieri and Hu. This is an open-access article distributed under the terms of the Creative Commons Attribution License (CC BY). The use, distribution or reproduction in other forums is permitted, provided the original author(s) and the copyright owner(s) are credited and that the original publication in this journal is cited, in accordance with accepted academic practice. No use, distribution or reproduction is permitted which does not comply with these terms.




ORIGINAL RESEARCH

published: 30 September 2021

doi: 10.3389/fonc.2021.726655

[image: image2]


Identification of Hub Genes Associated With Clear Cell Renal Cell Carcinoma by Integrated Bioinformatics Analysis


Hao Huang 1,2,3, Ling Zhu 2,3, Chao Huang 3,4, Yi Dong 2,3, Liangliang Fan 2,3, Lijian Tao 1,3, Zhangzhe Peng 1,3* and Rong Xiang 2,3*


1 Department of Nephrology, Xiangya Hospital Central South University, Changsha, China, 2 Department of Cell Biology, School of Life Sciences, Central South University, Changsha, China, 3 Hunan Key Laboratory of Organ Fibrosis, Central South University, Changsha, China, 4 Department of Otolaryngology-Head and Neck Surgery, Second Xiangya Hospital Central South University, Changsha, China




Edited by: 

Marco Borghesi, University of Genoa, Italy

Reviewed by: 

Shaolong Cao, University of Texas MD Anderson Cancer Center, United States

Pasquale Ditonno, University of Bari, Italy

*Correspondence: 

Zhangzhe Peng
 pengzhangzhe@csu.edu.cn 

Rong Xiang
 shirlesmile@csu.edu.cn

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


Received: 17 June 2021

Accepted: 06 September 2021

Published: 30 September 2021

Citation:
Huang H, Zhu L, Huang C, Dong Y, Fan L, Tao L, Peng Z and Xiang R (2021) Identification of Hub Genes Associated With Clear Cell Renal Cell Carcinoma by Integrated Bioinformatics Analysis. Front. Oncol. 11:726655. doi: 10.3389/fonc.2021.726655




Background

Clear cell renal cell carcinoma (ccRCC) is a common genitourinary cancer type with a high mortality rate. Due to a diverse range of biochemical alterations and a high level of tumor heterogeneity, it is crucial to select highly validated prognostic biomarkers to be able to identify subtypes of ccRCC early and apply precision medicine approaches.



Methods

Transcriptome data of ccRCC and clinical traits of patients were obtained from the GSE126964 dataset of Gene Expression Omnibus and The Cancer Genome Atlas Kidney Renal Clear Cell Carcinoma (TCGA-KIRC) database. Weighted gene co-expression network analysis (WGCNA) and differentially expressed gene (DEG) screening were applied to detect common differentially co-expressed genes. Gene Ontology, Kyoto Encyclopedia of Genes and Genomes analysis, survival analysis, prognostic model establishment, and gene set enrichment analysis were also performed. Immunohistochemical analysis results of the expression levels of prognostic genes were obtained from The Human Protein Atlas. Single-gene RNA sequencing data were obtained from the GSE131685 and GSE171306 datasets.



Results

In the present study, a total of 2,492 DEGs identified between ccRCC and healthy controls were filtered, revealing 1,300 upregulated genes and 1,192 downregulated genes. Using WGCNA, the turquoise module was identified to be closely associated with ccRCC. Hub genes were identified using the maximal clique centrality algorithm. After having intersected the hub genes and the DEGs in GSE126964 and TCGA-KIRC dataset, and after performing univariate, least absolute shrinkage and selection operator, and multivariate Cox regression analyses, ALDOB, EFHD1, and ESRRG were identified as significant prognostic factors in patients diagnosed with ccRCC. Single-gene RNA sequencing analysis revealed the expression profile of ALDOB, EFHD1, and ESRRG in different cell types of ccRCC.



Conclusions

The present results demonstrated that ALDOB, EFHD1, and ESRRG may act as potential targets for medical therapy and could serve as diagnostic biomarkers for ccRCC.





Keywords: clear cell renal cell carcinoma, weighted gene co-expression network analysis, differentially expressed genes, prognostic genes, single-cell analysis



Introduction

Renal cell carcinoma (RCC) is one of the most common genitourinary cancer types worldwide, and it has a number of heterogeneous histological subtypes, with clear cell RCC (ccRCC) accounting for ~85% of all cases (1). In total, 431,288 new patients were diagnosed with renal cancer, and 179,368 of these patients succumbed to the disease worldwide in 2020 (2). ccRCC is not susceptible to chemoradiotherapy (3). Although ccRCC is curable at an early localized stage by partial or total surgical nephrectomy, advanced or metastatic ccRCC remains a clinical challenge (4). Over the past years, antiangiogenic treatment, inhibitors of the mammalian target of rapamycin (mTOR) pathway, or immune checkpoint inhibition therapy have considerably evolved (5). However, due to diverse biochemical alterations and a high level of tumor heterogeneity, it is important to select highly validated prognostic biomarkers to identify subtypes of ccRCC early and apply precision medicine approaches (6).

The molecular mechanism of ccRCC is characterized by genetic diversity and chromosomal complexity. Loss of the heterozygosity of chromosome 3p, where the von Hippel–Lindau (VHL) gene is located, is found in over 90% of ccRCC cases, and it is considered the critical genetic event (7–9). A loss-of-function mutation in the VHL gene induces the aberrant regulation of a number of VHL-mediated targets, pathways, and processes, which is a significant step in the development of ccRCC (10, 11). The VHL protein, as an E3 ubiquitin ligase, is notably involved in the ubiquitylation of the prolyl hydroxylated transcription factors, hypoxia-inducible factor 1 α (HIF1 α) and HIF2 α, under normoxic conditions. HIF1 α and HIF2 α have an important role in the regulation of angiogenesis, erythropoiesis, glycolysis, and apoptosis (12–14). Moreover, next-generation sequencing technologies have provided evidence that PBRM1, SETD2, or BAP1 mutations are the drivers of tumor evolution (15, 16). Although the molecular features of ccRCC have been increasingly defined by previous studies (17–19), there remain numerous subtypes of ccRCC the pathogenic mechanisms of which have yet to be clearly determined at the genetic and molecular levels. Thus, it is important to identify more additional disease-related genes.

Benefiting from the rapid development of genome sequencing technology, bioinformatics can be used to study gene expression profiles in order to examine the molecular mechanism of tumors and identify tumor-specific indicators. Weighted gene co-expression network analysis (WGCNA) was developed by Horvath and Zhang in 2005 (20). At present, WGCNA is becoming a powerful approach to detecting gene modules, exploring the correlation of the modules and phenotypes, and discovering hub genes that regulate critical biological processes (21, 22).

In the present study, a gene expression profile of ccRCC from the Gene Expression Omnibus (GEO) was downloaded. WGCNA and differentially expressed gene (DEG) screening were applied to detect common differentially co-expressed genes. Then, The Cancer Genome Atlas Kidney Renal Clear Cell Carcinoma (TCGA-KIRC) data were used to establish the prognostic model of ccRCC. Single-cell RNA sequencing (RNA-seq) data from GEO were used to verify the expression profile of the prognostic genes in different cell types. This study aimed not only to understand ccRCC pathogenesis but also to determine its molecular mechanisms and provide insights into novel therapeutic targets for drugs.



Methods


Data Collection and Single-Cell RNA Sequencing Data Processing

The workflow for the current study is presented in Figure 1. Original data were collected from the GSE126964 dataset, which contained 55 ccRCC tumor tissues and 11 matched normal tissues (23). The GEO expression matrix was annotated with gene symbols using the information from the GPL20795 HiSeq X Ten platform file, as well as log2 transformed in R (version 4.0.4) and RStudio (version 1.2.5033) if necessary. Principal component analysis (PCA) was performed, and the outliers of GSM3619137 and GSM3619152 were excluded (Figure S1). In total, only 53 ccRCC sample and 11 normal sample data were used for subsequent analysis.




Figure 1 | Workflow of the present study. (A) Identification workflow. (B) Verification workflow. DEG, differentially expressed gene; GO, Gene Ontology; KEGG, Kyoto Encyclopedia of Genes and Genomes; TCGA, The Cancer Genome Atlas; LASSO, least absolute shrinkage and selection operator; ROC, receiver operating characteristic; HPA, Human Protein Atlas; GSEA, gene set enrichment analysis.



RNA-seq data of TCGA-KIRC and corresponding clinical information were obtained from TCGA (https://portal.gdc.cancer.gov/).

Single-cell RNA-seq data from GSE131685 and GSE171306 were downloaded through GEO website. R package “Seurat” (version 4.0.2) was used to process the data (24). Three healthy kidney samples from GSE131685 (25) and two ccRCC samples from GSE171306 (26) were merged for further analysis. The single-cell RNA-seq data processing was described previously (27). The cell clusters were annotated manually based on previous knowledge and information from literatures (28, 29). Expression profiling of the genes were depicted by heatmap and violin plot using the function “FeaturePlot” and “VlnPlot.”



Differentially Expressed Gene Identification

The “limma” software package (version 3.48.0) (30) was used to conduct the DEG analysis between ccRCC and normal sample data from the GSE126964 dataset (30). An adjusted p-value <0.05 and a |log2fold change| of ≥2.0 were selected as the cutoff criteria. The volcano and heatmap plots were generated using ggplot2 (version 3.3.3) and pheatmap (version 1.0.12) packages, respectively. The DEGs of TCGA-KIRC dataset (https://portal.gdc.cancer.gov/) were obtained via Gene Expression Profiling Interactive Analysis (GEPIA2; http://gepia2.cancer-pku.cn/) (31) using the same aforementioned threshold.



Gene Ontology Enrichment and Kyoto Encyclopedia of Genes and Genomes Analysis of Differentially Expressed Genes

The “clusterProfiler” (version 3.18.1) R package was used for GO and KEGG enrichment analyses (http://www.bioconductor.org/packages/release/bioc/html/clusterProfiler.html) (32). The three main processes in GO analysis are as follows: biological process (BP), molecular function (MF), and cellular component (CC). The p-value was conventionally set at 0.05. A circle plot was generated by “Goplot” R package (version 1.0.2).



Weighted Gene Co-Expression Network Construction

The “WGCNA” package (version 1.70-3) of R (20) was used to construct the co-expression networks. Genes with mean counts of over 5 were selected. A total of 64 samples were used to calculate the Pearson’s correlation matrices. The matrices of adjacency were created based on the Pearson’s correlation matrices. Then, the clinical trait data were uploaded, and the scale independence and mean connectivity were estimated. Subsequently, the topological overlap measure (TOM) matrix, which was created from the adjacency matrix, was used to estimate the network’s connectivity property. A hierarchical clustering dendrogram of the TOM matrix was constructed using the average distance with a minimum size threshold of 50 to classify the similar gene expression profiles into different gene modules. Finally, similar gene modules were merged, with a threshold of 0.20.



Co-Expression Network Construction and Hub Gene Identification

The Cytoscape software v3.7.2 was used to visualize the co-expression network in the turquoise module (33). The data were imported into Cytohubba, a Cytoscape plug-in for hub gene identification, and the maximal clique centrality (MCC) algorithm was used to calculate the scores of all nodes of the network. The top 30 nodes with the highest MCC scores were selected as the hub genes associated with ccRCC. The “real” key genes were identified as those intersecting between the top 30 nodes in turquoise module, DEGs from GSE126964 and DEGs from TCGA-KIRC.



Identification and Verification of Prognostic Gene Signatures

Univariate Cox regression analysis was performed to screen the genes significantly associated with overall survival (OS) in the TCGA-KIRC dataset. The OS-related genes with p < 0.1 were included in the least absolute shrinkage and selection operator (LASSO) regression analysis by using the R package “glmnet” (version 4.1-2). Then, a multivariate Cox regression model analysis was performed to establish a Cox proportional hazards regression prognostic model. We used the following formula to calculate the risk score of each patient:

	

In this formula, β is coefficient and x is the expression level of each prognostic gene i. The samples were divided into a high-risk group and a low-risk group according to the median risk score of the training cohort from TCGA-KIRC. Receiver operating characteristic (ROC) analysis and Kaplan–Meier analysis were conducted between the high-risk group and the low-risk group.



Validation of the Protein Expression Levels of Prognostic Genes in the Human Protein Atlas Database

The Human Protein Atlas (HPA) is a database that aims to map all the human proteins in cells, tissues, and organs using an integration of various omics technologies (https://www.proteinatlas.org/). We also verified the protein expression levels of the survival-related hub genes based on immunohistochemistry using the HPA database.



Gene Set Enrichment Analysis of Prognostic Genes

Gene set enrichment analysis (GSEA) was also used to detect the potential molecular mechanisms of the prognostic genes. Enriched terms predicted to be associated with the KEGG pathway in c2.cp.v7.2.symbols.gmt were screened by GSEA. Images were generated by “ggplot2” (version 3.3.3) package. The p-value of <0.05 was considered statistically significant.



Prognostic Gene Expression Profiles

The prognostic gene expression profiles were obtained from the GTEx Portal (https://gtexportal.org/home/).




Results


Differentially Expressed Gene Screening

The “limma” package was utilized to analyze DEGs in the GSE126964 dataset, with the threshold of |log2(fold-change)|>2.0 and adjusted p < 0.05. A total of 2,492 DEGs between ccRCC and normal control samples were filtered, revealing 1,300 upregulated genes and 1,192 downregulated genes (Figures 2A, B).




Figure 2 | Screening for DEGs. (A) Volcano map of DEGs between ccRCC and normal samples in the GSE126964 dataset. The red plots in the volcano represent upregulated genes, and the blue points represent downregulated genes. (B) Heatmap of the 200 selected DEGs. The color in heatmaps from blue to yellow shows the progression from low expression to high expression, respectively. (C) GO and KEGG analyses of the DEGs. The outer circle shows the scatter plot of the assigned gene log2fold change for all terms: red points show genes that exhibited increased expression, whereas the blue points represent genes that exhibited decreased expression. The inner circle indicates the Z-score value and the number of genes. Red represents a higher z-score value, and purple represents a lower Z-score value. DEG, differentially expressed gene; BP, biological process; CC, cell component; MF, molecular function; GO, Gene Ontology; KEGG, Kyoto Encyclopedia of Genes and Genomes; ccRCC, clear cell renal cell carcinoma.



The DEGs were mostly enriched in “T cell activation,” “leukocyte cell–cell adhesion,” “apical part of cell,” “external side of plasma membrane,” “collagen-containing extracellular matrix (ECM),” and “ion transmembrane transporter activity” in the GO analysis (Figure 2C). In the KEGG analysis, DEGs were enriched in “cytokine–cytokine receptor interaction,” “hematopoietic cell lineage,” “viral protein interaction with cytokine and cytokine receptor,” “cell adhesion molecules,” and “protein digestion and absorption” (Figure 2C).

We also evaluated the metabolic shift between ccRCC tissues and normal control tissues in the GSE126964 dataset. Similar to the finding of Clark et al. (19), glycolysis-associated genes were found to be significantly upregulated, and most oxidative phosphorylation (OXPHOS) and tricarboxylic acid (TCA) cycle-associated genes were significantly downregulated in the GSE126964 dataset (Figure S2).



Weighted Co-Expression Network Construction and Analysis

The sample clustering dendrograms of the ccRCC and normal samples are shown in Figure S3A. The soft-power threshold β was selected as 5 to ensure that both the scale-free topology model fit index (R2) and mean connectivity reached steady status  (Figure 3A). Then, gene modules were detected based on the TOM matrix. A total of 25 modules were identified via average linkage hierarchical clustering, and each module was represented by a different color (Figure 3B). Among the modules, the turquoise module had the highest correlation with ccRCC traits (r = -0.97, p = 1e-39) (Figure 3C). A set of 400 selected genes were identified for the network heatmap construction (Figure S3B).




Figure 3 | WGCNA of the ccRCC samples. (A) Analysis of the network topology for various soft-thresholding powers. The left plot shows the scale-free fit index (y-axis) as a function of the soft-thresholding power (x-axis). The horizontal red line shows x-axis = 0.85. The right plot displays the mean connectivity (degree, y-axis) as a function of the soft-thresholding power (x-axis). The power was set as 5 for further analysis. (B) Hierarchical cluster analysis was conducted to detect co-expression clusters with corresponding color assignments. Each color represents a module in the constructed gene co-expression network, as assessed via WGCNA. (C) Module–trait relationships. Each row represents a color module, and every column represents a clinical trait. Each cell contains the corresponding correlation and p-value. (D) A scatter plot of GS for ccRCC vs. the MM in the turquoise module. (E) Identification of hub genes using the MCC method. Genes with the top 30 MCC values were colored red to yellow. Red refers to a relatively large MCC value, and yellow refers to relatively smaller MCC values. WGCNA, weighted gene co-expression network analysis; ccRCC, clear cell renal cell carcinoma; GS, gene significance; MM, module membership; MCC, maximal clique centrality.





Identification of Key Genes

An intramodular analysis of gene significance (GS) and module membership (MM) of the genes in the module turquoise was subsequently conducted. A high correlation coefficient of GS and MM was found in the turquoise module (cor = 0.97, p < 1e-200) (Figure 3D). The co-expression network of the turquoise module was constructed using Cytoscape software. Then, the module net was analyzed with the “Cytohubba” plug-in, and a network of the top 30 hub genes was constructed using the MCC algorithm (Figure 3E).

In order to identify the “real” key genes, we then obtained 796 DEGs, using a cohort of KIRC, from TCGA via GEPIA2, with the same threshold values. After comparing the DEGs in the GSE126964 dataset, TCGA-KIRC data and the top 30 hub genes from the turquoise module, a set of 13 key genes was identified (Figure 4A).




Figure 4 | Prognostic analysis of the key genes. (A) Key genes belonging to both the hub genes and DEGs of the GSE126964 and TCGA-KIRC datasets. (B, C) LASSO regression complexity was controlled by lambda using the glmnet R package. (D) The multivariate analysis of risk factors in ccRCC. (E) Overall survival and ROC analysis between high-risk score and low-risk score groups in the training cohort and testing cohort. (F) The overall survival stratified by the high- and low-risk score groups was plotted for the training cohort and testing cohort. Detailed risk scores, survival information, and heat maps of gene expression are also included for each dataset. *p < 0.05; **p < 0.01; DEG, differentially expressed gene; TCGA-KIRC, The Cancer Genome Atlas Kidney Renal Clear Cell Carcinoma; ROC, receiver operating characteristic; AUC, area under the curve; ccRCC, clear cell renal cell carcinoma; LASSO, least absolute shrinkage and selection operator.





Validation of Key Genes via Survival Analysis

We randomly divided the patients in TCGA-KIRC into two cohorts, a training cohort (N = 266) and a testing cohort (N = 266). The univariate Cox regression analyses of 13 key genes with regard to OS of samples from the training cohort were performed (Table 1). Eight genes with p < 0.1 (GGT6, SLC22A8, FAM3B, PTH1R, ALDOB, ESRRG, SLC34A1, and EFHD1) were included in LASSO analysis (Figures 4B, C). Following the cross validation, seven genes achieved the minimum partial likelihood deviance. Then, we performed a multivariate Cox regression with these seven genes (GGT6, FAM3B, PTH1R, ALDOB, ESRRG, SLC34A1, and EFHD1) as covariants. We finally got three genes, including ALDOB, ESRRG, and EFHD1 without collinearity, and each of them could be an independent prognostic marker for ccRCC (Figure 4D). A prognostic model based on the three genes was established. The risk score for each individual patient was calculated with the following formula: risk score = (-0.105197) * ALDOB + (-0.275676) * ESRRG + (-0.269554) * EFHD1.


Table 1 | Univariate Cox regression analysis in the train cohort.



Then, the Kaplan–Meier analysis was performed. As shown in Figure 4E, the survival rate of patients in the high-risk group was significantly lower than that in the low-risk group in either training cohort (p < 5.81e-4) or testing cohort (p < 5.48e-20). The ROC curve was then used to evaluate the accuracy of the survival analysis. The areas under the curves (AUCs) were 0.717 and 0.699 in the training cohort and testing cohort, respectively (Figure 4E), which indicate that the prediction effect was good. We also plotted the distribution of risk scores in patients with ccRCC and the correlation between survival time and risk scores in the training cohort and testing cohort (Figure 4F). In addition, all of the three genes (ALDOB, ESRRG, and EFHD1) were significantly downregulated and associated with poor pathologic stages in the training cohort, testing cohort, or GSE126964 dataset (Figure 4F and Figure S4). Moreover, ALDOB, ESRRG, and EFHD1 were highly expressed in renal tissues among the different normal tissues, which indicated a critical regulatory function of these genes in the normal kidney (Figure S5).



Validation of Protein Expressions of Prognostic Genes

Immunohistochemistry staining results obtained from the HPA database revealed the protein expression levels of the key survival-related genes (Figure 5). The results showed the downregulation of ALDOB, EFHD1, and ESRRG protein in ccRCC samples compared with normal controls.




Figure 5 | Immunohistochemistry staining of prognostic proteins based on the HPA. Protein expression levels of (A) ALDOB, (B) EFHD1, and (C) ESRRG in tumor tissues and normal tissues. HPA, Human Protein Atlas; Tub., tubules; Glo., glomeruli.





Gene Set Enrichment Analysis of Prognostic Genes

GSEA was conducted to search the KEGG pathways in which the prognostic genes and risk scores were enriched in the samples with high expression or high-risk levels from TCGA-KIRC. “Oxidative phosphorylation” and “Fatty acid metabolism” pathways were enriched with low-risk score and high expression of ALDOB, ESRRG, and EFHD1, while immune-related pathways, including “Cytokine–cytokine receptor interaction,” “Chemokine signaling pathway,” and “Primary immunodeficiency” were significantly enriched with high-risk score and low expression of the prognostic genes (Figures 6A–D).




Figure 6 | Single-gene GSEA of (A) ALDOB, (B) EFHD1, (C) ESRRG and (D) risk score based on TCGA-KIRC. GSEA, gene set enrichment analysis; KEGG, Kyoto Encyclopedia of Genes and Genomes; TCGA-KIRC, The Cancer Genome Atlas Kidney Renal Clear Cell Carcinoma.





Single-Cell Transcriptomic Context of the Prognostic Genes

To further verify the relationship among ALDOB, ESRRG, and EFHD1 in ccRCC, single-cell RNA-seq data from GSE131685 and GSE171306 were employed (25, 26). After quality control, a total of 34,371 cells from two ccRCC samples and three normal kidney samples were profiled (Figure 7A). We identified 27 different cell clusters and five cell groups, including immune cells, epithelial cells, endothelial cells, mesenchymal cells, and tumor cells (Figures 7B, C). Consistent with previous research (28), proximal tubular epithelial cells account for over 90% of a normal renal cortical sample, while in ccRCC, over 50% was accounted for immune cells and approximate 20% for tumor cells (Figure 7D). Except the clusters of macrophage 1 (MC1) and T cell 2 (T2), most kinds of immune cells were identified from ccRCC patients, which depicted a tumor immune microenvironment of ccRCC (Figure 7E). We also identified four tumor cell clusters. Analysis of KEGG pathway in tumor cells suggested the increased glycolysis gluconeogenesis, cancer, and focal adhesion-associated metabolism in ccRCC, while oxidative phosphorylation-associated pathways were negatively enriched with tumor cells (Figures S6, S7).




Figure 7 | Prognostic expression profile based on single-cell sequencing analysis. (A) Composition and distribution of single cells from GSE131685 and GSE171306. (B) UMAP embedding of 34,371 single cells from three human normal kidneys and two ccRCC samples. Labels refer to 27 clusters identified. (C) Scaled gene expression of the top 10 specific genes in each cluster. Each column is the average expression of all cells in a cluster. (D) Composition of different cell types in the five single-cell RNA-seq samples. (E) Number of cells per immune cell type and clinical parameter. The expression profile of (F) ALDOB, (G) EFHD1, and (H) ESRRG for each cell and the (I) violin plot. UMAP, Uniform Manifold Approximation and Projection; ccRCC, clear cell renal cell carcinoma; Im., immune; Epi., epithelial; Endo., endothelial; Mes, mesenchymal; CD, collecting duct; CT, connecting tubule; iEn, injured endothelial cells; Fib, fibroblast; Mast, mast cell; MC, macrophage; Mono, monocyte; PT, proximal tubule; iPT, injured proximal tubule; VR, vasa recta.



We then explored the expression profile of ALDOB, ESRRG, and EFHD1 in different types of cells. Similar with results from TCGA-KIRC and GSE126964, the expression of ALDOB, ESRRG, and EFHD1 were much lower in tumor cells than that in other intrinsic renal cells (Figures 7F–I).




Discussion

ccRCC is a common genitourinary cancer with a high mortality rate (3). There is an urgent requirement to identify additional potential targets for drugs and biomarkers for early diagnosis of ccRCC. In the present study, a novel prognostic model based on three genes (ALDOB, EFHD1, and ESRRG) for ccRCC was established. ALDOB, EFHD1, and ESRRG were also identified as novel independent prognostic markers for ccRCC in different datasets via integrated bioinformatics analysis, including DEG analysis, WGCNA, and single-cell analysis.


Metabolic Shift in Clear Cell Renal Cell Carcinoma

Metabolic disorder is a hallmark in different types of cancer, since sufficient energy and metabolite production are required for the malignant proliferation of cancer cells (34). Gebhard et al. (35) reported that ccRCC tissues were overloaded with glycogen and lipid compared with normal tissues, which suggested that the metabolism of lipids and glucose may be altered in ccRCC (36). In particular, a mutation in VHL is considered to be closely associated with metabolic reprogramming in ccRCC (37). Subsequent accumulation of HIF1 α leads to the expression of glucose transporter-1, thereby promoting cellular glucose uptake. In addition, it can induce lactate dehydrogenase, which promotes the conversion of pyruvate to lactate and switches energy production from the TCA to lactate fermentation (38). This phenomenon is widely known as the Warburg effect. Despite the well-known VHL–HIF axis, there are a number of altered levels of the biochemical enzymes, substrates, and metabolic intermediates or products that are involved in the metabolic reprogramming waiting to be discovered. Our analysis of the GSE126964 data and single-cell RNA-seq data from GSE131685 and GSE171306 supported the observations of the metabolic shift in ccRCC and demonstrated the upregulation of glycolysis-associated genes and downregulation of OXPHOS and TCA-associated genes at the transcriptome level (Figure 6 and Figures S2, S6, S7). Although a metabolic shift is advantageous for tumor progression, altered metabolic pathways in ccRCC may also be exploited as therapeutic targets and may be an important future research direction.



ALDOB, EFHD1, and ESRRG Can Be Novel Independent Prognostic Markers for Clear Cell Renal Cell Carcinoma

ALDOB encodes aldolase B, an enzyme that is expressed in the liver and kidneys and is involved in glycolysis process and fructolysis process. The function of which can cleave fructose-1,6-bisphosphate to yield glyceraldehyde and dihydroxyacetone phosphate (39). A research found that declined ALDOB expression was associated with multiple malignant characteristics of HCC and indicate a poor prognosis (40). Moreover, Bu et al. (41) shows that ALDOB upregulation is commonly found in the metastatic cell in liver during primary colon cancer proliferation by enhancing fructose metabolism and central carbon metabolism. A study by Wang et al. (42) found that the low expression of ALDOB is also important in ccRCC and predicts poor prognosis, which is consistent with our research results. It leads to a high level of fructose 1,6-bisphosphate (FBP) and protects ccRCC from oxidative stress (42). However, the mechanism and prognostic value of accumulated FBP remain unknown.

EFHD1 encodes a mitochondrial inner membrane protein, acted as a calcium sensor for mitochondrial flash activation (43), and induced metabolic changes during the development of pro-/pre-B cells (44). A recent report suggested that EFHD1 may interact with β-actin for its involvement in the Ca2+-dependent regulation of mitochondrial morphology (45). EFHD1 was significantly downregulated in both the GSE126964 and TCGA-KIRC cohorts (Figure 4) and may also have an impact on mitochondrial energy metabolism in ccRCC. However, the detailed mechanism of how EFHD1 regulates ccRCC pathogenesis is currently unknown.

ESRRG encodes a member of nuclear receptor superfamily of transcription factors and has been shown to be a tumor suppressor in different types of cancer (46–48). A study by Huang et al. (49) also identified ESRRG as a co-expressed DEG in different datasets of hypertension-related RCC. Moreover, an experimental study on the mechanism of ESRRG conducted by Nam et al. (50) demonstrated that ESRRG suppressed the migratory and invasive abilities of behaviors in RCC cells. Our analysis and previous studies have all suggested that lower ESRRG expression may be a reliable predictor of a poor clinical outcome.



Hub Genes Including ARMH4, PTH1R, SLC22A8, and SLC34A1 Were Correlated With Cancer

ARMH4, also named C14ORF37, encodes a protein that contains an armadillo-like helical domain. It has been shown that ARMH4 can interact with and inhibit the function of mTOR complex 2 kinase activity and function as a tumor suppressor in hematological malignancies, which is driven by interleukin 6 (IL-6)–signal transducer and activator of transcription 3 (STAT3) signaling pathways (51, 52). Wang et al. (53) also predicted that ARMH4 may act as a modulator for QKI, KH domain containing RNA binding, one of the key RNA-binding proteins shown in TCGA-KIRC dataset, and may change its splicing regulation in kidney cancer (53). Our analysis further confirmed the importance of ARMH4 in ccRCC. However, the specific mechanism remains to be explored.

PTH1R encodes a G protein-coupled receptor of parathyroid hormone (PTH) and PTH-related protein and plays a central role in calcium homeostasis (54). Recently, the structure and dynamics of the active PTH1R have been shown by cryo-electron microscopy (55). Studies from different research groups have reported that the decreased expression of PTH1R was a poor prognosis factor in multiple types of cancer (56–59). Although PTH1R was found to be highly expressed in normal kidney samples (Figure 5 and Figure S4), the detailed mechanism of PTH1R in renal function and ccRCC has yet to be fully elucidated and requires further study.

SLCs are a superfamily of membrane proteins responsible for the cellular uptake of a diverse range of substances. Among the SLCs, SLC22A8 and SLC34A1 both show kidney-specific expression. SLC22A8 is involved in the sodium-independent transport and excretion of organic anions, while SLC34A1 is a sodium-phosphate co-transporter that controls proximal tubule phosphate reabsorption (60, 61). Although defects in SLCs can lead to serious diseases (62–64), there is lack of research in cancer, especially ccRCC. Kang et al. (65) examined the expression patterns and prognostic values of SLCs in the development of ccRCC using different bioinformatics methods. These authors demonstrated that the low expression levels of a cluster of SLCs, including SLC34A1, were correlated with ccRCC progression and poor prognosis (65). Since ccRCC shows a prominent metabolic shift effect, the production and accumulation of metabolites are also different from those in normal tissues. Therefore, SLCs may be critical in ccRCC.




Conclusion

Through a series of comprehensive bioinformatics analyses, including DEG screening, WGCNA, and single-cell analysis, a prognostic model based on ALDOB, EFHD1, and ESRRG was established, and these three genes were also identified as independent prognostic markers for ccRCC. The aforementioned prognostic genes have the potential to become therapeutic targets and biomarkers for ccRCC. However, these key survival-related genes should be tested in a large cohort of ccRCC cases and should be analyzed and validated in additional in vivo and in vitro experiments.
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Supplementary Figure 3 | (A) Sample clustering was conducted to detect outliers. All samples are located in the clusters and pass the cutoff thresholds after removing outliers. (B) Heatmap depicting the TOM of genes selected for weighted co-expression network analysis. The light color represents lower overlap, and red represents higher overlap. TOM, Topological Overlap Matrix.

Supplementary Figure 4 | The overall survival stratified by the high and low-risk score groups was plotted for the GSE126964 dataset. Detailed risk scores, survival information and heat maps of gene expression are also included.

Supplementary Figure 5 | Prognostic genes expression profiles in different normal tissues.

Supplementary Figure 6 | Single-gene GSEA of four tumor clusters for KEGG pathway enrichment. GSEA, gene set enrichment analysis; KEGG, Kyoto Encyclopedia of Genes and Genomes; FC, fold change.

Supplementary Figure 7 | The expression profile of (A) OXPHOS-associated and (B) glycolysis-associated genes for each cell. OXPHOS, oxidative phosphorylation.
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Background

Bladder cancer is a common malignant type in the world, and over 90% are transitional cell carcinoma. While the impact of inflammatory response on cancer progression has been reported, the role of inflammatory response-associated genes (IRAGs) in transitional bladder cancer still needs to be understood.



Methods

In this study, IRAGs were download from Molecular Signature Database (MSigDB). The transcriptional expression and matched clinicopathological data were separately obtained from public databases. The TCGA-BLCA cohort was used to identify the differentially expressed IRAGs, and prognostic IRAGs were filtrated by univariate survival analysis. The intersection between them was displayed by Venn diagram. Based on least absolute shrinkage and selection operator (LASSO) regression analysis method, the TCGA-BLCA cohort was used to construct a risk signature. Survival analysis was conducted to calculate the overall survival (OS) in TCGA and GSE13507 cohort between two groups. We then conducted univariate and multivariate survival analyses to identify independently significant indicators for prognosis. Relationships between the risk scores and age, grade, stage, immune cell infiltration, immune function, and drug sensitivity were demonstrated by correlation analysis. The expression level of prognostic genes in vivo and in vitro were determined by qRT-PCR assay.



Results

Comparing with normal tissues, there were 49 differentially expressed IRAGs in cancer tissues, and 12 of them were markedly related to the prognosis in TCGA cohort for transitional bladder cancer patients. Based on LASSO regression analysis, a risk model consists of 10 IRAGs was established. Comparing with high-risk groups, survival analysis showed that patients in low-risk groups were more likely to have a better survival time in TCGA and GSE13507 cohorts. Besides, the accuracy of the model in predicting prognosis is acceptable, which is demonstrated by receiver operating characteristic curve (ROC) analysis. Age, stage, and risk scores variables were identified as the independently significant indicators for survival in transitional bladder cancer. Correlation analysis represented that the risk score was identified to be significantly related to the above variables except gender variable. Moreover, the expression level of prognostic genes in vivo and in vitro was markedly upregulated for transitional bladder cancer.



Conclusions

A novel model based on the 10 IRAGs that can be used to predict survival time for transitional bladder cancer. In addition, this study may provide treatment strategies according to the drug sensitivity in the future.





Keywords: transitional bladder carcinoma, inflammatory response, prognostic model, risk score, drug sensitive, qRT-PCR



Introduction

Bladder cancer is a common malignant type in the world, and over 90% are transitional cell carcinoma, namely, bladder urothelial carcinoma (BUC), which accounts for the majority of primary bladder cancer (1). In addition to the type of non-muscle invasive tumor, muscle-invasive tumor is the other type of bladder cancer, which is categorized by the extent of tumor infiltration (2). Although 80% of bladder cancer are first diagnosed as non-muscle invasive tumor, up to 80% of them progress into muscle-invasive tumor after initial treatment within 5 years (2). However, metastasis in patients with muscle-invasive bladder cancer is easier to happen and has poor prognosis (3). Thus, it is imperative for us to determine practical biomarkers to predict BUC in patients at an early stage.

The connection between inflammation and cancer has been well established (4). Inflammation could not only inhibit tumors but also promote cancers (5). Recently, numerous studies indicated that inflammatory response regulates the development and progression of cancer, which has attracted increasing attention from researchers (6).

Since inflammatory biomarkers in the blood are easy to detect, researchers can explore their role in cancers (7). The indicators of inflammatory response, such as thrombocytosis, leukemoid, hypercalcemia, plasma fibrinogen, and D-dimer, as prognostic biomarkers for bladder cancer have been demonstrated (8, 9). In addition, the value of inflammatory indexes including lymphocyte-to-monocyte ratio, platelet-to-lymphocyte ratio, and neutrophil-to-lymphocyte ratio were estimated in new bladder cancer cases. Moreover, studies showed that these markers were the independent predictors for OS in bladder cancer (10–12). In the Glasgow prognosis model, C-reactive protein and albumin were independent prognostic factors in tumors (13). To develop a comprehensive prognostic model, increasing studies suggested that it would be a good choice for researchers to combine various acute phase proteins and inflammatory indexes. Furthermore, some IRAGs playing an important role in the metastasis of bladder cancer have been reported (14). However, the correlation between IRAGs and the prognosis of transitional bladder cancer still needs to be elucidated.

We first retrieved transcriptional expression and matched clinicopathological data of patients with transitional bladder cancer from TCGA and GEO databases in this study. Based on differentially expressed IRAGs, we then established and validated the risk model by TCGA and GSE13507 cohorts. Next, the possible mechanisms, which they were involved in, were explored by single sample gene set enrichment analysis (ssGSEA). Besides, associations between cancer stemness, tumor chemoresistance, immune infiltrate types, and the risk score were analyzed. Finally, qRT-PCR assay was performed to determine the levels of prognostic genes in vivo and in vitro.



Material and Methods


Data Collection and Preparation

Transcriptional expression profile and matched clinico-pathological data were obtained from The Cancer Genome Atlas (TCGA) database, which was made up of 409 transitional bladder cancers and 19 normal adjacent tissues, to establish the model. One hundred sixty-five transitional cell carcinoma samples were used to validate the model, which were download from GSE13507 cohort (http://www.ncbi.nlm.gov/geo/query/acc.cgi?acc=GSE13507). Apart from the above, 200 inflammatory response-associated genes were acquired from Molecular Signature Database (http://gsea-msigdb.org) (Supplementary Table S1).



Identification of Differentially Expressed and Prognostic Inflammatory-Response-Associated Genes in TCGA Cohort

Limma R package was used to identify differentially expressed IRAGs in TCGA cohort, which were defined as those with a false discovery rate <0.05 and a |fold change| > 2. After eliminating the patient data with no survival time, the IRAGs with prognosis in TCGA cohort was determined by univariate Cox analysis, and Benjamini–Hochberg (BH) correction method was used to adjust the p-value.



Establishment and Validation of a Prognostic Model

To avoid overfitting and to construct a novel gene signature in the study, LASSO regression analysis was used, the algorithm of which was conducted with glmnet R package to select and shrink variables for excluding the variables with a regression coefficient equal to 0. Then, an interpretable model was established according to the non-zero regression coefficients in TCGA cohort, and the optimum λ was selected in 10-fold cross-validation. We calculated the risk scores for each patient by summarizing the product of the expression level of each IRAGs and its corresponding regression coefficient and split BUC patients into two groups on the basis of risk scores in TCGA and GSE13507 cohort. We then conducted survival analysis to determine their different OS by using the R Survminer package and time‐dependent ROC analysis by using the survival and timeROC R package to assess prediction accuracy.



Prognostic Implication of the Risk Score in TCGA Cohort

For tumor stage, age, gender, and risk scores variables, multivariate Cox analyses, after the initial screening by univariate cox analysis, were conducted to assess the implication of prognosis. Moreover, the relationship between risk scores and other variables were determined by correlation analysis.



Immune Infiltration and Tumor Immune Microenvironment

We calculated the immune and stromal scores to evaluate the cell infiltration levels in transitional bladder cancer. The relationships between risk score and those cells were analyzed by Spearman correlation analysis. To assess the difference in immune infiltration subtype in the two groups, two-way ANOVA analysis was performed. In addition, the feature of tumor stemness cell were downloaded from TCGA tumor samples. To analyze the links between the feature of tumor stemness and risk score, Spearman correlation analysis was conducted.



ssGSEA of the Gene Signatures

To explore the related pathways of the gene signatures in the TCGA cohort, ssGSEA was conducted in high and low scores, and BH method was used to calculate the adjusted p-value with the GSVA R package.



Drug-Sensitive Analysis of the Gene Signatures

After logging into the CellMiner project page (https://discover.nci.nih.gov/cellminer), the transcriptional expression of NCI-60 human cancer cell lines was downloaded. The association between prognostic genes and drug sensitivity was determined by Pearson correlation analysis.



qRT-PCR

Total RNAs of transitional bladder cancer tissues, adjacent normal tissues, T24, 5637, and SVHUC-1 cells were extracted by TRIzol (Novabio, China). Moreover, we obtained total RNAs of T24 and 5637 cells after treatment by 1 μm Dasatinib (15). We purchased these cell lines from Shanghai Chinese Academy of Sciences cell bank (Shanghai, China). RNA (1 μg) and PrimeScript RT kit (Novabio, China) were used to synthesize complementary DNA (cDNA). According to the manufacturer’s protocol, the amplification of cDNA was conducted by using SYBR Green reagent and ddH2O and analyzed by an ABI 7500 Real-Time PCR system (Applied Biosystems). All experiments were performed for three independent measures. Their primer sequences are shown in Supplementary Table S3.



Statistical Analysis

We used R version 4.0.4 to conduct statistical analyses, and statistical significance was assumed at two-sided p-value below 0.05.




Results


Identification of Differentially Expressed Prognostic IRAGs in the TCGA Cohort

Figure 1 shows the flow chart of this study. There are 404 BLCA patients with survival statistics in the TCGA cohort. In addition, 200 IRAGs were downloaded from the Molecular Signature database. There were 49 IRAGs differentially expressed in tumor and normal tissues (Supplementary Table S2). Univariate regression analysis demonstrated that 31 IRAGs are correlated with OS (Supplementary Figure S1). Then, Venn diagram was used to screen the prognosis-related differentially expressed IRAGs (Figure 2A). Heatmap revealed their expression status in tumor and adjacent tissues (Figure 2B). Figure 2C represents the interactions of these signatures.




Figure 1 | Flow chart of data collection, analysis, and experiment.






Figure 2 | Identification of the candidate inflammatory response-associated genes in the TCGA cohort. (A) Venn diagram to identify DEGs between BLCA tissues and adjacent normal tissues. (B) The 13 overlapping genes expression between BLCA tissues and adjacent normal tissues. (C) The correlation network of candidate genes.





Development of a Prognostic Model

As shown in Figure 2C, there are 12 candidate genes that were associated with prognosis.

Then, a novel model consisting of 10 prognostic genes was developed through LASSO–Cox regression analysis (Figures 3A, B). The formula, risk score = (−0.166 * CXCL11) + 0.006 * INHBA + 0.166 * LDLR + 0.069 * MMP14 + 0.115 * MYC + (−0.09 * PTGER4) + (−0.150 * RIPK2) + 0.055 * SGMS2 + 0.029 * SPHK1 + 0.092 * TNFAIP6, was used to compute the risk score of each patient (Figure 3C). We then divided patients in the TCGA cohort into two groups by using the median risk scores (Figure 3C). Besides, scatter chart presented that patient in high-risk groups may have a worse outcome (Figure 3D).




Figure 3 | Prognostic analysis of the 10-gene signature model in the TCGA cohort. (A) LASSO coefficient expression profiles of 13 candidate genes. (B) The penalty parameter (λ) in the LASSO model was selected through 10 cross-validation. (C) The median value and distribution of the risk scores. (D) The distribution of OS status.





Prognostic Implication of the Risk Score

Figures 4A, B demonstrate that patients with higher risk scores were more likely to suffer a markedly shorter OS than that of their counterpart in TCGA and GSE13507 cohorts, respectively. To investigate the predictive ability of the risk score for BUC patients, time-dependent ROC analysis was used, and the area under ROC (AUC) at 1, 2, and 3 years was 0.711, 0.670, and 0.655, respectively, in TCGA cohort (Figure 4C). In addition, the AUC at 1, 2, and 3 years was 0.669, 0.573, and 0.563, respectively, in GSE13507 cohort (Supplementary Figure S2). Moreover, our findings demonstrated that the risk score would be a significant variable for predicting prognosis by the univariate Cox regression analyses (HR = 3.369; CI = 2.354–4.822; p < 0.001) (Figure 4D). After eliminating the factors with p > 0.05, accompanying with stage and age, multivariate survival analyses showed that the risk score was negatively related to OS (HR = 2.696; CI = 1.851–3.925; p < 0.001) (Figure 4E).




Figure 4 | The role of the risk score in overall survival. (A) Kaplan–Meier curves for OS of patients in the high- and low-risk groups of TCGA. (B) Kaplan–Meier curves for OS of patients in the high- and low-risk groups of GEO13507 cohort. (C) AUC time-dependent ROC curves for OS in TCGA. (D) OS-related factors were screened by univariate cox regression analyses in TCGA. (E) OS-related factors were screened by multivariate cox regression analyses in TCGA.





Clinical Implication of the Risk Score

To elucidate the clinical implication of the risk score, clinical variables such as age, gender, grade, and stage variables were enrolled into the correlation analysis. Boxplot showed that patient with age >65, high grade, and stage III−IV are more likely have a high-risk score (Figures 5A–C). However, the relationship between gender variable and the risk score was not significant (Figure 5D).




Figure 5 | The risk score in different groups divided by clinical characteristics in TCGA. (A) Age, (B) grade, (C) stage, and (D) gender.





Immune Status and Tumor Microenvironment

Enrichment scores were calculated in different immune cell subpopulations of these two groups by ssGSEA. Compared with the low-risk group, we found that there are significant enrichment of mast cells, natural killer (NK) cells, and macrophages in the high-risk group (Figure 6A). Furthermore, the scores of immune functions between them were not significant except CCR (Figure 6B, p < 0.05).




Figure 6 | Immune status between different risk groups and the association between risk score and tumor microenvironment in TCGA cohort. (A) The scores of 16 immune cells are shown in boxplots. (B) Thirteen immune-related functions are shown in boxplots. (C) Comparison of the risk score in different immune infiltration subtypes. (D–G) The relationship between risk score and RNAss, DNAss, stromal score, and immune score. p-values are shown as ns, not significant, *p < 0.05, **p < 0.01, and ***p < 0.001.



Six types of immune infiltration types were added to determine the association with risk score, namely, wound healing (C1), interferon gamma (IFN-γ) dominant (C2), inflammatory (C3), lymphocyte depleted (C4), immunologically quiet (C5), and transforming growth factor beta (TGF-b) dominant (C6), were studied in our work, which may function as tumor promoting or repressing. There is no BLCA patient belonging to C5 and C6, which were not studied in our work. As shown in Figure 6C, infiltration of wound healing may happen in patients in the high-risk group, while the infiltrations of lymphocyte depleted, inflammatory, and IFN-γ dominant are more likely to appear in those with low-risk score (p < 0.05).

To measure the tumor stemness, RNA stemness score (RNAss) and DNA methylation pattern (DNAss) were calculated in this study. Correlation analysis represented that the risk score has negative correlation with RNAss (Figure 6D, p < 0.001), while there is no association with DNAss (Figure 6E, p > 0.05)

In addition, correlation analysis demonstrated that the risk score was positively associated with stromal score (p < 0.01), Nevertheless, no significant difference was observed in immune score (p > 0.05) (Figures 6F, G).



Signaling Pathways in High- and Low-Risk Groups

In TCGA cohorts, ssGSEA showed that signaling pathways, such as AXON GUIDANCE (normalized enrichment score NES = 2.20, p < 0.01), WNT_SIGNALING_PATHWAY [(NES) = 2.31, p < 0.01], ARRHYTHMOGENIC_RIGHT_VENTRICULAR_CARDIOMYOPATHY_ARVC (NES = 2.25, p < 0.01), FOCAL ADHESION (NES = 2.26, p < 0.01), and ECM_RECEPTOR_INTERACTION (NES = 2.22, p < 0.01), in the high-risk group were markedly enriched, while in the low-risk group, signaling pathways, such as FATTY_ACID_METABOLISM (NES = −1.71, p = 0.023), ALPHA_LINOLENIC_ACID_METABOLISM (NES = −1.61, p = 0.022), and PEROXISOME (NES = −1.62, p = 0.026) were significantly enriched (Figure 7).




Figure 7 | Gene set enrichment analysis of biological functions and pathways.





The Sensitivity of Prognostic Gene Expression to Chemotherapy

To study the relationship between these prognostic genes and drug sensitivity, we determined their level in NCI-60, a public database of human cancer cell lines. The results showed the top 16 correlation analysis according to the p-value. Figure 8 demonstrates that MYC is sensitive to Palbociclib, Carmustine, Ifosfamide, Lomustine, Hydroxyurea, Oxaliplatin, Dromostanolone Propionate (p < 0.001), and INHBA is sensitive to Zoledronate and Dasatinib (p < 0.001), while it is insensitive to Tyrothricin and Tamoxifen (p < 0.001). Besides, the expression of LDLR is insensitive to Oxaliplatin (p < 0.001), and RIPK2 is insensitive to Decitabine. Moreover, SGMS2 is sensitive to Dasatinib, while it is insensitive to Pipamperone and Tamoxifen (all p < 0.001).




Figure 8 | Scatter plot of relationship between prognostic gene expression and drug sensitivity.





Verification of the Prognostic Gene Expression by qRT-PCR

To validate the different expressions of these prognostic genes, qRT-PCR was implemented to analyze the mRNA expression in vivo and in vitro. The results of qRT-PCR showed that the mRNA expression of INHBA and SPHK1 were significantly increased in cancer than in normal tissues and cells (Figures 9A–D). In addition, we observed that the mRNA expression of INHBA was significantly upregulated in T24 and 5637 cells when treated by Dasatinib (Figures 9E, F).




Figure 9 | The difference of the prognostic gene expression was confirmed by qRT-PCR. (A, B) In vivo. (C, D) In vitro. (E, F) Presence or absence with Dasatinib in vitro. *p < 0.05, **p < 0.01, ***p < 0.001.






Discussion

In the era of personalized precision medicine, high-throughput sequencing technology had been widely used for treating cancer including bladder cancer (16). Nevertheless, due to the lack of useful biomarkers, it is difficult for us to make early diagnosis and evaluate the efficacy of treatment on BUC patients (17). Recent studies suggested that some serum biomarkers, such as circulating tumor cells, vitamin D, and circulating tumor DNA, have good accuracy of BUC diagnosis and prognosis (18–20). Moreover, in addition to early diagnosis, inflammatory indexes can also contribute to predict prognosis of BUC (10, 21, 22). Nevertheless, the IRAGs has not yet been reported as a prognostic marker for BUC. Recent studies have demonstrated that ferroptosis, EMT, glycolysis, m6A, and hypoxia-associated gene signatures had been used for predicting OS of BUC, which were consistent with our study (23–26). In addition, comparing with risk gene signatures above, the IRAGs model constructed in our study had more advantages. For example, our study proved that the prognostic IRAGs were related to drug sensitivity and resistance.

Two hundred IRAGs were enrolled into the current study to determine the expression level of BUC patients and the association with prognosis. Forty-nine differentially expressed IRAGs were filtrated from the TCGA cohort. Twelve of these genes were related to the prognosis in BUC patients by univariate Cox regression analysis. We used TCGA cohort to develop a novel risk model based on 10 prognostic IRAGs and GSE 13507 cohort to validate the reliability. Based on the risk score, we split BUC patients in TCGA or GSE 13507 cohort into two groups. Patients with low-risk score are more likely to have a lower tumor grade, tumor stage, and longer survival time. Univariate and multivariate survival analysis demonstrated that the risk score was an independent prognostic indicator for BUC patients.

Ten IRAGs were included in the model (CXCL11, INHBA, LDLR, MMP14, MYC, PTGER4, RIPK2, SGMS2, SPHK1, and TNFAIP6). C-X-C motif chemokine 11 (CXCL11) has been reported to contribute to the progression of tumors. In our study, we demonstrated that the expression of CXCL11 was negatively correlated with prognosis of BUC, which was consistent with the result of Vollmer Tino et al. In addition, they also found that the expression of CXCL11 was predictive of chemotherapy response in human bladder cancer (27). We also demonstrated the correlation between CXCL11 and chemotherapy drugs in this study, which was consistent with previous studies. Inhibin subunit beta A (INHBA) is highly expressed in various tumors. In our study, we also observed that the expression of INHBA was significantly increased in BUC than in normal tissues or cells. Moreover, our study showed that the high expression of INHBA was significantly associated with poor prognosis of BUC, which was also demonstrated by Sugawara Sho et al. (28). In terms of drug sensitivity, we observed that the expression of INHBA was positively correlated with Dasatinib. Besides, we also observed the increased expression of INHBA after treatment with Dasatinib in vitro.

Low-density lipoprotein receptor (LDLR) is differentially expressed in bladder cancer. We observed that the expression of LDLR was negatively correlated with the sensitivity of Oxaliplatin. Moreover, Hamm et al. revealed cholesterol biosynthesis as an important resistance mechanism in T24 cells after archazolid B treatment (29). Our results demonstrated that the expression of MMP14 was associated with the prognosis in transitional bladder cancer. In addition, Wang et al. demonstrated the downregulation of MMP14-suppressed BC cell invasion and migration abilities in vitro (30). Moreover, our study demonstrated the expression of MMP14 was related to many chemotherapeutic drugs. A previous study has demonstrated that MMP was sensitive to the DNA demethylation molecule 5-aza-2′-deoxycytidine in T24 and 5637 cells (31). Therefore, MMP14 may be the therapeutic target for BUC patients in the future.

MYC is a proto-oncogene. Comparing with normal tissues, the expression of MYC in mRNA level was significantly increased, which may promote the development for BUC patients. Our results also demonstrated that the expression of MYC was related to the prognosis in BUC patients. In addition, we observed that the expression of MYC was positively associated with drug sensitivity. It has been reported that thymoquinone can inhibit the expression of MYC gene and then suppress invasion and metastasis in bladder cancer cells (32). Prostaglandin E receptor 4 (PTGER4) is one of the receptors of prostaglandin E2. Musser et al. demonstrated that the transitional cell carcinoma tissues displayed significantly less mRNA EP4R expression when compared to normal bladder mucosa, which was consistent with our result (33). Besides, we demonstrated that PTGER4 is a protector in BUC patients. However, previous studies have illustrated that the expression of PPTGER4 was associated with the development of malignancy and a poor prognosis in multiple human cancers (pathological function of prostaglandin E2 receptors in transitional cell carcinoma of the upper urinary tract). Therefore, the role of PTGER4 in bladder cancer needs further investigation.

Receptor-interacting serine/threonine-protein kinase 2 (RIPK2) was markedly increased in bladder cancer and a protector as demonstrated by univariate Cox analysis. However, RIPK2 polymorphism was also involved in the development of bladder cancer (34). Sphingomyelin synthase 2 (SGMS2) is a transferase that regulates the synthesis of sphingomyelin from ceramide. In our study, we observed the decreased expression of SGMS2 in BUC. Zheng et al. have demonstrated that the high expression of SGMS2 was associated with breast cancer metastasis (35). In addition, we observed that SGMS2 was a risk factor by univariate Cox analysis, and the expression of SGSM2 was negatively correlated with drug sensitivity to Tamoxifen. Sphingosine kinase 1 (SPHK1) can phosphorylate sphingosine to form sphingosine-1-phosphate, which plays critical roles in the regulation of cancer cell proliferation and survival in different types of cancer (36). Our study demonstrated that the increased expression of SPHK1 and SPHK1 was a prognostic biomarker in bladder cancer. miR163 and miRNA 125b can inhibit bladder cancer proliferation and migration through targeting SPHK1. Our results demonstrated that tumor necrosis factor (TNF) alpha-induced protein 6 (TNFAIP6) was one of the differentially expressed genes. It has been reported that TNFAIP6 high-expression predicted poor OS in patients with urothelial carcinoma (37). Likewise, we demonstrated that TNFAIP6 was a risk factor by survival analysis in our study.

To have a better understanding of the role of risk score in immune infiltration, six were involved in this study. The results showed that patients in high-risk group may happen with the enrichment of C1 in their microenvironment, while those with low-risk score usually happened with C2, C3, and C4 enrichment, which means that C1 is a risk factor and the other types can inhibit the genesis and progression of transitional bladder cancer. Since a high cytotoxicity can suppress the genesis and progression of tumor, the results of our study were in accordance with these previous findings (38). In relation to clinical implication, patients in high-risk groups are more likely to have higher tumor stage, which was a risk factor for cancer.

According to the results of GSEA, mitogen-activated protein kinase (MAPK), and Wnt signaling pathways were markedly enriched, which had been proven to be correlated with cancer, and they may be the potential therapeutic target in the future. Moreover, signal pathways such as melanoma, pathways in cancer, basal cell carcinoma, and colorectal cancer were enriched in high-risk groups, which demonstrated the important role of these IRAGs in cancer. Furthermore, patients are more likely to have a higher score of mast cells and macrophages, while they had lower scores of NK cells than the low-risk group. Interestingly, previous studies suggested that NK cells are a potent class of antitumor cell in bladder cancer, which was similar to our results (39). Besides, the risk score was markedly associated with stromal score, which means that tumor environment may contribute to the aggression of bladder cancer and negatively relate with RNAss that may be a protector for bladder cancer.

By analyzing the data of 60 different cell lines, the elevated expression of these prognostic genes cannot only enhance the drug sensitivity but also increase the resistance of chemotherapy drugs approved by the Food and Drug Administration (FDA). For example, cancer cells were sensitive to Tyrothricin with the increased expression of INHBA genes, while they were insensitive to Zoledronate. Moreover, cells with increased expression of MYC genes were susceptible to Oxaliplatin, which had been approved by FDA for bladder cancer. Therefore, these data may provide a new sight for precision therapy in the future.

To further verify the reliability of our results, qRT-PCR was performed in vivo and in vitro for INHBA and SPHK1 genes. The expression levels of INHBA and SPHk1 were all markedly upregulated for bladder cancer both in vivo and in vitro. In addition, when treated by Dasatinib, the expression of INHBA was significantly increased in T24 and 5637 cells, which was consistent with the correlation between INHBA and Dasatinib.

A good predictive ability of the risk model and differential expression of prognostic genes have been demonstrated in transitional bladder cancer. Nevertheless, there are two limitations in our study. First, to achieve a comprehensive understanding of these prognostic IRAGs, we should conduct multi-omics analysis. Second, a large-sample multicenter study is required to demonstrate the findings of our study.



Conclusions

Our prognostic model can accurately discriminate the transitional bladder cancer patients. Patients that have a worse survival time in high-risk groups can be identified by this model before the disease progression and obtained appropriate therapies immediately. In addition, cancer cells with these prognostic genes are sensitive or insensitive to FDA-approved antitumor drugs, which may contribute to the targeted therapies in transitional bladder cancer in the future.
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Clear cell renal cell carcinoma (ccRCC) carrying wild-type Von Hippel–Lindau (VHL) tumor suppressor are more invasive and of high morbidity. Concurrently, competing endogenous RNA (ceRNA) network has been suggested to play an important role in ccRCC malignancy. In order to understand why the patients carrying wild-type VHL gene have high degrees of invasion and morbidity, we applied bioinformatics approaches to identify 861 differentially expressed RNAs (DE-RNAs) between patients carrying wild-type and patients carrying mutant VHL from The Cancer Genome Atlas (TCGA) database, established a ceRNA network including 122 RNAs, and elected six survival-related DE-RNAs including Linc00942, Linc00858, RP13_392I16.1, hsa-miR-182-5p, hsa-miR-183-5p, and PAX3. Examining clinical samples from our hospital revealed that patients carrying wild-type VHL had significantly higher levels of all six RNAs than those carrying mutant VHL. Patients carrying wild-type VHL had significantly higher risk scores, which were calculated based on expression levels of all six RNAs, than those carrying mutant VHL. Patients with higher risk scores had significantly shorter survival times than those with lower risk scores. Therefore, the risk scores serve well to predict malignancy and prognosis.




Keywords: ccRCC, ceRNA network, prognosis, risk score, VHL



Introduction

Kidney cancer is one of the top 10 most common tumors, the second-ranked malignant tumor in urologic system, and contributes 2% to 3% of the human malignant tumors worldwide (1, 2). There are 400,000 new cases of kidney malignant tumors of which 175,000 lead to death per year (3). Among patients with renal cancer at early stage and even some of renal cancer patients who do not have any specific symptom regardless of the stage of the disease, only about 30% of patients diagnosed with renal cancer was found to be at initial stage of malignancy, but the other 70% were found to be already at late stage of malignancy (4, 5). About 90% of the cases with kidney cancers are those with renal cell carcinomas, of which 70% are with clear cell renal cell carcinomas (ccRCCs), which are either hereditary or sporadic (6). Among many genetic factors that were found to be related to ccRCC, the inactivation of Von Hippel–Lindau (VHL) tumor suppressor gene occurs in 80% of patients and is the most common event (7–9), leading to the interruption of both vascular endothelial growth factor (VEGF) and mammalian target of rapamycin (mTOR) signaling pathways, which serve as the targets of most of the drugs currently used in clinical practice (10, 11). Although the inactivation of VHL gene alone is not sufficient to cause tumors (12, 13), a study of ccRCC patients from Germany suggested that low expression of VHL was identified as a risk factor for worse overall survival (OS) (14). However, it was reported that there is no difference in survival between patients carrying wild-type or mutant VHL or between patients with different levels of either VHL protein or messenger RNA (mRNA), and patients with nonsense mutations in exon 1 have a worse prognosis based on a study of ccRCC patients from Brazil (15), suggesting that loss of VHL function is directly related to the prognosis of ccRCC patients. A recent study indicated that about 40%–60% of patients with sporadic ccRCC carry wild-type VHL, and such tumors are more invasive and lead to a dramatic reduction of survival rates as compared with those carrying mutant VHL (16, 17). Therefore, it is more urgent to identify other factors that are closely associated with patients’ survival in addition to VHL mutation.

Long non-coding RNA (lncRNA) is a type of transcript with more than 200 nucleotides that does not encode a protein (18). It was initially considered to be “noise” generated by genome transcription without biological functions. More and more evidences show that lncRNA is involved not only in various physiological processes, such as cell proliferation, differentiation, and apoptosis, but also in pathological processes of various diseases (18). The long intergenic non-coding RNA (lincRNA) is the most common form of lncRNA. LncRNA is reported to be related to a variety of tumor diseases such as liver cancer (19), gastric cancer (20), oral squamous cell carcinoma (21), bladder cancer (22), prostate cancer (23), and kidney cancer (24). MicroRNAs (miRNAs) are small single-stranded non-coding molecules of about 22 nucleotides long and target the 3′UTR or CDS of mRNAs to form RNA-Induced Silencing Complexes (RISCs) to induce the degradation of the correspondent mRNA (25). Circular RNA (circRNA) is homologous to its target gene sequence and may act as a molecular sponge. Since lncRNA and mRNA share sequence homology, it is also possible to combine miRNA with lncRNA or circRNA to change expression levels of their downstream target genes. Therefore, miRNAs, lncRNAs, mRNAs, and other non-coding RNAs form a large-scale network of competing endogenous RNAs (ceRNAs), which are currently considered to be involved in the regulation of a variety of tumor diseases and play an important role in different stages of tumorigenesis (26).

Here, we constructed a ceRNA network after the sets of differentially expressed lncRNAs (DE-lncRNAs), miRNAs (DE-miRNAs), and mRNAs (DE-mRNAs) between patients carrying wild-type and those carrying mutant VHL, which were common in multiple database, were identified. Further identification of six survival-related RNAs including Linc00942, Linc00858, RP13_392I16.1, hsa-miR-182-5p, hsa-miR-183-5p, and PAX3, in the ceRNA network led to the building of a model in which risk scores were successfully applied to predict malignancy and prognosis of ccRCC.



Materials and Methods


Selection of Patient Data in The Cancer Genome Atlas Database

The selection of patient data in The Cancer Genome Atlas (TCGA) database was performed following the workflow as shown (Figure 1A). The expression data (read count) of ccRCC patients in TCGA were downloaded and integrated using R’s GDCRNATools package. The sample size for mRNA and lncRNA was 530, and miRNA was 516. The information about mutation of those samples was from cBioPortal (http://www.cbioportal.org/). The information about OS of those samples was from xenabrowser (https://xenabrowser.net/). Since RNA sequencing data were obtained directly from TCGA, approval by any ethics committee was not required.




Figure 1 | A large number of DE-RNAs are identified between patients carrying either wild-type or mutant VHL. (A) A diagram showing the workflow of the study. (B–D) Volcanic maps showing the distribution of DE-lncRNAs (B), DE-miRNAs (C), or DE-mRNAs (D). Red, blue, and black dots represent those RNAs that are significantly upregulated, significantly downregulated, and not significantly changed, respectively. VHL, Von Hippel–Lindau; DE-RNAs, differentially expressed RNAs; DE-lncRNAs, differentially expressed long non-coding RNAs; DE-miRNAs, differentially expressed microRNAs; DE-mRNAs, differentially expressed messenger RNAs.





Identification of Differentially Expressed Long Non-Coding RNAs, Differentially Expressed MicroRNAs, and Differentially Expressed Messenger RNAs Between Clear Cell Renal Cell Carcinoma Patients Carrying Wild-Type or Mutant Von Hippel–Lindau

Among the 530 ccRCC samples with information of mRNA and lncRNA expression, samples of 446 patients were genotyped as either wild type (223 samples) or mutant (223 samples). Among the 516 samples with information of miRNA, samples of 220 patients were genotyped as wild-type, and 221 patients were genotyped as mutant VHL. The RNA read count of samples carrying wild-type and mutant VHL was standardized and analyzed with the DESeq2 package. DE-lncRNAs, DE-miRNAs, and DE-mRNAs were elected with |log2foldchange| > 1 and Adj.p.val < 0.05 as a threshold according to the method of Benjamini–Hochberg.



Construction of Competing Endogenous RNA Regulation Network

The interaction between lncRNA and miRNA came from miRcode database (http://www.mircode.org/). The interaction between miRNA and mRNA came from miRDB (http://mirdb.org/), miRTarBase (http://mirtarbase.mbc.nctu.edu.tw/php/index.php), and TargetScan (http://www.targetscan.org/vert_72/) databases. In order to improve the reliability of the results, we selected the intersection of DE-miRNA–DE-mRNA interaction pairs found in the three databases as candidate genes to construct the ceRNA network. Finally, we used Cytoscape software to visualize the ceRNA network.



Enrichment Analyses of the Competing Endogenous RNAs

The Gene Ontology (GO) molecular function enrichment and Kyoto Encyclopedia of Genes and Genomes (KEGG) pathway enrichment of DE-mRNA in the ceRNA network were analyzed with R’s ClusterProfiler package. p < 0.05 was considered statistically significant.



Survival Analysis of Differential RNAs in the Competing Endogenous RNA Regulation Network

The expression level of each DE-lncRNA, DE-miRNA, and DE-mRNA in the ceRNA network in each patient was classified into either high- or low-expression group with their median as a threshold. The survival curve for each group was plotted through the Kaplan–Meier (K–M) survival analysis. p < 0.05 was considered statistically significant.



Univariate and Multivariate Cox Regression Analyses

Univariate and multivariate Cox regression analyses were used to screen the survival-related differentially expressed RNAs (DE-RNAs) between patients carrying wild-type and those carrying mutant VHL to eliminate confounding factors, reduce the number of DE-RNAs, and calculate a hazard ratio (HR) and a 95% confidence interval (95% CI) for each variable. Genotypes with an HR greater than 1 or less than 1 and a Wald test p-value less than 0.05 were considered to be the ones that significantly affected patient survival.



External Verification of Survival-Related RNAs With Clinical Tissue Samples

Tissue samples were collected from 21 postoperative ccRCC patients who underwent surgery but did not receive any anti-tumor radiotherapy or chemotherapy before surgery at The Fifth Affiliated Hospital of Guangzhou Medical University from January 2018 to May 2020. All samples were frozen and stored in liquid nitrogen immediately after sampling and subjected to DNA sequencing to determine if their VHL gene was wild type or mutant. The expression levels of VHL protein in the samples were determined by immunohistochemistry analyses with a polyclonal antibody against VHL protein (Cat# 16538-1-AP, from ProteinTech®). The expression levels of target RNAs in the samples were verified by qRT-RCR. Tumor samples were staged according to the 2010 American Joint Committee on Cancer (AJCC) TNM stage and clinical stage system, and their histopathological grades were determined with the Furman grade method. The study was approved by the Ethics Committee of The Fifth Affiliated Hospital of Guangzhou Medical University. Patients and their family members had been fully informed, and signed consent forms indicated that their samples would be used for scientific research.



Establishment of a Prognostic Risk Score System and Clinical Correlation Analysis for Differentially Expressed RNAs in the Competing Endogenous RNA Regulation Network

A risk score system was established using the DE-RNAs selected by multivariate Cox regression analysis. To predict the patient’s prognosis, risk scores were calculated with the formula “Risk score = ∑(βi * Xi)” in which “i” was the number of characteristic genes, “β” the correlation coefficient of mRNA in the multivariate Cox regression analysis, and X the levels of gene expression after log2 conversion. Pearson’s chi-squared test and Fisher’s exact test were applied to analyze the correlation between patient’s risk score and clinicopathological characteristics in TCGA data set. p < 0.05 was considered to be statistically significant. The t-test was used to compare the difference of risk scores between clinical features that were significantly related to OS. p < 0.05 was considered to be statistically significant.

Gene Set Enrichment Analysis (GSEA) was applied to analyze the signaling pathways associated with patients carrying wild-type VHL and high risk score. The gene expression data from patients carrying high risk score and low risk score in the c2.cp.kegg.v7.0.symbols.gmt database were subjected to estimate the normalized enrichment scores (NESs), p-values, and q-values after false discovery rates (FDRs) were adjusted for each signal pathway with the GSEA software.




Results


Multiple Differentially Expressed Long Non-Coding RNAs, Differentially Expressed MicroRNAs, and Differentially Expressed Messenger RNAs Are Identified Between Patients Carrying Either Wild-Type or Mutant Von Hippel–Lindau

We analyzed the levels of lncRNAs, miRNAs, and mRNAs between ccRCC patients carrying wild-type and those carrying mutant VHL in TCGA database; displayed the distribution of those DE-RNAs in form of volcano map; and defined those RNAs with |log2foldchange| > 1 and Adj.p.val < 0.05 as DE-RNAs. A total of 642 DE-mRNAs (635 upregulated and seven downregulated), 210 DE-lncRNAs (205 upregulated and five downregulated), and 19 DE-miRNAs (18 upregulated and one downregulated) were identified (Figures 1B–D).



A Competing Endogenous RNA Network Is Established

We searched the miRcode database, identified 210 miRNAs that were targeted by DE-lncRNAs, and found interactions between 10 DE-miRNAs and 98 DE-lncRNAs. We searched the miRDB, miRTarBase, and TargetScan databases to identify interactions between miRNA–mRNA interaction and found 10 DE-miRNA and 14 DE-mRNA interactions (Figure 2A). Eventually, a ceRNA regulation network including 290 edges and 122 nodes (98 lncRNAs, 10 miRNAs, and 14 mRNAs) was established between patients carrying wild-type or mutant VHL as shown in Figure 2B.




Figure 2 | A ceRNA network is created. (A) A Venn diagram showing the miRNA–mRNA interaction as predicted based on three databases. (B) A diagram showing the established ceRNA network. Orange, red, and blue circles represent DE-lncRNAs, DE-miRNAs, and DE-mRNAs, respectively. Gray lines represent interactions among lncRNAs, miRNAs, and mRNAs. ceRNA, competing endogenous RNA; DE-lncRNAs, differentially expressed long non-coding RNAs; DE-miRNAs, differentially expressed microRNAs; DE-mRNAs, differentially expressed messenger RNAs.





The Signaling Pathways Affected by Genes in Competing Endogenous RNA Network Are Predicted

We performed GO enrichment and pathway enrichment analysis on 14 differential genes in the ceRNA network and displayed the top 10 candidate signaling pathways based on the rich factors (the number of differential genes in the GO term divided by the total number of genes in the GO term). The biological processes were mainly related to some kinase activity, growth factor receptor binding, receptor regulatory activity, and so on; cell components were mainly involved in the formation of cell adhesion, synapses and axon membrane structures, and mast cell granules; and molecular functions were mostly related to the kidney functions such as renal vesicle development, epithelial cell differentiation during kidney development, kidney capsule morphogenesis, and renal vesicle morphogenesis (Figure 3A). KEGG enrichment search identified not only some kidney-related pathways such as collecting duct acid secretion and vasopressin-regulated water absorption but also some cancer-related pathways such as PI3K-AKT signaling pathway and MAPK signal pathway as shown in the bubble chart (Figure 3B).




Figure 3 | The signaling pathways affected by genes in the ceRNA network are identified. (A) A plot showing the signaling pathways affected by genes in the ceRNA network as detected via GO enrichment analyses. (B) A bubble chart showing the signaling pathways affected by genes in the ceRNA network as detected via KEGG pathways analysis. ceRNA, competing endogenous RNA; GO, Gene Ontology; KEGG, Kyoto Encyclopedia of Genes and Genomes. *p < 0.05, **p < 0.01.





Survival-Related RNAs in Competing Endogenous RNA Network Are Identified Through Univariate and Multivariate Cox Regression Analyses

We estimated the significance of 98 lncRNAs, 10 miRNAs, and 14 mRNAs in the ceRNA network with OS of patients and identified 18 lncRNAs, four miRNAs, and three mRNAs, which significantly impacted OS either positively or negatively (Table 1). Univariate regression analysis found that these RNAs were significantly related to the aggressiveness of disease. Multivariate Cox regression analysis found that LINC00942, LINC00858, RP13_392I16.1, hsa-miR-183-5p, hsa-miR-182-5p, and PAX3 were considered as independent factors that impacted the prognosis of patients (Table 1). Therefore, these six RNAs were selected to build the risk score system.


Table 1 | Univariate and multivariate cox regression analysis of survival-related lncRNAs, miRNAs, and mRNAs.





The Survival-Related RNAs Detected in Databases Are Verified With External Clinical Samples

A total of 21 ccRCC tissue samples were collected in our hospital and subjected to gene sequencing and immunohistochemistry analysis. Using three sets of primers covering the three exons of VHL gene (Figures 4A, B), we identified 18 samples carrying wild-type VHL and three samples carrying mutant VHL as shown in Figure 4C. The identification of high percentage of patients carrying wild-type VHL gene was a surprise to us and triggered us to investigate if the wild-type gene has been suppressed due to other epigenetic modifications. Patients carrying wild-type VHL gene expressed higher levels of VHL protein than those carrying mutant VHL (Figures 4D–G), suggesting that the expression of wild-type gene was not suppressed in general by other epigenetic events such as DNA methylation. The qRT-PCR analyses using primer sets listed (Figure 5A) demonstrated that levels of LINC00942, LINC00858, RP13_392I16.1, hsa-miR-183-5p, hsa-miR-182-5p, and PAX3 were significantly higher in patients carrying wild-type VHL than in patients carrying mutant VHL (Figures 5B–G). Therefore, the results obtained from databases were verified with external clinical samples.




Figure 4 | Determination of VHL gene expression in the 21 patients. (A) A diagram showing the structure of VHL gene and positions of primers used for gene sequencing. (B) The list of primers used to sequence VHL gene. (C) The description of three detected VHL mutants. (D–F) Representative images showing the low expression levels of VHL protein in patients carrying mutant VHL (D) or wild-type VHL (E) and high expression levels of VHL protein in patients carrying wild-type VHL as detected by immunohistochemical staining in ccRCC patients enrolled in our hospital. (G) A plot showing the percentage of patients with low expression levels of VHL protein in patients carrying wild-type or mutant VHL gene. VHL, Von Hippel–Lindau; ccRCC, clear cell renal cell carcinoma. *p < 0.05.






Figure 5 | The survival-related RNAs detected in databases are verified with external clinical samples. (A–G) A list of primers used to determine (A) and scatter diagrams showing (B–G) the expression levels of survival-related RNAs LINC00942 (B), LINC00858 (C), RP13.392I16.1 (D), hsa-miR-183-5p, hsa-miR-182-5p (F), and PAX3 (G) as detected by qRT-PCR in 21 clinical patients (wild-type n = 18 and mutant n = 3). *p < 0.05, *p < 0.01.





Risk Scores Are Significantly Different Between Patients with Different Clinical Characteristics

Based on a ratio of 3 to 1, we divided 217 ccRCC patients carrying wild-type VHL into a training set (163 cases) and a test set (54 cases), attributed each patient in the training set with a risk score, and separated patients into a high-risk group (81 patients) and a low-risk group (82 patients) with the median of risk scores 1.77 as the threshold. Patients in the high-risk group exhibited significantly worse prognosis than those in the low-risk group in both training set and test set as well as in all patients (Figure 6A–C). Receiver operating characteristic (ROC) curve analysis detected an area under the curve (AUC) value of 0.79, 0.77, or 0.78 and further confirmed the results from survival analyses (Figures 6D–F). Patients carrying wild-type VHL had significantly higher risk scores than those carrying mutant VHL (Figure 6G). There was no significant difference in risk scores between different age groups, but patients at higher and advanced ccRCC classification stages exhibited significantly higher risk scores (Table 2).




Figure 6 | Risk scores predict patients’ survival. (A–C) Kaplan–Meier curves showing the relationship between risk scores and patients’ survival in the training set (A), test set (B), and all patients (C). (D–F) ROC curves showing AUC values of the training set (D), test set (E), and all patients (F). (G) A scatter diagram showing differences of risk scores between patients carrying wild type and those carrying mutant VHL. ROC, receiver operating characteristic; AUC, area under the curve; VHL, Von Hippel–Lindau.




Table 2 | The analyses of correlation between risk scores and clinicopathological characteristics of patients in TCGA data set.





Analysis of Signaling Pathway in Clear Cell Renal Cell Carcinoma Patients Carrying Wild-Type Von Hippel–Lindau and High Risk Scores

We conducted GSEA and identified 24 signaling pathways such as the “OLFACTORY_TRANSDUCTION” and “INTESTINAL_IMMUNE_NETWORK_FOR_IGA_PRODUCTION,” which were enriched in the group of patients with high risk scores (Table 3).


Table 3 | GSEA analysis of signaling pathways associated with patients with high risk scores.






Discussion

A ceRNA network has been proposed to play important roles in ccRCC tumorigenesis and aggressiveness. Previous studies have revealed that the LINC01094 enhances the expression of miR-184 and inhibits the expression of SLC2A3, which suppresses the development of ccRCC (27). LINC01426 interacts with insulin-like growth factor 2 mRNA binding protein 1 (IGF2BP1) to enhance expression of CTBP1 in cytoplasm and promote the binding of CTBP1 to the promoter of miR-423-5p in the nucleus to recruit HDAC2 to synergistically inhibit the expression levels of miR-423-5p, leading to an elevation of expression levels of FOXM1 and a promotion of proliferation and migration of ccRCC cells (28). The ceRNA network constructed in this study yielded 98 DE-lncRNAs, 10 DE-miRNAs, and 14 DE-mRNAs. Analyses of the 14 DE-mRNAs revealed their involvement in functions related to kidney. Further analysis of the relationship of DE-RNAs in the ceRNA network with patients’ survival rates led to the identification of LINC00942, LINC00858, RP13_392I16.1, hsa-miR-182-5p, hsa-miR-183-5p, and PAX3, which were used to calculate risk scores for each individual patient as independent factors to successfully predict the malignancy and prognosis of patients.

Three lncRNAs was identified to be survival-related ceRNAs. Currently, there is no report related to any role of RP13_392I16.1 yet, so this lncRNA needs to be further studied. LINC00942 was reported to promote METT14-mediated M6A methylation and regulate the expression and stability of its target gene CXCR4 and CYP1B1 during the initiation and progression of breast cancer (29). In another report, LINC00942 was identified as one of seven lncRNAs in an lncRNA signature related to immune cell infiltration and immune checkpoint blockade of immunotherapy-related molecules and may serve as a prognostic biomarker of hepatocellular carcinoma (30). Similarly, LINC00942 was identified as one of four immune-related lncRNAs to predict prognosis and immunotherapy efficiency in bladder cancer patients (31). It also reported that LINC00942 was identified as one of the two components in a ceRNA network associated with gene number copy variation, which can be used to predict tumor response to drug treatment in patients with lung adenocarcinomas (32). Initially, LINC00858 was identified as a ceRNA impacting miR-422a to control the expression of kallikrein-related peptidase 4, and its high expression was found to be closely correlated to tumor progression of non-small cell lung carcinomas (33). It was reported to be one of the four lncRNAs delivered from database search that were further validated with clinical samples (34) and able to promote colorectal cancer by sponging miR-4766-5p (35) or miR-22-3P (36). Literatures published recently revealed that LINC00858 was found to play key roles in multiple types of cancers including Wilms’ tumor (37), ovarian cancer (38), colon cancer (39), gastric cancer (40), hepatocellular carcinomas (41), and osteosarcomas (42).

Both hsa-miR-182-5p and hsa-miR-183-5p belong to the miR-183/96/182 family because of their sequence homology and function similarity (43). They were found to be among the 10 miRNA signatures that significantly distinguish cancer tissues from adjacent normal tissues from patients with ovarian cancer (44), the five miRNAs associated with tumorigenesis in lung adenocarcinomas (45), the top three miRNAs that target the largest number of genes in atypical endometrial hyperplasia (46), and the five miRNAs that show optimal diagnostic biomarkers for hepatocellular carcinomas (47). The levels of hsa-miR-182-5p are elevated in tumor tissues from patients with ovarian cancer and may predict poor prognosis (48). hsa-miR-182-5p was reported to be associated with resistance of breast cancer cell lines to anti-tumor drug veliparib (49). The significance of hsa-miR-183-5p with additional 10 genes in survival of ccRCC patients has been reported, and high expression of hsa-miR-183-5p predicts a reduced OS rate and poor prognosis (50). It was reported that hsa-miR-182-5p is reduced in renal cancer tissues and cell lines and regulates the expression of DLL4 gene, which causes change of tumor microenvironment and tumor inhibition (51).

PAX3 gene (paired box gene 3) encodes a member of PAX family of transcription factors whose target genes impact proliferation, survival, differentiation, and motility (52). Rhabdomyosarcoma is one of the typical tumors in children and adolescence with a poor prognosis and an OS rate of only 20%–40% (53). PAX3-FOXO1 or PAX3-FKHR, a specific fusion gene that resulted from chromosomal translocation, is an important factor in the occurrence and development of rhabdomyosarcoma (54, 55). Such fusion gene was also reported to be associated with other types of cancers such as melanoma (56) and biphenotypic sinonasal sarcoma, a low-grade spindle cell sarcoma that affects middle-aged adults (57). PAX3 is highly expressed in prostate cancer tissues and cell lines and promotes the progression of prostate cancer by inhibiting the TGF-β/SMAD signal axis (58). Although there is no report about PAX3 in ccRCC, PAX3 gene is differentially hyper-methylated in chromophobe renal cell carcinomas compared with renal oncocytomas, a benign kidney neoplasm (59).

As discussed above, the relation between VHL mutation and patient survival is different in different reports. We identified LINC00942, LINC00858, RP13_392I16.1, hsa-miR-182-5p, hsa-miR-183-5p, and PAX3 as survival-related DE-RNAs between patients carrying wild-type or mutant VHL and were further used to calculate risk scores for each individual patient. The identified RNAs may not directly impact the VHL function. Because each of these DE-RNAs has already been shown to play significant roles in the tumorigenesis and aggressiveness of other types of cancers as discussed above, it is predicted that the risk scores may serve well as factors independent to VHL gene status to predict the malignancy and prognosis of ccRCC patients in the future.
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Background

Prostate-specific antigen (PSA) is considered neither sensitive nor specific for prostate cancer (PCa). We aimed to compare total PSA (tPSA), percentage of free PSA (%fPSA), the PSA density (PSAD), Prostate Health Index (PHI), and the PHI density (PHID) to see which one could best predict clinically significant prostate cancer (csPCa): a potentially lethal disease.



Methods

A total of 412 men with PSA of 2–20 ng/mL were prospectively included. Serum biomarkers for PCa was collected before transrectal ultrasound guided prostate biopsy. PHI was calculated by the formula: (p2PSA/fPSA) x √tPSA. PHID was calculated as PHI divided by prostate volume measured by transrectal ultrasound.



Results

Of the 412 men, 134 (32.5%) and 94(22.8%) were diagnosed with PCa and csPCa, respectively. We used the area under the receiver operating characteristic curve (AUC) and decision curve analyses (DCA) to compare the performance of PSA related parameters, PHI and PHID in diagnosing csPCa. AUC for tPSA, %fPSA, %p2PSA, PSAD, PHI and PHID were 0.56、0.63、0.76、0.74、0.77 and 0.82 respectively for csPCa detection. In the univariate analysis, the prostate volume, tPSA, %fPSA, %p2PSA, PHI, PSAD, and PHID were all significantly associated with csPCa, and PHID was the most important predictor (OR 1.41, 95% CI 1.15–1.72). Besides, The AUC of PHID was significantly larger than PHI in csPCa diagnosis (p=0.004). At 90% sensitivity, PHID had the highest specificity (54.1%) for csPCa and could reduce the most unnecessary biopsies (43.7%) and miss the fewest csPCa (8.5%) when PHID ≥ 0.67. In addition to AUC, DCA re-confirmed the clinical benefit of PHID over all PSA-related parameters and PHI in csPCa diagnosis. The PHID cut-off value was positively correlated with the csPCa ratio in the PHID risk table, which is useful for evaluating csPCa risk in a clinical setting.



Conclusion

The PHID is an excellent predictor of csPCa. The PHID risk table may be used in standard clinical practice to pre-select men at the highest risk of harboring csPCa.





Keywords: prostate health index density, risk table, clinically significant prostate cancer, save unnecessary prostate biopsy, predict lethal disease



Introduction

Prostate cancer (PCa) is one of the most common malignancies in both Western and Asian countries. The introduction of the prostate-specific antigen (PSA) test in 1987 is one of the reasons for the growing incidence of PCa. Produced by prostate epithelial cells, PSA is regarded as an organ-specific rather than a disease-specific marker. The correlation between PSA and benign prostate hyperplasia, prostate inflammation, and PCa makes it a marker with broad clinical utility; however, it is a complex tool in terms of confirming the cancer diagnosis, with a 60%–70% false positive rate (1–3).

About 2% of patients have post-biopsy complications, such as infection, bleeding, or voiding difficulty (3). Moreover, overdiagnosis of low-risk tumors possibly leads to overtreatment and the possibility of subsequent harm (4). Thus, when to perform a prostate biopsy should be individualized and well discussed.

Prostate Health Index (PHI), a novel PCa screening alternative, is calculated with total PSA (tPSA), free PSA (fPSA), and [-2]pro-PSA (p2PSA) using the following formula: (p2PSA/fPSA) x √tPSA. PHI is proved to be better at predicting the presence of PCa and its aggressiveness than tPSA, fPSA, and PSA density (PSAD) in multiple studies in both Western and Asian countries (5–9). Current guidelines suggest considering PHI testing before prostate biopsy to increase specificity and to avoid unnecessary biopsy (10).

In recent years, PHI density (PHID) has been a focus of research for its clinical utility. One prospective study of 118 men in Western society receiving prostate biopsy showed PHID is associated with clinically significant prostate cancer (csPCa) and outperformed PHI in the area under the receiver operating characteristic curve (AUC) analysis (11). PHID is found to predict cancer aggressiveness in post-radical prostatectomy pathologies, such as high-grade cancer or extracapsular prostatic invasion (12). CsPCa [defined as a Gleason score (GS) of 6 with ≥3 positive cores and/or a maximum core participation of ≥50%, or GS ≥7 as the Epstein criteria (13)] is a potentially lethal disease that requires early diagnosis and active treatment. However, very few studies discuss the role of PHID in detecting csPCa, or how many unnecessary prostate biopsies could be avoided with PHID. Thus, this study aims to evaluate the performance PHID in csPCa detection.



Material and Methods


Study Population

This single-center prospective study was conducted in line with National Taiwan University Hospital guidelines. The study was approved by the institutional review board at the National Taiwan University Hospital (approval code: 201612091RIPD), and informed consent was obtained from all individual participants included in the study. Initially, 542 consecutive men undergoing prostate biopsy for suspected PCa were enrolled in the study. Inclusion criteria were as follows, adult patients with a total PSA between 2 and 20 ng/ml or abnormal digital rectal examination (DRE), who received transrectal ultrasound guided prostate (TRUS-P) biopsy for at least systemic 12 cores at one single tertiary center between February 2017 and January 2020. Patients underwent TRUS-P biopsy with a standardized protocol for at least 12 biopsy cores (range: 12-22). Additional finger-guided biopsy was decided by the physicians if palpable prostate nodules.

Exclusion criteria were as follows: 1) patients with untreated urinary tract infection or bacterial acute prostatitis; 2) patients who had transurethral resection of the prostate previously; 3) patients with prior history of prostate cancer; 4) patients who were treated with 5-alpha reductase inhibitors, such as finasteride or dutasteride. A total number of 412 patients with written informed consent were included in the final analysis.



Laboratory Analysis

After obtaining informed consent, blood samples were collected in ethylenediaminetetraacetic acid tubes before prostate biopsy and stored at -80°C after centrifugation. Serum samples were centrifuged at 1500 g for 15 min within 3 h of blood collection and stored at -20°C until analysis. The tPSA, fPSA, and p2PSA levels were analyzed with a Beckman Coulter Access 2 immunoassay analyzer (Beckman Coulter, Taiwan Inc.) with Beckman Coulter Access Hybritech reagent. The technology of chemiluminescent immunoenzymatic with Hybrithech PSA standardization was used. PHI was calculated according to the formula: PHI = (p2PSA/fPSA) x √tPSA. %fPSA was defined as (fPSA/tPSA) x 100; and %p2PSA was defined as [(p2PSA pg/mL)/(fPSA ng/mL x 1000)] x 100. Prostate volume was estimated with transrectal ultrasound with the standard ellipsoid formula: width x height x length x 0.52. PSA density (PSAD) was calculated with (tPSA/prostate volume), and PHI density (PHID) was calculated with (PHI/prostate volume).

Biopsy specimens were graded according to the updated Gleason grading system of the International Society of Urological Pathology (14). The specimens were examined by experienced genitourinary pathologists, who were blinded to the serum test results. csPCa Epstein criteria was defined as a Gleason score ≥7, or a Gleason score of 6 but with ≥3 positive cores and/or a maximum core involvement of ≥50% (13).



Study End Points

The primary end point was to evaluate the sensitivity, specificity, diagnostic accuracy, and clinical benefit of %fPSA, PSAD, %p2PSA, PHI and PHID (index tests) in determining the presence of PCa and csPCa at prostate biopsy in comparison to tPSA (standard tests).



Statistical Analysis

The primary outcome was csPCa found on biopsy. Continuous variables were reported as median and interquartile range (IQR). Statistical differences were assessed with Mann–Whitney U test for continuous variables and Chi-square test for categorical variables. Univariable logistic regression was used to determine the association between measured covariates and prostate cancer and clinically significant prostate cancer. The area under the receiver operating characteristic curve (AUC) was used to examine the diagnostic ability of each PSA derivative. Difference between AUCs were evaluated with DeLong test. Decision curve analysis (DCA) was applied to compare different diagnostic strategies with regards to maximizing clinical net benefit at different threshold probability (15). Statistical analyses were performed with SPSS version 22.0 (IBM Corp, Inc) and R software. A two-sided p value of <0.05 was considered significant.




Results

Of the 412 men included, 134 (32.5%) were diagnosed with PCa and 57 (42.5%) had a GS of 6 PCa. 94 of 412 men (22.8%) were diagnosed with csPCa, of which 77 (81.9%) were GS ≥7 and the rest 17 men (18.1%) had a GS of 6 fulfilling the Epstein criteria. (Table 1). In the baseline characteristics, men with csPCa were significantly older, had a higher proportion of abnormal DRE, and a smaller prostate volume than the non-csPCa group. As regards biomarkers, the tPSA level was similar between the two groups, while men with csPCa had a significantly lower %fPSA, and higher %p2PSA, PHI, PSAD, and PHID.


Table 1 | Characteristics of the study cohort.



The univariable logistic regression (Table 2) showed that age, abnormal DRE, and prostate volume were significant predictors for both PCa and csPCa. However, tPSA failed to demonstrate significance in predicting PCa (OR 1.04, P=0.129) but was a predictor for csPCa (OR 1.09, P=0.005). Contrarily, biomarkers such as %fPSA, %p2PSA, PHI, PSAD, and PHID were all significantly associated with both PCa and csPCa. The prostate volume factor plus PSA-related serum markers demonstrated that PSAD and PHID were the most important predictors of PCa (OR 1.42, 95% CI 1.21–1.67, and OR 2.27, 95% CI 1.73–2.97, respectively) and csPCa (OR 1.24, 95% CI 1.07–1.44, and OR 1.41, 95% CI 1.15–1.72, respectively).


Table 2 | Univariable logistic regression models for the prediction of PCa and csPCa.



AUC was used to examine the ability of each diagnostic marker to indicate PCa (Figure 1A) and csPCa (Figure 1B). The predictors of PCa and csPCa in order from the worst to the best are as follows: tPSA (AUC= 0.53 and 0.56), %fPSA (AUC= 0.59 and 0.63), PSAD (AUC= 0.68 and 0.74), %p2PSA (AUC= 0.72 and 0.76), PHI (AUC= 0.72 and 0.77), and PHID (AUC= 0.77 and 0.82). The AUC of PHID was still significantly better than PHI in PCa or csPCa diagnosis (p=0.007 and 0.004, respectively). Among the tested biomarkers, PHID showed the highest discriminative ability for PCa and csPCa.




Figure 1 | Area under the receiver operating characteristic (AUC) curves for predicting (A) PCa and (B) csPCa. (A) AUC for PCa detection were as follows: PSA 0.53, %fPSA 0.59, PSAD0.68, %p2PSA 0.72, PHI 0.72 and PHID 0.77, respectively. (B) AUC for csPCa detection were as follows: PSA 0.56, %fPSA 0.63, PSAD 0.74, %p2PSA 0.76, PHI 0.77 and PHID 0.82, respectively. The AUC diagnostic effect of PHID is still significantly better than PHI in PCa or csPCa (p = 0.007 and 0.004, respectively).



With a 90% sensitivity for detecting csPCa, PHID had the highest specificity at 54.1%, while tPSA only demonstrated a specificity of 17.9% (Table 3). At the cut-off value of ≥0.67 for PHID, it could reduce the most unnecessary biopsies (43.7%) and missed the least cases of csPCa (8.5%). On the other hand, at the given cut-off values with tPSA of ≥4.43 ng/mL, %fPSA ≤0.26, %p2PSA ≥1.12, PHI ≥31.0, and PSAD ≥0.11 ng/mL/cc, the avoidable biopsy percentages were 15.5%, 14.8%, 32.8%, 37.4% and 26.9% respectively. In summary, PHID is the best marker for csPCa in all PSA-related parameters.


Table 3 | Specificity, reduction of unnecessary biopsy, and missing positive cases at 90% sensitivity at predicting csPCa.



DCA is an analytic method for comparing different diagnostic strategies with regards to maximizing clinical net benefit against different given threshold probability. DCA curves for different biopsy scenarios indicated by various PSA-related parameters, PHI and PHID were plotted in Figure 2. The models of each biomarker for csPCa diagnosis were listed in the order from the most net benefit to the least as follows: PHID, PHI, %p2PSA, PSAD, %fPSA and tPSA at probability threshold range 20% to 30% (Figure 2B). As for the diagnosis of PCa (Figure 2A), there was an order almost similar to that of csPCa. Consistently with the AUC results, PHID had the most improvement in clinical net benefit at initiating biopsy for both PCa and csPCa.




Figure 2 | Decision curve analysis (DCA) of various models on (A) PCa detection and (B) csPCa detection in comparison to biopsy-all (black curve line) and biopsy-none strategies (grey horizontal line). The markers of the best clinical benefit in the diagnosis of PCa and csPCa are list in order as follows: PHID, PHI, %p2PSA, PSAD, %fPSA and tPSA. Model of PHID (red dotted line) resulted in greater net benefit in overall PCa and csPCa detection at probability threshold range 20% to 30%.



In addition, a risk table was made to evaluate the positive chances of PCa, csPCa and high-grade PCa (GS ≥7) under different PHID values (Table 4). We found the PHID cut-off value was positively correlated with the PCa, csPCa, and HGPCa ratio. For the PHID cut-off value of 0.5–0.75, the risks of PCa, csPCa, and HGPCa were 17.2%, 10.1%, and 7.1%, respectively. If an individual had a PHID value of 1–1.5, it was assumed that they had about a one-third chance of having csPCa; if the PHID value was over 1.5, they had a nearly 50% chance of having csPCa. In summary, the PHID risk table may be used in standard clinical practice to pre-select men at the highest risk of harboring csPCa.


Table 4 | Percentage of PCa, csPCa, and high-grade PCa (HGPCa) diagnosed at different PHI density values.





Discussion

In our prospective cohort, we compared the performance of tPSA, %fPSA, %p2PSA, PSAD, PHI, and PHID in terms of predicting csPCa without missing the diagnosis. We found PHID was the best predictor of csPCa and could greatly reduce the number of unnecessary biopsies. We also found that the PHID cut-off value was positively correlated with the ratio of csPCa. We could further evaluate the patient’s csPCa risks based on this PHID risk table to decide whether to arrange a prostate biopsy. In our understanding, this is the first time a PHID risk table to evaluate the csPCa risk has been established.

PSA is neither sensitive nor specific in csPCa prediction, leading to many unnecessary biopsies and indolent cancer detected (1–3). There are several proteomic and genomic tools being studied to better diagnose csPCa, including PHI, 4K score and Stockholm3 as blood tests, and Mi-prostate score, Exo DX Prostate, and Select MD-X as urinary biomarker-based tests (16). Besides, liquid biopsy using circulating tumor cells (CTC) play an emerging and promising role in genitourinary oncology (17, 18). CTC may act as tools for pre-diagnosis screening, post-diagnosis risk stratification, and treatment response evaluation in PCa (19, 20).

There is no denying that multiparametric magnetic resonance imaging (mpMRI) is the best tool for predicting csPCa (21–23), but mpMRI may not be the case in terms of cost-effectiveness. We try to make a trade-off between diagnostic accuracy and cost-effectiveness among these tests and examinations. In previous study, mpMRI could indeed provide higher diagnostic accuracy in identifying csPCa than PHI (23). However, there are high rates of interobserver disagreements in reading prostate MRIs between different radiologists (24). mpMRI is also a resource-intensive and time-consuming examination. The costs of a prostate MRI are estimated to be €300–€500 in Europe and $700–$3000 in regions outside of Europe (25). In terms of cost-effectiveness, Kim et al. suggest that PHI as a triaging test may be an effective way to reduce mpMRI and biopsies without compromising the detection of csPCa (26). The cost-effectiveness of PHI testing is explored in both Western and Eastern world. The PHI-based strategy is more cost-effective than the PSA-based strategy for PCa regardless of what willingness-to-pay threshold by reducing biopsy costs and biopsy-related adverse events (27–30). The results may be applied not only in developed regions but also in developing countries (31).

To make up for the shortcomings of the low specificity and low sensitivity of PSA, PHI was developed. The first prospective PCa screening study in 2010 found PHI and %p2PSA (AUC= 0.77 and 0.76) could distinguish PCa from benign diseases more accurately than tPSA (AUC= 0.50) (32). Afterwards, many studies (5–8, 33–36) and our previous study (9) found that using PHI would detect PCa more accurately than tPSA, avoiding a considerable degree of unnecessary prostate biopsies. More importantly, PHI has shown promise in being able to differentiate csPCa more accurately from clinically insignificant PCa than tPSA, improving PCa cancer death rates and reducing unnecessary overdiagnoses and overtreatment of insignificant PCa (37). Furthermore, Fossati et al. (38) and our previous study (39) found that PHI can significantly improve the prediction of unfavorable PCa characteristics, larger tumor volume, and csPCa at final radical prostatectomy pathology (40).

PHI shows an excellent ability to accurately diagnose csPCa in different races. Our previous study (7) shows that for PSA 2–10 ng/ml, when we set the PHI threshold to 35, the PCa positive rate of Europeans and Asians can be increased from 52.1% and 13.1% to 66.6% and 29.4%, respectively. More importantly, in both Europeans and Asians, we can diagnose GS≥7 PCa more accurately, which increased from 28.8% and 8.1% to 40.2% and 21.5%, respectively. PHI (cut-off 35) can help avoid 32.6% and 71.1% of unnecessary biopsies in Europeans and Asians. In summary, although the PHI threshold of different races should be adjusted, the excellent diagnostic ability of PHI is the same.

Larger prostate volume is associated with increased PSA levels (41). Benson et al. first demonstrated that PSAD helped differentiate between benign prostate hypertrophy and PCa in PSA levels 4–20 ng/mL (42). Numerous following studies had similar results of the PSAD superiority over PSA in detecting PCa and adverse pathology (43–46). Similar to the conclusions of other articles, we found that PSAD was one of the top predictors of csPCa. PSAD also improved the diagnostic accuracy in patients with Prostate Imaging Reporting & Data System (PI-RADS) score ≤3 lesions in MRI, and the combination of PSAD and MRI was advocated to individualize prostate biopsy strategy (47–49).

Prostate volume is an important factor for csPCa and should be added to PSA-related factors to improve PCa detection. Filella et al. found PHI to be associated with prostate volume. The AUCs of PHI in patients with small, medium, and large prostate volumes were 0.818, 0.716, and 0.654, respectively, suggesting that a larger prostate size would decrease PHI diagnostic ability (50). Recently, studies have found that PHID is more significantly related to csPCa than other PSA-related parameters. In a prospective study by Tosoian et al., which consisted of 118 men with PSA>2 ng/mL and negative DRE, the median PHID value was 0.70 in the negative biopsy group, 0.53 in the clinically insignificant PCa group, and 1.21 in the csPCa group (p< 0.001). A higher PHID value is also significantly associated with more csPCa (3.6%, 36.7%, and 80.0% csPCa in PHID <0.43, 0.43–1.21, and >1.21, respectively, p<0.001). PHID was found to have the highest discriminative ability to detect csPCa (AUC 0.84) as compared to PSA, PSAD, %fPSA, and PHI. Moreover, PHID could be used to avoid 38% of unnecessary biopsies, while failing to detect only 2% of csPCa cases (11). Likewise, Barisiene et al. demonstrated that PHID best detected csPCa (AUC 0.80) and could help avoid 30% of prostate biopsies (51). Schulze et al. showed that PHID had a better performance in predicting PCa than PHI, PSAD, %fPSA, and tPSA. Only one csPCa case would have been missed in 50 csPCa cases (sensitivity 98%), and 20% of prostate biopsies could have been avoided with a combined use of PHID >0.9 and PHI >40 (52). Garrido et al. found PHID had the highest AUC in predicting overall PCa and csPCa (AUC 0.82 and 0.85, respectively) but there were no significant differences between the AUCs of PHID and PHI or between PHID and PSAD (53). A large retrospective cohort study demonstrated that PHID had similar AUC as PHI and had a small advantage on decision curve analysis than PHI alone in predicting overall PCa (54). Stephan et al. found PHID had significantly larger AUC than PHI in predicting overall PCa but no significant difference from PHI if aiming for csPCa (55). In our study, the AUC of PHID is significantly better than PHI in predicting csPCa (p=0.004, Figure 1B). Our study concluded that PHID is the best predictor of PCa and csPCa among various PSA-related biomarkers consistently both with AUC analysis and DCA.

The optimal PHID cut-off value was still not determined in as a result of the scarcity of the related studies. Tosoian et al. proposed a cut-off value 0.43 to detect Epstein significant disease with a 97.9% sensitivity and a 38.0% specificity (11). Barisiene et al. suggested a cut-off value of 0.61 to detect Epstein significant PCa at a 90% sensitivity, which had a resemblance to our PHID cut-off of 0.67 (51). Garrido et al. proposed PHID ≥ 0.49 as cut-off for csPCa, sparing 26.3% biopsies at 90% sensitivity (53). Besides, in men with initial negative prostate biopsy, those with initial PHID≥ 1.2 may have 21% risk developing csPCa at 6-year follow up, while those with PHID <0.4 had lowest risk and may not need intensive follow-up, depicted in a recent study by Liu et al. (56). In our study, at 90% sensitivity, PHID had the highest specificity (54.1%) for csPCa and could reduce the most unnecessary biopsies (43.7%) and miss the least csPCa (8.5%) when PHID > 0.67 (Table 3). We constructed a comprehensive table consisting of different PHID ranges and the corresponding risk for both PCa and csPCa (Table 4); for instance, the median PHID was 0.62 (0.41–0.95), 1.31 (0.78–2.01), and 1.49(1.0–2.21) in men with negative biopsy, PCa, and csPCa (p<0.001). The risk values for csPCa were 3.7%, 20.0%, and 55.4% for PHID <0.50, 0.5–1.5, and >1.50, respectively. We can avoid 43.7% of unnecessary biopsies and only miss 8.5% of csPCa cases for PHID > 0.67. The PHID and PHID risk tables may be used in standard clinical practice to pre-select men at a higher risk of harboring csPCa.

Association of different PCa biomarkers with mpMRI findings is another interesting topic worth researching. The combination of biomarkers and mpMRI may result in more clinical benefit than PSA plus mpMRI, especially in those who had equivocal PI-RADS scores (49, 57, 58). Druskin et al. recommended that prostate biopsy be performed in patients with PI-RADS ≥3 lesions in MRI or PHID ≥ 0.44 if PI-RADS score ≤2; this was 100% sensitive for csPCa detection (59). Similarly, in patients with at least one PI-RADS≥ 3 lesion in MRI, PHID added the greatest diagnostic value when fusion targeted biopsy methods were performed (60). We believe that the incorporation of PHID and MRI findings is a promising avenue and warrants further larger scale studies.

Our study had several limitations. First, the study cohort was heterogenous with biopsy-naïve subjects and those with biopsy histories. This may have confounded the results, as less PCa was detected in those who had prior biopsies. Secondly, the sample size of our study was relatively small. The PHID results and PHID risk table for csPCa need further external verification by other studies focused on different ethnicities. Third, mpMRI was not routinely performed in our entire cohort. We are incorporating PHI and mpMRI data from our cohort database. Further study results will be analyzed when more subjects are enrolled in the coming future.



Conclusions

In our prospective cohort, we found that PHID had the best performance, could reduce the most unnecessary biopsies, and missed the fewest csPCa cases. The PHID cut-off value is positively correlated with the csPCa ratio in the PHID risk table. In conclusion, the PHID has excellent ability to predict csPCa before biopsy. The PHID risk table may be used in standard clinical practice to pre-select men at a higher risk of harboring csPCa.
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Background

Thyroid hormone impairment, represented as an alteration in levels of thyroid hormones and a lower fT3/fT4 ratio, has been correlated with a worse prognosis for both cancer and non-cancer patients. The role of baseline thyroid function in patients with metastatic renal cell carcinoma (mRCC) however, has not been studied yet.



Materials and Methods

We recorded clinical data, baseline biochemical results, and oncological outcomes from 10 Oncology Units in Italy. We stratified patients into three groups according to the fT3/fT4 ratio value and subsequently analyzed differences in progression-free survival (PFS) and overall survival (OS) in the three groups. We also performed univariate and multivariate analyses to find prognostic factors for PFS and OS.



Results

We analyzed 134 patients treated with systemic treatment for mRCC. Median PFS in the low, intermediate, and high fT3/fT4 ratio group were 7.5, 12.1, and 21.7 months respectively (p<0.001); median OS in the three groups were 36.5, 48.6, and 70.5 months respectively (p =0.006). The low fT3/fT4 ratio maintained its prognostic role at the multivariate analysis independently from IMDC and other well-established prognostic factors. The development of iatrogenic hypothyroidism was not associated with a better outcome.



Conclusion

We found that baseline thyroid hormone impairment, represented by a low fT3/fT4 ratio, is a strong prognostic factor in patients treated for mRCC in first line setting and is independent of other parameters currently used in clinical practice.
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Introduction

In the last decades, the prognosis of patients affected with metastatic renal cell carcinoma (mRCC) progressively improved thanks to the development of new drugs that target tumor neoangiogenesis (tyrosine-kinase inhibitors of Vascular Endothelial Growth Factor Receptor, VEGFR) or promote the host immune response against tumoral cells (immune checkpoint inhibitors, ICI) (1, 2).

Despite the newest treatment options, however, some patients do not respond to systemic treatment or rapidly progress and die. Many prognostic scores were established over the years; the Memorial Sloan Kettering Cancer Center (MSKCC) and International Metastatic RCC Database Consortium (IMDC) risk score classification, the most commonly used in clinical practice, stratify patients into three risk groups taking into account clinical characteristics and biochemical examinations (3, 4). Those prognostic scores are currently used in daily clinical practice and clinical trials testing new drugs.

Thyroid hormone levels recently emerged as a prognostic factor in frail or elderly patients hospitalized for acute illness (5, 6). The presence of low levels of free triiodothyronine (fT3) in the absence of abnormalities in the thyroid function (defined as “euthyroid sick syndrome” or “non-thyroidal illness syndrome”, NTIS) has been shown as an independent prognostic factor for patients hospitalized for many different diseases (end-stage kidney disease, heart failure, acute coronary syndrome, etc.) (6–8). Levels of the active forms of thyroid hormones are due to deiodinases, a family of enzymes that can transform the biological precursor into the “active” or “inactive” forms (8).

In cancer patients, low fT3 levels have been correlated with a worse prognosis in patients affected by different solid malignancies (9–11).

The use of the fT3/fT4 ratio instead of the mean values of the two single hormones could be a better marker of peripheral deiodination activity and can even help stratify patients with normal fT3 levels. TSH is not usually used because its level usually remains within the normal range for several and different reasons (pituitary dysfunction, lower hypothalamic THR production, and reduced TSH pulsatility) and is thus less reliable (7).

Pasqualetti et al. found that a low fT3/fT4 ratio in non-cancer patients was strongly associated with frailty and was able to predict prognosis even in the case of normal fT3 levels in hospitalized elderly patients (6).

Recently, two papers showed that a low fT3/fT4 ratio predicts shorter overall survival (OS) and progression-free survival (PFS) in patients affected by metastatic colorectal cancer, independently of other established prognostic factors (12, 13).

In mRCC, the development of hypothyroidism during treatment with anti-VEGF tyrosine kinase inhibitors is a well-known favorable prognostic factor (14). However, the role of baseline thyroid values (and especially the fT3/fT4 ratio) has not been appropriately studied to date.

We, therefore, designed a multicentre retrospective trial to evaluate the correlation between the baseline fT3/fT4 ratio and outcomes of systemic treatments for mRCC.



Material and Methods

The ThreeFour Study – Meet-URO 14 is a multicentre, retrospective, observational study. This study analyzed the clinical data of all consecutive mRCC patients treated from January 2007 to December 2014 at 10 Italian Oncology Units, within the Meet-URO cooperative group.

The study included patients aged 18 years or older with histologically confirmed mRCC who received first-line systemic treatment for metastatic disease and whose values of thyroid hormones were available. Patient data were collected retrospectively from clinical charts locally and imputed in a common, anonymized database. Demographic data, histological details (histological type, staging according to TMN, and grading), the risk group according to IMDC criteria, drugs used as first-line treatment, the values of thyroid hormones and the blood count were recorded for all patients, both at the baseline and at the time of the first radiological restaging, PFS and OS and best response to first-line treatment according to RECIST 1.1.

All the blood test was performed locally in the participant centres, in hospital certified laboratories. The ratio of fT3 and fT4 was calculated for each patient.

OS and PFS were evaluated with the Kaplan-Meier method from the start of the first-line treatment to the event of death for any cause or disease progression, respectively. All patients with no events were censored at the last follow-up. The OS and PFS in different groups were compared with the log-rank test and Cox’s proportional hazards method. Univariate and multivariate analyses were performed with a Wald test.

The study coordinated by the Istituto Oncologico Veneto (IOV) was approved by the Ethics Committee on 28 January 2019 and conducted according to the Declaration of Helsinki. Given the retrospective design and the fact that the majority of patients were dead at the time of analysis, the signed informed consent was not required from patients.



Results

One hundred and ninety patients were included in the ThreeFour Study but only 134 had complete data available on thyroid hormones, since it is not a standard practice the baseline assessment of fT3 and fT4. Therefore, only patients with complete data and the possibility to calculate fT3/fT4 ratio were eligible for the analyses. Patients’ demographic data and principal clinical characteristics are reported in Table 1.


Table 1 | Patient characteristics (N = 134).



The median age of the cohort was 63.4 years, with approximately one-third of patients older than 70 years. The vast majority of patients were affected by clear cell carcinoma with a prevalence of intermediate IMDC risk category (61.2%). The preferred option as first-line treatment was single-agent tyrosine kinase inhibitor (TKI) (sunitinib, pazopanib, tivozanib, lenvatinib plus everolimus; 78.4%) followed by a combination of immunotherapy and antiangiogenic therapy (11.2%) and immunotherapy alone (10.4%).

The best response reported by investigators during first-line treatment was stable disease in 62 cases (46%), partial response in 52 cases (39%), and disease progression in 16 cases (12%); complete response was only detected in 3 patients (2%).

One-hundred and six patients (79.1%) progressed and 62 (46.3%) died after a median follow-up of 29.4 months.

The median PFS and the median OS were 20.3 months (95% CI: 15-23.3 months) and 49.4 months (95% CI: 40.9 – 66.8 months) respectively, in the whole population.

The baseline fT3/fT4 ratio ranged from 0.13 to 4.87. In the whole cohort the higher fT3/fT4 ratio, considered as a continuous variable, was associated with better PFS (HR 0.819, 95% CI: 0.679-0.988) and OS (HR 0.672, 95% CI: 0.492-0.916) (Table 2).


Table 2 | Univariate analysis of characteristics associated with PFS and OS.



We subsequently stratified patients into three groups according to fT3/fT4 tertiles; 0.266 was the limit value between the low and intermediate group and 0.342 between the intermediate and high group.

The median PFS in the low, intermediate and high fT3/fT4 ratio group was 7.5, 12.1 and 21.7 months, respectively (p<0.001) (HR 0.54 for intermediate vs low fT3/fT4, 95% CI: 0.333-0.877; HR 0.43 for high vs low fT3/fT4, 95% CI: 0.263-0.693). The median OS in the low, intermediate and high fT3/fT4 groups was 6.5, 48.6 and 70.5 months, respectively (p =0.006) (HR 0.64 for intermediate vs low fT3/fT4, 95% CI: 0.357-1.149; HR 0.33 for high vs low fT3/fT4, 95% CI: 0.171-0.625) (Figure 1).




Figure 1 | PFS (left) and OS (right) in the low, intermediate and high fT3/fT4 ratio groups.



In the univariate analysis, the characteristics associated with PFS were the time from diagnosis to systemic treatment, the fT3/fT4 ratio, and the IMDC risk classification. A high neutrophil-to-lymphocyte ratio (NLR), a low fT3/fT4 ratio and, intermediate and poor risk according to the IMDC were associated with worse OS. Data on the type of treatment were not considered, given the heterogeneous variety of choice in the first-line treatment (Table 2).

In the multivariate analysis, the fT3/fT4 ratio was the only item that maintained a statistically significant association with PFS; a high fT3/fT4 ratio and a poor risk score based on the IMDC were factors associated with OS (Table 3).


Table 3 | Multivariate analysis for PFS and OS.



The disease control rate (represented by patients achieving stability, partial or complete response as the best response, DCR) was associated with the baseline fT3/fT4 ratio (DCR of 77.8%, 91.1% and 95.5% in the low, intermediate and high fT3/fT4 group, respectively; p=0.027).

During the treatment, the patients undergo thyroid function test at the time of radiological assessments; 69 of them developed clinical or subclinical hypothyroidism. PFS and OS did not significantly differ in those patients who developed hypothyroidism compared with patients without this complication (median PFS 11.9 vs 13.3 months, p NS; median OS 48.6 vs 54.9 months, p NS).



Discussion

This study’s results cast new light on an interesting key connection of peripheral thyroid hormone metabolism with tumor progression and, thus, the survival of mRCC patients. The rationale of our analysis took inspiration from clinical situations that are different from cancer but with common features, such as cachexia or sarcopenia (15). Moreover, recent data were reported on the same topic for patients with colorectal carcinoma (12, 13).

The Italian cooperative group on urological oncology within the Meet-URO collected a robust dataset of patients diagnosed with mRCC and who were candidates to receive first-line treatment in accordance with clinical practice.

Our work shows that thyroid hormone dysfunction, represented by a lower fT3/fT4 ratio, is a strong prognostic factor for mRCC patients who underwent systemic treatment, confirming reported data for other neoplasms (11, 12).

The alteration of thyroid hormone values during acute or chronic illness (the so-called non-thyroidal illness syndrome [NTIS] which is not caused by an intrinsic dysfunction of the thyroid gland) is a common phenomenon that has been correlated with a worse prognosis in patients with active disease from many different causes (5–8).

It is currently unclear if those alterations represent a form of adaptive response to sickness or if those changes must be considered as real tissue hypothyroidism that needs to be corrected with hormone replacement therapy (8). The pathophysiology of NTIS takes into account various mechanisms ranging from alterations in the expression of the thyroid hormone receptor and thyroid hormone-binding protein, abnormal activity of the hypothalamic-pituitary axis (important in the initial phase of acute illness), and alteration in the thyroid hormone metabolism (8).

The levels of the active forms of thyroid hormones are in fact due to iodothyronine deiodinases, a family of enzymes that can transform the biological precursor T4 (produced by the thyroid) into the “active” form T3 (by deiodinases 1 and 2, or D1 and D2) or the inactive forms rT3 (from T4) and T2 (from T3) (by deiodinase 3, D3) (6, 8). The three deiodinases involved in the metabolic pathway, apart from their role, differ because of the tissue of expression: in particular, D1 is expressed in the liver and kidney and D2 in the skeletal muscle, where it is located within the cells and gives rise to most of the T3; D3 is considered an inactivating enzyme and it is important for placental and fetal tissues (8).

Chronic illness, cachexia, liver or renal impairment, and chronic systemic inflammation can lead to lower activity of D1 and D2 and overactivity of D3, thus leading to reduced levels of fT3 (16, 17). Those clinical situations are common in cancer patients, particularly in the end stages of the disease, and are typically associated with poor prognosis. Indirect markers of systemic inflammation (for example neutrophil and platelet count, NLR) are well-known negative prognostic factors (4, 18).

Therefore, NTIS and thyronine deiodinases impairment could be considered as an indirect marker of chronic systemic inflammation, cachexia, sarcopenia, or organ dysfunction, all characteristics that are associated with more advanced disease, a worse response to systemic therapy, and a worse prognosis.

However, the pathophysiological mechanism in cancer patients remains debatable, as does the role of the thyroid hormone and the activity of the deiodinases on cancer cell proliferation and differentiation (19). Besides, it is unclear if the administration of substitutive thyroid hormone therapy with triiodothyronine can lead to an improvement in the oncological outcome or, at least, in clinical symptoms, while it does not appear to be effective in non-cancer diseases (8, 16, 20).

In an oncological setting, many authors found a correlation between low fT3 levels and a worse prognosis in patients affected by advanced solid malignancies such as lung cancer and lymphomas (9, 11). Interestingly, elevated fT4 levels in hepatocarcinoma were correlated with a worse prognosis (10).

The use of the fT3/fT4 ratio was first proposed by Pasqualetti et al. as an indirect marker of deiodination impairment in their analysis of a cohort of hospitalized elderly patients (6). A low fT3/fT4 ratio correlated with frailty and worse survival, even in patients who had normal T3 values (6).

The fT3/fT4 ratio was studied in colorectal cancer patients, where it was identified as a strong prognostic factor in heavily pre-treated patients (12, 13). In their analysis, the prognostic role of the T3/T4 ratio was also independent of other well-known, established prognostic factors (12, 13).

In our cohort, contrary to what was previously reported (14), the development of treatment-induced hypothyroidism during treatment did not correlate with a better outcome in terms of PFS and OS (14). Apart from bias selection, one possible explanation could be the heterogeneity of treatment choices applied to patients followed in 10 different Institutions, where the development of hypothyroidism correlated with the outcome in patients treated with TKI monotherapy (14).

This study has many limitations, including the retrospective design with bias selection. Moreover, patients were restaged at different time points according to local practice. This probably led to a selection bias for patients with longer OS and PFS, thus resulting in survival curves that were far better than historical data. The sample size, albeit not small in absolute terms given the rarity of the disease, does not allow us to perform a subgroup analysis of the prognostic value of the fT3/fT4 ratio according to the type of systemic therapy (antiangiogenic, immunotherapy, or combination regimes) proposed. For the same reason, we could not test the predictive effect of the fT3/fT4 ratio in terms of response to different treatment options. Finally, the role of patients’ baseline iodine status and the possible presence of deiodinase polymorphisms were not studied in our cohort.



Conclusion

In mRCC patients undergoing first-line systemic treatment, we identified the presence of baseline thyroid hormone impairment, quantified by a low fT3/fT4 ratio, as a strong prognostic factor for both PFS and OS. The role of the fT3/fT4 ratio in mRCC patients warrants validation in prospective cohorts to introduce it as a recognized prognostic factor for clinical practice as well as for clinical trials.

Moreover, additional studies are warranted to assess if the supplementation of thyroid hormones and correction of reduced deiodination of fT4 can improve the patient prognosis, and to also assess whether the changes in the levels of free thyroid hormones (binding proteins) play a role in cancer patients.
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Early evaluation of response to anticancer treatment in metastatic renal cell carcinoma (RCC) is challenging as responses are sometimes delayed, as mixed responses can occur, and as conventional imaging have some limitations. As PSMA has been previously identified in neovasculature of clear cell RCC (ccRCC), 68Ga-PSMA-Positron Emitted Tomography (PET) could appear as an interesting tool to evaluate therapeutic response. We describe the association of an early decrease in 68Ga metabolism (at 8 weeks after treatment onset) and further radiological response (at 12 weeks after treatment onset) to treatment in two patients with different sensitivity to axitinib–pembrolizumab combination. Interestingly, one of these patients presented an initial progressive disease on pembrolizumab alone and a subsequent response to axitinib alone in the disease course; these response profiles were associated with absence of decrease and subsequent decrease in the 68Ga metabolism, respectively. Even if further prospective trials are needed, 68Ga-PSMA-PET may appear as a promising way for early prediction of response to ccRCC systemic treatment.
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Introduction

Renal cell carcinoma (RCC) is the 7th most common malignancy with 338,000 new cases and 144,000 related deaths worldwide yearly; clear cell histology (ccRCC) accounts for 80% of the cases. One-third of RCC patients present at diagnosis with metastatic disease, and among patients with initially localized disease, a significant proportion will develop metastases (1–3). Antiangiogenic Tyrosine Kinase Inhibitors (TKI) and Immune Checkpoint Inhibitors (ICI) are widely used in therapeutic strategy for metastatic RCC; however, efficacy remains modest, with a response rate not exceeding 30% and a 5-year survival rate not exceeding 20% (4–6). More recently, the association of ICI (pembrolizumab or avelumab) and TKI (axitinib) or the combination of two ICIs (nivolumab + ipilimumab) have been established as the new first-line standard treatment, increasing the response rate to 50–60% and improving the progression free survival and the overall survival compared to sunitinib (7–9).

Imaging evaluation is challenging in RCC; standard modalities such as computed tomography (CT) and bone scan are sometimes unable to detect metastatic dissemination or characterize suspect distant lesions. Furthermore, radiological response on anticancer treatment can be difficult to evaluate; response pattern observed with TKI or ICIs can include a prolonged disease stabilization before an ultimate tumor shrinkage, an initial increase in the tumor burden or a mixed response with new lesions. In addition, an early identification of therapeutic inefficacy could prevent the continuation of this treatment (10).

68Gallium (68Ga)-Prostate-Specific Membrane Antigen (PSMA)-Positron Emitted Tomography (PET) has been shown to be more sensitive and specific than CT and bone scan in prostate cancer. Since PSMA expression has been previously identified in the neovasculature of benign and malignant tumors including RCC, we have investigated 68Ga-PSMA-PET in two ccRCC metastatic patients treated with TKI + ICI combination (11–17). To our knowledge, whether an early change in 68Ga metabolism could predict response to these treatments remains unknown.



Case Description

First case: an early decrease of 68Gallium metabolism and further partial response on CT scan (Figure 1).




Figure 1 | Comparison between baseline imaging and on-treatment imaging. 68GaPSMA-PET at baseline (A) and at 8-week (B) showing decrease of metabolism (yellow circle). Thoracic CT Scan at baseline (C) and at 12-week (D) showing disappearance of pulmonary lesions (yellow circle).



A 52-year-old male patient was diagnosed in January 2021 with a 10-centimeter left renal tumor. Baseline imaging work-up showed 3 millimetric bilateral lung lesions. Nephrectomy was performed, confirming a 11-centimeter ccRCC with tumor necrosis, grade ISUP 3 (International Society of Urological Pathology), and renal vein thrombus; the final staging was pT3a based on TNM classification (8th edition). No adjuvant treatment was started. In May 2021, a thoraco-abdominal CT showed an increase in size and number of lesions. 68Ga-PSMA-PET showed 10 metabolic bilateral pulmonary lesions, ranging from 6 to 14 mm in size, and from 2.3 to 9.2 in SUVmax; there was no other detected lesion. Blood test was normal, namely, hemoglobin, calcium, and lactate deshydrogenase (LDH). This patient was classified as an intermediate risk group following the International Metastatic RCC Database Consortium (IMDC) risk group classification as the interval between diagnosis and treatment onset was inferior to 12 months. We started at this time association of pembrolizumab (200 mg every three weeks) + axitinib (5 mg bid). Eight weeks after treatment onset, a new 68Ga-PSMA-PET CT showed disappearance of 68Ga metabolism in pulmonary lesions and a decrease in the size of all lesions (partial response following RECIST criteria). This response was maintained on the CT scan performed 12 weeks after treatment onset (Figure 1).

Second case: An absence of decrease of 68Gallium metabolism and further radiological progression on CT scan (Figure 2).




Figure 2 | Comparison between baseline imaging and on-treatment imaging. 68GaPSMA-PET at baseline (A) and at 8-week on pembrolizumab alone (B) showing absence of metabolism decrease (yellow circle) and at 16-week on axitinib alone (C) showing disappearance of metabolism (yellow circle). Other metabolic lesion was not cancer lesion, but normal kidney (left) and physiological bowel metabolism (right on the picture). Abdominal CT Scan at baseline (D), at 12-week (E) showing increase in size of the lesion at the nephrectomy site (yellow circle) and at 16-week (F) showing partial response. Thoracic CT Scan at baseline (G), at 12-week (H) showing increase in size of pulmonary lesions (yellow circle) and at 16-week (I) showing partial response.



A 72-year-old male patient was treated in 2018 with nephrectomy for a 6-centimeter ISUP 2 ccRCC with renal vein thrombus, classified as pT3a N0M0. In February 2021, a resurgence of the disease was diagnosed with a 26-millimeter tumor lesion in the nephrectomy site and three infra-centimetric lesions in the left inferior pulmonary lobe. 68Ga-PSMA-PET showed intense metabolism of the local lesion (SUVmax 21.8) and moderate metabolism of the three pulmonary lesions (SUVmax ranging from 2.6 to 4.7). Blood tests (renal function, calcium, LDH, and liver tests) were normal except a grade 1 anemia. This patient was thus classified as an IMDC intermediate risk group. Systemic treatment with pembrolizumab (200 mg every three weeks) plus axitinib (5 mg bid) was started but axitinib had to be interrupted after 3 weeks due to the Common Terminology Criteria for Adverse Events (CTCAE v6) grade 3 nephrotic syndrome. Eight weeks after treatment onset, 68Ga-PSMA-PET-CT showed an absence of decrease in 68Ga metabolism in both local lesion and pulmonary lesions and the absence of decrease in lesions size (stable disease based on the RECIST criteria). The 12-week CT scan confirmed a disease progression following the RECIST criteria with an increase in the size of the pulmonary lesions (from 5 to 8 mm, from 4.5 to 9 mm and from 8 to 15 mm) and of the lesion in the nephrectomy site (from 2 to 38 mm). At this time, pembrolizumab alone was stopped and axitinib was reintroduced at 5 mg daily. Four weeks later (16 weeks after treatment initiation), 68Ga-PSMA-PET-CT showed a disappearance of 68Ga metabolism in all metastatic lesions; that was associated with a significant decrease in size of the local lesions (from 38 to 25 mm) and of the pulmonary lesions (from 8 to 4 mm, from 9 to 2 mm and from 15 to 6 mm) (Figure 2).

Figure showcasing a timeline with imaging and response to treatment in the two clinical cases (Figure 3).




Figure 3 | Timeline with imaging and response to therapies in the two clinical cases.





Discussion

The type II transmembrane glycoprotein PSMA is significantly overexpressed in most prostate cancer cells and is associated with increasing tumor grade and stage. 68Ga-PSMA PET-CT imaging demonstrated superior sensitivity and specificity compared to conventional imaging (thoraco-abdominal CT and bone scan) in primary, metastatic, and biochemically recurrent prostate cancer (18–20).

Interestingly, the increasing use of PSMA PET-CT imaging in prostate cancer has revealed PSMA ligand uptake in multiple non-prostatic benign and malignant diseases (21). Renal cell carcinoma (RCC) is a heavily vascularized tumor with well-documented PSMA expression in the neovasculature (22)

68Ga-PSMA-PET-CT is an emerging imaging modality in the ccRCC management. Different retrospective studies showed that 68Ga-PSMA-PET-CT was able to identify aggressive pathological features (high grade or sarcomatoid features) of ccRCC in the preoperative setting (23, 24) and to identify metastatic lesions or synchronous primary that were not detected on standard imaging (25). Furthermore, Rhee et al. prospectively showed in 10 RCC patients that the 68Ga-PSMA-PET-CT had a stronger detection rate of metastases compared to CT scan, with less false negative lesions; this resulted in a change in the therapeutic management in the two patients (26). However, the role of 68Ga-PSMA-PET-CT in early evaluation of response to treatment (TKI and ICI) remains unknown.

We report two types of radiological responses in the two ccRCC patients treated with TKI-ICI association on the 12-week standard imaging: a partial response and a progression disease based on the RECIST criteria. Interestingly, we showed that the 8-week 68Ga metabolism change may be correlated with the 12-week radiological response. In the first patient, the decrease of 68Ga metabolism was associated with the decrease in size and number of lesions. In the second patient, the absence of decrease in 68Ga metabolism on pembrolizumab was associated with the further progression in size of described lesions. Importantly, in this last patient, the introduction of a more effective treatment (axitinib), resulted in the early disappearance of 68Ga metabolism, confirming the association between 68Ga metabolism and response to treatment.

These associations between metabolic and radiological responses appear as promising in the early evaluation of response to ICI-combined treatments; radiological responses are sometimes delayed, appearing in some cases after many months, which renders the therapeutic evaluation challenging. Interpretation of mixed response, pseudo-progression and bone lesions evolution appears also difficult for clinicians and radiologists in the assessment of response.

Early assessment of 68Ga metabolism of ccRCC lesions could be helpful in management of these patients; early detection of non-responding patients could prevent continuation of inefficient and potentially toxic treatment. In the era of combinations (TKI + ICI or ICI + ICI), the absence of predictive biomarker leads clinicians to start association of treatments; early prediction of response could help to adapt our management by starting monotherapy and assessing rapidly the metabolic response. Furthermore, this could also open new strategies including Lutetium-based treatment, particularly in patients with low tumor burden in which close surveillance attitude is adopted.

This report is only a description of two ccRCC patients that were treated with a similar combination. Even if TKI had to be stopped early in one of these patients, its further reintroduction allowed this patient to be the control of himself in terms of treatment efficacy assessment. Further prospective trials should be done with higher number of patients, similar characteristics (treatment schemes, IMDC risk group).

If 68Ga-PSMA-PET appears as a promising method for staging and characterizing RCC, it may also have a role in the early assessment of treatment efficacy in metastatic setting.



Patient Perspective

The first patient: “having a good tool for rapidly predicting response to the treatment prevents the stress for waiting during three months whether there is a response or not to treatment”. Of course, starting a treatment with potential toxicities in patients remains a challenge for clinicians. Having early tools to confirm efficacy will help the clinician to continue the same treatment or change towards another subsequent treatment.

The second patient: “choosing a treatment is challenging for the practician as we don’t know whether this treatment will be efficient. In my case, after failure of pembrolizumab, it was important for me to rapidly known whether axitinib was efficient”. In this case, pembrolizumab was not continued as PSMA-PET did not show any activity of this agent, which was confirmed later by CT scan.
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Backgrounds

CD146 is highly expressed in various malignant tumors and associated with the poor prognosis. However, the role of CD146 in clear cell renal cell carcinoma (ccRCC) is still unknown. This study aimed to identify the role of CD146 in ccRCC by integrated bioinformatics analysis.



Methods

CD146 mRNA expression and methylation data in ccRCC was examined using the TIMER, UALCAN, and MethSurv databases. CD146 expression in paraffin-embedded tissues (140 cancer samples and 140 paracancer tissues) from our cohort were examined by immunohistochemistry assay. The LinkedOmics database was used to study the signaling pathways related to CD146 expression. TIMER and TISIDB were used to analyze the correlations among CD146, CD146-coexpressed genes, tumor-infiltrating immune cells, and immunomodulators. The relationship between CD146 and drug response in renal cancer cell lines was analyzed by the CTRP and CCLE databases.



Results

The mRNA and protein levels of CD146 were elevated in ccRCC tissues than that in paracancer tissues. The DNA methylation of CD146 in ccRCC tissues were lower than that in normal tissues. Importantly, high CD146 expression was associated with poor prognosis in patients with ccRCC. Furthermore, multivariate Cox regression analysis showed that CD146 was an independent prognostic factor in ccRCC. GO and KEGG pathway analyses indicated the co-expressed genes of CD146 were mainly related to a variety of immune-related pathways, including Th1 and Th2 cell differentiation, Th17 cell differentiation, and leukocyte transendothelial migration. Our data demonstrated that the expression and methylation status of CD146 were strongly correlated with immune infiltration levels, immunomodulators, and chemokines. Further, the sensitivity and resistance of renal cancer cell lines to some drugs were related to CD146 expression.



Conclusions

Our study highlights the clinical significance of CD146 in ccRCC and provides novel insights into the immune function of CD146 in the tumor microenvironment.
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Introduction

Clear renal cell carcinoma (ccRCC) is the most common subtype of renal cell carcinoma (1). Despite substantial advancement in ccRCC target therapies, such as tyrosine kinases inhibitors and mTOR inhibitors, the prognosis for advanced and metastatic ccRCC patients remains poor (2, 3). ccRCC is a highly immune-infiltrated tumor (4). In patients with metastatic RCC, immunotherapy-based combinations have become the standard of care and show an efficacy and overall survival benefit in the first-line metastatic setting (5, 6). The interaction between tumor cells and the tumor microenvironment (TME) provides new insights into the molecular drivers underlying ccRCC occurrence, metastasis, and recurrence (7, 8). However, the molecular mechanisms underlying ccRCC carcinogenesis remain unclear.

CD146, also known as MUC18, is a highly glycosylated type I transmembrane protein. Normal expression of CD146 is restricted to certain cell types, including endothelial cells (9), fibroblasts (10), smooth muscle cells (11), and lymphocytes (12). CD146 is weakly expressed or not detected in normal adult tissues but is strongly upregulated under various pathological conditions such as atherosclerosis (13), inflammation (14), and tumorigenesis (15). Accumulating evidence confirmed that CD146 was highly expressed on advanced primary and metastatic cancers including gastric cancer (16), melanoma (17), and lung cancer (18). The overexpression of CD146 could promote tumor progression and metastasis by altering the expression of genes in cancer cell proliferation, apoptosis, and angiogenesis (19, 20). While the expression of CD146 and clinical significance in ccRCC is still unknown.

Growing evidence suggested that CD146 could promote the tissue-infiltrative potential and augment inflammatory response in several inflammatory diseases, including systemic sclerosis (21), rheumatoid arthritis (22), and inflammatory bowel disease (23). CD146 participates in the regulation of local immunity by recruiting mononuclear cells from the peripheral blood to the site of inflammation (24). CD146 also induces the formation of cytoplasmic protrusions and acts as an endothelial adhesion receptor, thereby mediating lymphocyte adhesion, transmigration, and lymphocyte homing (25). Previous studies have shown that inflammation affects the progression of cancer, as the chronic inflammation persists, the risk of carcinogenesis increases (26). Netti GS et al. reported that the expression of PTX3 can affect immunoflogosis in the ccRCC microenvironment, by activating the classical pathway of CS (C1q) and releasing pro-angiogenic factors (C3a, C5a), thus playing an effect on resident cells to sustain carcinogenesis (27). Detection of these markers can provide information on early diagnosis, treatment effect, and prognosis of related malignant tumors (28, 29). Krishna Y et al. show that M2 type macrophages dominate in metastatic uveal melanoma and contribute to an immunosuppressive TME by upregulation of CD146 (30). Nevertheless, the role of CD146 in affecting the components in TME in ccRCC is still poorly understood.

Here, we present a comprehensive analysis of CD146 in ccRCC using multiple available databases. We found that CD146 is significantly overexpressed in ccRCC, and CD146 expression is associated with tumor stage, tumor grade, and prognosis in ccRCC patients. The co-expressed genes of CD146 were enriched in pathways involved in endothelium development, response to virus, T cell activation, and adaptive immune response. Both CD146 expression and its methylation status were correlated with tumor infiltrating immune cells and immunomodulators in ccRCC. More importantly, we also explored the potential of using CD146 as a possible therapeutic target in ccRCC treatment. Our study indicated that CD146 may be used as a prognostic biomarker and new immune-associated therapeutic target for ccRCC patients.



Materials and Methods


Tumor Immune Estimation Resource Analysis

The Tumor Immune Estimation Resource (TIMER) (https://cistrome.shinyapps.io/timer/) web server is a resource that systematically analyzes immune infiltrates across different cancer types (31). To evaluate the expression difference of CD146 between tumor and adjacent normal tissues, we used the TIMER database to study the RNA sequence data of different cancer types in TCGA (The Cancer Genome Atlas). The immune cell abundance was estimated by the TIMER algorithm. Correlation modules were used to determine the relationship between the RNA-seq expression profile data of CD146 in ccRCC and immune cells, including CD4+ T cells, CD8+ T cells, regulatory T (Treg) cells, T follicular helper (Tfh) cells, Type 1 T helper (Th1) cells, Type 2 T helper (Th2) cells, natural killer (NK) cells, myeloid dendritic cells, monocyte, neutrophils, M1 macrophages, and M2 macrophages. The gene markers of immune cells were also correlated with CD146 expression using gene modules. These gene markers referenced are cited in previous publications (32–34).



DNA Methylation Analysis

DNA methylation during carcinogenesis has an impact on not only gene expression, but also the prognosis of cancer patients (35). MethSurv (https://biit.cs.ut.ee/methsurv/) is a web portal that provides survival analysis based on DNA methylation biomarkers using TCGA data. DNA methylation of CD146 at CpG sites and the prognostic value of these CpG sites in ccRCC were analyzed by MethSurv.



Patients and Clinical Materials

Tumor specimens were collected from 140 ccRCC patients diagnosed with ccRCC treated with radical or partial nephrectomy at the Department of Urology of the Chinese People’s Liberation Army (PLA) General Hospital (Beijing, China) from January 2013 to December 2019. The medical records of clinic-pathologic data from our institutional database, including age, gender, T stage, N stage, M stage, and Fuhrman grade, were retrospectively reviewed. All patients were staged according to the eighth edition of the AJCC-UICC TNM classification (36). Fuhrman classification was used to attribute nuclear grade (37). The clinic-pathologic data are reported in Table 1. All samples of cancer tissue had been pathologically confirmed as ccRCC by two pathologists. All patients were informed and signed a consent for the use of clinical data for scientific purposes. The present study was approved by the ethics committee of the Chinese PLA General Hospital.


Table 1 | Relationship between CD146 expression and clinicopathological features in patients with ccRCC.





Immunohistochemistry

To determine CD146 protein expression in ccRCC, IHC staining of CD146 was conducted on cancer and paracancer tissues for 140 ccRCC cases from our cohort. For IHC staining, a tissue microarray (TMA) was obtained from the tissue bank at the Department of Urology of the Chinese PLA General Hospital. IHC staining of TMA tissues was performed with antibodies against CD146 (Abcam, ab75769). The standard protocols were followed as previously described (38). Slides were scanned using an Axio Image Z2 Microscope (Zeiss) and the TissueFAXS imaging system (TissueGnostics GmbH, Austria). All images were analyzed by TissueQuest and StrataQuest software (TissueGnostics GmbH, Austria). Staining intensity was scored 0 (negative), 1 (weak), 2 (moderate), and 3 (strong). Staining range was scored on a 4-point scale (0 = 0%, 1 = 1%∼24%, 2 = 25%∼49%, and 3 = 50%∼100%). The final IHC score was obtained by multiplying the intensity scores with the staining range. ccRCC patients with a final IHC score ≥4 were included in the high CD146 group, whereas those with a final IHC score<4 were included in the low CD146 group (39).



Western Blot

Western blot assays were used according to standard techniques as previously reported (40). Antibodies against CD146 (ab75769; Abcam) and β-actin (#3700; CST) were used.



UALCAN Analysis

UALCAN (http://ualcan.path.uab.edu/) is a web resource for online analysis of gene transcriptional data and clinical data of cancers from TCGA (41). We obtained differential expression of CD146 mRNA and protein of CD146 in ccRCC tumor tissues and adjacent normal tissues in the UALCAN database. DNA hypermethylation at promoters can lead to gene silencing (42). To further identify the mechanisms underlying the upregulation of CD146 in ccRCC, the methylation levels of CD146 in the ccRCC dataset were also analyzed by the UALCAN database. The differential expression of CD146 and its promoter methylation status in patients with various tumor grade (grades 1, 2, 3, and 4), tumor stage (stages 1, 2, 3, and 4) and ccRCC subtype (ccA and ccB) were also compared.



LinkedOmics Database Analysis

The LinkedOmics database (http://www.linkedomics.org/login.php) is acknowledged as a web portal that analyses multi-omics data from TCGA datasets (43). We searched for the differentially expressed genes related to CD146 in ccRCC using the LinkFinder module. The correlation results were analyzed by the Pearson correlation coefficient and were visualized by volcano plot and heat maps. To obtain description information, the differentially expressed genes related to CD146 were annotated using Gene Ontology (GO) analysis, Kyoto Encyclopedia of Genes and Genomes (KEGG) pathway enrichment analysis, and gene set enrichment analysis (GSEA) via the LinkInterpreter module.



TISIDB Database Analysis

The TISIDB database (http://cis.hku.hk/TISIDB) is a web server for the interplay between the tumor and immune system, which can assist in the prediction of immunotherapy responses (44). In our study, the associations between CD146 expression and lymphocytes, immunomodulators, and chemokines were analyzed by the TISIDB database. A ‘rho’ value greater than 0.2 and less than −0.2 was considered as a significant correlation at p < 0.05 (45).



Correlation Between CD146 and Drug Response

To explore whether CD146 could be used as a therapeutic target in cancer patients, we investigated the correlation between CD146 expression and drug response. CD146 gene expression levels in 30 cancer cell lines were obtained from the Cancer Cell Line Encyclopedia (CCLE; https://portals.broadinstitute.org/ccle/). Drug response data in cancer cell lines were downloaded from the Cancer Therapy Response Portal (CTRP, https://portals.broadinstitute.org/ctrp.v2.2/) (46). The correlation between CD146 expression and drug response area under the curve (AUC) was analyzed by Pearson correlation coefficient analysis in each cancer cell type. The percentage of drugs significantly correlated with CD146 was obtained. The ratio of drugs related to CD146 in 10 different cancer types with 30 cell lines was represented by histogram. The correlation between CD146 and 545 drug responses under the curve in 21 renal cancer cell lines were analyzed by SangerBox and shown by volcanic plots. We considered a p-value of less than 0.05 as statistically significant.



Statistical Analysis

Statistical analysis was performed using the GraphPad Prism version 8.0 (GraphPad software, USA) and Statistical Package for Social Sciences (SPSS 17.0 for Windows, SPSS, Chicago, IL). The measurement data are presented as mean ± SD. An independent samples t test was used to analyze the differential expression levels of CD146 mRNA between the ccRCC tissues and the adjacent normal tissues from TCGA databases. Correlations between CD146 expression and clinicopathological characteristics were analyzed by the Pearson’s Chi squared test. Overall survival (OS) analysis and progression-free survival (PFS) analysis were performed by Kaplan–Meier plots and the differences were compared using the log-rank test. Univariate and multivariable analyses were performed using the Cox proportional hazards regression models. A two-tailed P value of 0.05 was considered statistically significant.




Results


CD146 Is Upregulated in ccRCC

Compared with normal tissues, CD146 was upregulated in cholangiocarcinoma, head and neck squamous cell carcinoma, kidney renal clear cell carcinoma, liver hepatocellular carcinoma, pheochromocytoma and paraganglioma, prostate adenocarcinoma, and thyroid carcinoma cancers, while CD146 was downregulated in bladder urothelial carcinoma, breast invasive carcinoma, cervical squamous cell carcinoma and endocervical adenocarcinoma, kidney chromophobe, lung adenocarcinoma, lung squamous cell carcinoma, and uterine corpus endometrial carcinoma cancers (Figures 1A, B). Consistent with the mRNA expression data, we found that CD146 protein was highly expressed in the ccRCC cancer tissues compared with paracancer tissues (Figure 1C). The positive staining of CD146 was mainly located in the plasma and membrane (Figure 1C). The results of UALCAN database analysis further confirmed that CD146 protein expression was higher in primary ccRCC cancer tissues than that in paracancer tissues (Figure 1D). The western blot assay also confirmed that CD146 is higher in ccRCC tumor tissues than that in paracancer tissues (Figure 1E). This evidence strongly indicated that the mRNA and protein expressions of CD146 were significantly upregulated in ccRCC.




Figure 1 | High Expression of CD146 in ccRCC. (A) Human expression levels of CD146 in various malignant tumor types from The Cancer Genome Atlas (TCGA) database were analyzed by the Tumor Immune Estimation Resource (TIMER). CD146 was upregulated in cholangiocarcinoma (CHOL), head and neck squamous cell carcinoma (HNSC), kidney renal clear cell carcinoma (KIRC), liver hepatocellular carcinoma(LIHC), pheochromocytoma and paraganglioma (PCPG), prostate adenocarcinoma (PRAD), and thyroid carcinoma (THCA) cancers, and downregulated in bladder urothelial carcinoma (BLCA), breast invasive carcinoma (BRCA), cervical squamous cell carcinoma and endocervical adenocarcinoma (CESC), kidney chromophobe (KICH), lung adenocarcinoma (LUAD), lung squamous cell carcinoma (LUSC), and uterine corpus endometrial carcinoma (UCEC) cancers.  *p < 0.05. **p < 0.01. ***p < 0.001. (B) Gene Expression Profiling Interaction Analysis (UALCAN) for the expression of CD146 mRNA in tumor tissues and normal tissues based on TCGA samples. (C) Representative immunohistochemistry images of CD146 in ccRCC cancer tissues and corresponding normal tissues. (D) Protein level of CD146 in normal tissues and ccRCC cancer tissues using CPTAC samples by the UALCAN database. (E) Protein expressions of CD146 in five pairs of ccRCC and adjacent normal tissues samples were determined by western blot assay (N: normal tissues, T: ccRCC cancer tissues).





The Prognostic Value of CD146 and Its Correlation With Clinicopathological Parameters in ccRCC

As is shown in Table 1, CD146 was more expressed in higher grade cancers compared to lower grades cancers (Table 1). Kaplan-Meier analysis demonstrated that high expression of CD146 was significantly associated with poor OS [hazard ratio (HR) = 3.677, p = 0.0028] and PFS (HR = 3.493, p = 0.0009) in ccRCC patients (Figures 2A, B). Univariate Cox regression analyses showed an association between OS with age, T stage, N stage, M stage, Fuhrman grade, and CD146 expression. Moreover, multivariate Cox regression analysis showed that CD146 expression (HR = 4.655, p = 0.007), Fuhrman grade (HR = 3.472, p = 0.005), and M stage (HR = 3.625, p = 0.004) were independent prognostic factors for ccRCC patients (Table 2). Univariate Cox regression analysis indicated that T stage, N stage, M stage, Fuhrman grade, and CD146 expression were correlated with PFS. Furthermore, multivariate Cox regression revealed that CD146 expression (HR = 5.829, p = 0.001), Fuhrman grade (HR = 2.927, p = 0.007), and M stage (HR = 3.028, p = 0.005) were independent prognostic indicators for ccRCC patients (Table 3). These results suggest that CD146 was upregulated in ccRCC and associated with worse prognosis.




Figure 2 | The prognostic value of CD146 in patients with ccRCC. (A, B) Kaplan–Meier survival analysis revealed that ccRCC patients with high CD146 expression exhibited a shorter overall survival (A) and progression-free survival (B) than that in patients with low CD146 expression.




Table 2 | Univariate and multivariable Cox regression of CD146 expression for overall survival in ccRCC patients.




Table 3 | Univariate and multivariable Cox regression of CD146 expression for progression-free survival in ccRCC patients.





DNA Methylation of CD146 and Its Prognostic Value in ccRCC

DNA methylation levels of CD146 were significantly lower in ccRCC cancer tissues compared with normal samples (Figure 3A). The methylation status of CD146 was high in late-stage and high-grade tumors (Figures 3B, C). Furthermore, correlation analysis indicated that expression of CD146 mRNA was significantly negatively correlated with its methylation status (Figure 3D). Among 18 predicted CpG sites of CD146, 15 CpG sites, including cg08187057, cg09042577, cg25484790, cg081861493, cg21096399, cg18890215, cg24827784, cg18165196, cg14976391, cg17466841, and cg11287851, were significantly correlated with the prognosis of ccRCC (Table 4). Consistently, CpG sites of CD146, including cg08187057, cg09042577, cg25484790, cg18890215, cg24827784, cg14976391, and cg17466841, showed higher methylation levels in ccRCC, indicating that the CD146 methylation in these CpG sites was correlated with poor prognosis in ccRCC patients (Figure 3E). These results revealed that the methylation levels of CD146 act as an effective prognostic biomarker for ccRCC, demonstrating that CD146 may have a pivotal role in tumor progression.




Figure 3 | DNA methylation levels of CD146 and its prognostic value in ccRCC. (A) Promoter methylation level of CD146 in normal tissues and primary ccRCC tissues by the UALCAN database. (B, C) Promoter methylation level of CD146 in ccRCC cancer tissues of various tumor stage (B) and tumor grade (C) by the UALCAN database. (D) Correlation analysis of CD146 mRNA expression with CD146 promoter methylation status by the UALCAN database. (E) The heat map of DNA methylation at CpG sites in the CD146 gene by the MethSurv database.




Table 4 | The significant prognostic values of CpG in CD146.





CD146 Co-Expression Network in ccRCC

The results of the co-expression pattern of CD146 showed that 1904 genes were positively correlated with CD146, while 1696 genes were negatively correlated with CD146 (Figure 4A). Heat maps displayed the top 50 genes positively and negatively associated with CD146 (Figures 4B, C). GO term annotation showed that co-expressed genes of CD146 join mainly in endothelium development, response to virus, T cell activation, adaptive immune response, extracellular structure organization, angiogenesis, regulation of immune effector process, negative regulation of defense response, regulation of innate immune response, leukocyte differentiation, etc. (Figure 4D). KEGG pathway analysis indicated enrichment in the Notch signaling pathway, Th1 and Th2 cell differentiation, microRNAs in cancer, Th17 cell differentiation, leukocyte transendothelial migration, and the Rap1 signaling pathway (Figure 4E). These results indicate that the CD146 expression network influences the immune microenvironment greatly in ccRCC.




Figure 4 | 
CD146 co-expressed genes and functional enrichment analysis. (A) Volcano map of co-expressed profiling of CD146 in ccRCC by the LinkedOmics database. (B, C) Heat map of top 50 positively (B) and 50 negatively (C) correlated genes with CD146 are displayed. (D, E) CD146 co-expression genes were annotated by Gene Ontology (GO) analysis (D) and Kyoto Encyclopedia of Genes and Genomes (KEGG) pathway analysis (E) available at LinkedOmics.





CD146 Is Correlated With Immune Infiltration in ccRCC

CD146 was positively correlated with infiltrating levels of neutrophils (rho = 0.312, p = 7.44e-12), myeloid dendritic cells (rho = 0.533, p = 3.36e-35), active CD4+ T cells (rho = 0.377, p = 5.63e-17), CD8+ T cells (rho = 0.203, p = 1.14e-05), Treg cells (rho = 0.316, p = 3.78e-12), Tfh cells (rho = -0.251, p = 4.58e-08), NK cells (rho = 0.308, p = 1.38e-11), activated mast cells (rho = 0.307, p = 1.49e-11), monocytes (rho = 0.256, p = 2.59e-08), macrophages (rho = 0.229, p = 6.56e-07), M1 macrophages (rho = 0.189, p = 4.46e-05), and M2 macrophages (rho = -0.333, p = 2.01e-13) (Figure 5A). In addition, CD146 was significantly correlated with the gene markers of monocytes, macrophages, M1 macrophages, M2 macrophages, neutrophils, NK cells, dendritic cells, Th1 cells, Th2 cells, Tfh cells, and Treg cells (Table 5). CD146 was significantly correlated with immune stimulators, such as TNFRSF4 (rho = 0.618, p < 2.2e-16), ENTPD1 (rho = 0.616, p < 2.2e-16), TMEM173 (rho = 0.505, p < 2.2e-16), and RAET1E (rho = 0.389, p < 2.2e-16) (Figure 5B). The expression of CD146 was also associated with immune inhibitors, including KDR (rho = 0.523, p < 2.2e-16), TGFB1 (rho = 0.424, p = 2.2e-16), ADORA2A (rho = 0.352, p < 4.97e-17), and IDO1 (rho = 0.303, p < 1.03e-12) (Figure 5C). CD146 expression was significantly correlated with CCL14 (rho = 0.566, p < 2.2e-16), CCL26 (rho = 0.300, p < 1.82e-12), CCL28 (rho = 0.214, p < 6.64e-7), and CX3CL1 (rho = 0.232, p < 6.21e-8) (Figure 5D). Meanwhile, CD146 expression was significantly associated with chemokine receptors, including CCR10 (rho = 0.443, p < 2.2e-16), CXCR4 (rho = 0.388, p < 2.2e-16), CCR6 (rho = 0.183, p < 2.14e-5), and CCR7 (rho = 0.180, p < 2.88e-5) (Figure 5E). These results support the findings that CD146 may function as an immunoregulatory factor in ccRCC.




Figure 5 | Correlation between CD146 with immune infiltration in ccRCC. (A) Correlation between CD146 expression and the abundance of tumor infiltrating immune cells in ccRCC available from the TIMER2.0 database. (B, C) Correlation between CD146 expression and immunostimulators (B) and immunoinhibitors (C) in ccRCC available from the TISIDB database. (D, E) Correlation between CD146 expression and chemokines (D) and chemokine receptors (E) in ccRCC available from the TISIDB database.




Table 5 | The correlations between CD146 and gene markers of immune cells in ccRCC and normal cells by GEPIA.





CD146 Methylation Is Associated With Immunosuppressive Status in ccRCC

As presented in the previous results, CD146 methylation in ccRCC correlates with prognosis in ccRCC. To elucidate the effect of CD146 methylation on the progression of ccRCC, we assessed the correlation of CD146 methylation with immune infiltration using TISIDB platforms. The result revealed that the methylation status of CD146 was negatively correlated with NK cells (rho = -0.153, p = 0.006), Th1 cells (rho = -0.119, p = 0.034), Th2 cells (rho = -0.242, p = 1.27e-5), and γδT cells (rho = -0.134, p = 0.0166) (Figure 6A). Similarly, the methylation status of CD146 was negatively associated with immune stimulators, such as C10orf54 (rho = -0.248, p = 8.13e-06), CD276 (rho = -0.296, p = 8.58e-08), CXCR4 (rho = -0.149, p = 0.0078), and ENTPD1 (rho = -0.287, p =2.04e-07) (Figure 6B), while being positively associated with immune inhibitors, such as CD274 (rho = 0.220, p = 7.84e-05), CTLA4 (rho = 0.134, p = 7.84e-05), HAVCR2 (rho = 0.122, p = 0.0289), and KDR (rho = 0.287, p = 2.11e-07) (Figure 6C). The methylation status of CD146 was also negatively associated with chemokines and receptors, such as CCL14 (rho = 0.341, p = 5.46e-10), CCR6 (rho = -0.122, p = 0.03), CCR10 (rho = -0.311, p = 1.73e-08), and CXCR4 (rho = -0.149, p = 0.0078) (Figure 6D). These results indicated that the methylation status of CD146 is positively associated with immunosuppressive status in ccRCC.




Figure 6 | Association between the methylation status of CD146 with immune infiltrates in ccRCC. (A) Correlation of the methylation status of CD146 with NK cells, Type 1 T helper cells, Type 2 T helper cells, and γδT helper cells in ccRCC available from the TISIDB database. (B–D) Correlation of the methylation status of CD146 with immunostimulators (B) and immunoinhibitors (C) and chemokines/receptors (D) in ccRCC available from the TISIDB database.





CD146 Expression and Drug Response in Renal Cancer Cell Lines

As is shown in Figure 7A, the ratio of drugs significantly correlated with CD146 expression in 10 different cancer cell line types is presented. The percentage of drugs significantly related with CD146 in renal cancer cell lines accounted for 5.5%. As is shown in Figure 7B, the relationship between CD146 and 545 drug response AUCs in renal cancer cell lines is presented. The drugs associated with CD146 in renal cancer cell lines are shown in Table 6. High CD146 expression was significantly correlated with a better response of inhibitors of topoisomerase I+II, including topotecan, SN-38, and etoposide. In addition, brivanib, inhibitor of VEGFR1/2, was also confirmed to be related to CD146 expression. Besides, inhibitors of DNA replication, including gemcitabine and clofarabine, were correlated with CD146 expression. Moreover, high CD146 expression was related to drug resistance of quizartinib, GSK1059615, BRD-K92856060, and AC55649. Overall, CD146 has the potential to become a therapeutic target for clinical treatment of ccRCC.




Figure 7 | Drug response analysis of CD146. (A) The ratio of drugs correlated with CD146 expression in 10 various cancer cell line types including 30 cell lines is shown by histogram. (B) The correlation between CD146 expression and drug response in renal cancer cell lines is shown by volcano plot.




Table 6 | Drug response related to CD146 expression in renal cancer cell lines.






Discussion

Although surgical resection is the first-line therapy for clinically localized RCC, mortality after surgical treatment for RCC cannot be ignored. Elder patients and patients at high stage tend to have a higher 30-day mortality risk after surgery (47). Recent advances in understanding the molecular background of ccRCC have led to unprecedented progress in the diagnosis, prognosis, and therapy of ccRCC (48). Immunotherapies targeting the PD-L1/PD1 pathway have shown benefits in advanced ccRCC patients (49). However, patients that are on immunotherapy will eventually develop treatment resistance due to the immune evasion mechanism (50). In addition to the PD-L1/PD1 pathway, ample evidence supports the fact that many other molecules, such as siglec-15 and FGL1, also contribute to dysfunctional immunity in the TME (51, 52). Therefore, exploring the potential immune-related factors responsible for tumor immune escape may help to improve the prognosis of ccRCC patients. CD146, originally identified as a cell adhesion molecule, is widely involved in immune response, cell migration, and angiogenesis (15). Recent evidence also indicates that CD146 is overexpressed in malignant tumors and is associated with tumor progression (18, 53, 54). While the role of CD146 in ccRCC is unclear, we aimed at exploring the clinical significance and biological functions of CD146 in ccRCC by employing open-access databases for a comprehensive analysis.

According to the analysis of TCGA data and our IHC analysis, ccRCC showed a remarkable high expression of CD146 as mRNA and protein. The mechanism of CD146 upregulation in ccRCC is unclear. Luo Y. et al. reported that CD146 expression and the HIF-1α transcriptional program reinforce each other to physiologically enable pulmonary artery smooth muscle cells to adopt a more synthetic phenotype (11). As ccRCC is well elucidated for its VHL/HIF dysregulation and downstream signal abnormalities (55), we may speculate that the VHL/HIF pathway is the key upstream regulator of CD146 in ccRCC, which needs further verification. Researchers demonstrated that aberrant CpG island methylation of the CD146 gene promoter in breast cancer cells lines is involved in the expression control of CD146 (56). So, we investigated the promoter methylation level of CD146 in ccRCC using the UALCAN database. We found that the DNA methylation levels of CD146 in cancer tissues were significantly lower than that in normal samples, indicating that a low level of promoter methylation status of CD146 is responsible for the overexpression of CD146 in ccRCC. CD146 was reported to promote tumor progression, and elevated expression of CD146 predicted poor prognosis in cancer patients. To determine whether CD146 could be used as a prognostic marker in ccRCC, we investigated the prognosis of ccRCC patients with different CD146 expression levels. In our cohort. we observed that high CD146 expression in ccRCC tissues was associated with a poor prognosis in ccRCC patients. Multivariate Cox regression further confirmed that high CD146 expression is an independent adverse prognosis factor for ccRCC patients, suggesting that CD146 is a novel prognostic biomarker in ccRCC.

The genes in the same clique tend to be co-expressed and synergistically co-regulated. To unravel the biological functions of CD146, co-expression analysis and functional enrichment analysis were performed. Importantly, we identified genes involved in various immune-related processes, including T cell activation, adaptive immune response, regulation of immune effector process, regulation of innate immune response, regulation of leukocyte activation, macrophage activation, cytokine secretion, Th17 cell differentiation, Th1 and Th2 cell differentiation, and leukocyte transendothelial migration. These results indicate that CD146 may have complex regulatory roles in immune-related processes. To elucidate the role of CD146 in the TME, the relationships between CD146 and immune infiltration in ccRCC were analyzed by TIMER and TISIDB databases. Our results demonstrated that CD146 expression is not only significantly positively correlated with immune infiltration of the immune cell populations including neutrophil cells, monocytes, CD4+ T cells, CD8+ T cells, macrophages, myeloid dendritic cells, and NK cells, but also positively correlated with immunoinhibitors, such as KDR1, TGFB1, IDO1, and ADORA2A. Correlations between CD146 expression and gene markers of immune cells further revealed that CD146 has interactions with M2 macrophage cells and various functional T cells, such as Treg cells and exhausted T cells. These findings indicate that CD146 has dual inflammatory functions in ccRCC. High CD146 expression could enhance anti-tumor immunity by recruiting CD8+ T cells and NK cells to the TME, meanwhile, it induces exhausted phenotype T cells, Treg cells, and M2 type macrophages to accumulate in the TME, causing the inefficiency of anti-tumor immunity. Recent studies provided some insights that may explain the dual role of CD146 in ccRCC. Although CD146 could recruit neutrophils, macrophages, or activated T cells to the inflammatory microenvironment and exert a proinflammatory function (25, 57), the dynamic interaction between tumor cells and the TME could induce a chronic inflammation milieu that drives cancer development and progression (58, 59). The accumulation of Treg cells in tumors could inhibit anti-tumor immune responses. Our results showed that CD146 may be an important inducer of canonical features of T cell exhaustion. We observed that CD146 is positively correlated with key genes of exhausted T cells, including PD-1, LAG-3, TIM3, and GZMB. These genes are important immune checkpoint and immunotherapy targets in cancer therapy. Therefore, CD146 plays critical but different roles on the regulation of the TME, which is needed for identification at specific stages.

Dysregulation of DNA methylation of the epigenome will affect tumor immunogenicity and immune cells in the TME (60). Our study revealed that high methylation status of CD146 was often more frequently in high-grade and late-stage ccRCC, which may suggest that the pattern of methylation changes of CD146 promotes ccRCC progression. A previous study reported that aberrant methylation of the CD146 gene could potently induce the process of epithelial mesenchymal transition in cancer cells, thus contributing to tumor progression (56). To unravel the mechanism of CD146 methylation in promoting ccRCC progression, we analyzed the relationship between the methylation status of CD146 and immune infiltration. Our data showed that the methylation status of CD146 is negatively correlated with immune cells and immunostimulatory factors, while positively correlated with the immunoinhibitors. The methylation of CD146 may contribute to an immunosuppressive TME and promote tumor progression in ccRCC, which help to explain the high methylation status in late-stage and high-grade ccRCC tumors. The methylation of CD146 may be used as indicators of cancer immune infiltration and potential predictors of ccRCC patient response to immunotherapeutic drugs. In addition, we also found that CD146 methylation at certain CpG sites was correlated with poor prognosis in ccRCC patients, indicating that methylation levels of CD146 act as an effective prognostic biomarker for ccRCC.

Based on clinical and pathophysiological data, CD146 is a promising therapeutic target in ccRCC. The results of drug sensitivity analysis demonstrated that high CD146 expression in renal cancer cell lines was significantly correlated with a better response to brivanib, an inhibitor of VEGFR1/2. Previous studies showed that CD146, as a coreceptor of VEGFR2, participates in the angiogenesis of cancer via VEGF-induced VEGFR-2 phosphorylation (61, 62). Anti-CD146 and anti-VEGF therapy have a cumulative inhibitory effect on tumor angiogenesis, which may be new therapeutic models in ccRCC treatment. Besides, high CD146 expression was significantly correlated with a better response to inhibitors of topoisomerase, such as topotecan and SN-38. We speculate the expression of CD146 in ccRCC may be a new marker for increased sensitivity to topoisomerase inhibitors, which needs further validation. Importantly, we demonstrated a significant correlation of CD146 and drug resistance. For example, CD146 was significantly correlated with the resistance of GSK1059615. GSK1059615, an inhibitor of PI3K kinase activity, inhibited cancer cell growth, survival, proliferation, and cell cycle progression (63). The reason of the ineffectiveness of GSK1059615 in CD146 high expressing renal cancer cells may be that CD146 mediates mTORC2 activation, with no intervention of the PI3K and mTORC1 pathways, and promotes cell proliferation and survival (64). These results showed that CD146 may be a new therapeutic target for treating ccRCC patients.

In conclusion, this mining study revealed that CD146 is a prognosis-related biomarker for ccRCC. CD146 expression and methylation status of CD146 not only correlates with immune cell infiltration, but also correlates with immunomodulators and chemokines. Our study has certain limitations as follows: Firstly, gene expression analysis in our study, based on open-source databases, might not be sufficiently accurate. This calls for further experiments using in vitro and vivo models to explore the potential biological mechanisms of CD146 as well as tumor-immune interactions in ccRCC. Secondly, the role of CD146 in determining the clinical outcome to immunotherapy is still in need of further investigation. Thirdly, the scenario of methylation changes in the CD146 gene during development of ccRCC progression needs further study, as we cannot exclude the fact that CD146 acts as a tumor suppressor at the initial stage of carcinogenesis, as suggested by the study of Shih and others (65), and turns into an oncogene in the advanced stage. Therefore, our study highlights the novel immunomodulation function of CD146 in ccRCC.
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Clear cell renal cell carcinoma (ccRCC), which is the most prevalent renal cell carcinoma subtype, has a poor prognosis. Emerging strategies for enhancing the immune response in ccRCC therapy are currently being investigated. Fibrinogen-like Protein 1(FGL1) is a novel mechanism that tumors may use to evade the immune system by binding LAG-3 and negatively regulating T cells. In this study, we aimed at investigating the underlying mechanism of FGL1 in ccRCC, and its expression and prognostic value. We found that FGL1 was upregulated in tumor tissues and plasma specimens of ccRCC patients. High FGL1 expression predicted a poor prognosis for ccRCC patients. We also discovered that overexpression of FGL1 enhances RCC cell migration, invasion, and metastasis by activating the epithelial-to-mesenchymal transition (EMT). Consistent with these results, we identified a significant positive correlation between expression of FGL1 and EMT-related genes through tissue microarray analysis. Gene-expression analysis revealed that FGL1-deficient ccRCC cell lines had altered transcriptional output in inflammatory response, cell-cell signaling, negative regulation of T cell activation, and intracellular signal transduction. Depletion of FGL1 significantly inhibited tumor growth and lung metastasis in orthotopic xenograft mouse model. Infiltration of myeloid-derived CD11b+ and Ly6G+ immune cells in tumor microenvironment (TME) was strikingly decreased when FGL1 expression reduced. Therefore, increased FGL1 expression in ccRCC is positively correlated with poor prognosis. Mechanistically, FGL1 facilitates the EMT process and modulates TME, which promotes ccRCC progression and metastasis. Consequently, targeting FGL1 can potentially improve clinical outcome of ccRCC patients.
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Introduction

Renal cell carcinoma (RCC) is the sixth most common type of neoplasm in men and the tenth in women worldwide (1). Clear cell renal cell carcinoma (ccRCC) is the dominant histological subtype of RCC, accounting for 70~80% of the cases (2). Approximately 30% of ccRCC patients have metastasis at the time of diagnosis, implying that the capacity of ccRCC to metastasize is high (3). Metastatic RCC (mRCC) has a poor prognosis, with a 5-year survival rate of only 5~10% after diagnosis (4). Besides, conventional chemotherapy and radiotherapy are often ineffective against mRCC (5). In the last decade, the availability of targeted therapies, such as tyrosine kinases inhibitors and mTOR inhibitors has improved the prognosis of mRCC patients (6, 7). However, the initial response rates of targeted therapies in ccRCC is only 10%~30%, and nearly all patients treated with targeted agents eventually experience tumor progression due to acquired resistance (8–10).

Improved understanding of tumor microenvironment has led to the development of immunotherapy in RCC (11). The clinical success of immune checkpoint inhibitors (ICIs) that target programmed death 1 (PD-1)/programmed death ligand 1 (PD-L1) and cytotoxic T-lymphocyte associated protein 4 (CTLA-4) have revolutionized the treatment of ccRCC patients. Immunotherapy-based combinations have become standard of care in patients with advanced RCC, and have shown efficacy and overall survival benefits in the first-line metastatic setting (12, 13). Besides targeting PD-1/PD-L1 pathway, many other molecular mechanisms can help repress immunity in the tumor microenvironment (TME). Wang et al. (14), recently discovered that FGL1, a major LAG3 ligand, is responsible for the inhibitory function of T cells in TME. Therefore, we speculate that FGL1 is also essential in ccRCC.

Epithelial mesenchymal-transition (EMT), the process whereby epithelial cells transform into mesenchymal cells, has been considered to be a key mechanism in tumor invasion and metastasis (15). Cancer cells acquire motile features during EMT when mesenchymal markers such as vimentin, fibronectin, and N-cadherin are upregulated and epithelial markers like E-cadherin are downregulated (16, 17). A recent study showed that FGL1 promotes the progression of gastric cancer by facilitating the EMT process (18), whereas another study had suggested that loss of FGL1 could induce EMT in lung cancer (19). These conflicting results seem to mirror a double-sided role for FGL1 in regulating EMT during cancer progression. However, the specific role and mechanism of FGL1 in the process of EMT remain to be elucidated.

Fibrinogen-like Protein 1 (FGL1), also known as hepatocyte-derived fibrinogen-related protein, is structurally similar to angiopoietin-like proteins. It is mainly secreted by the liver and acts as an autocrine growth factor during liver regeneration by activating the EGFR/ERK cascade (20). It has been discovered that overexpression of FGL1 in gastric cancer is correlated with tumor progression and poor prognosis (18). In addition, the upregulation of FGL1 confers Gefitinib resistance by inhibiting apoptosis in non-small cell lung cancer (21). However, to the best of our knowledge, the expression, biological function, prognostic significance, and molecular mechanism of FGL1 in ccRCC is unclear. In addition, the role of FGL1 in modulating the TME is still largely undefined.

In this study, we determined that FGL1 expression was upregulated in ccRCC resulting in significant correlation with a poor prognosis for ccRCC patients. Besides, FGL1 promoted the migration, invasion, and metastasis of ccRCC cells by facilitating the EMT process. Finally, we revealed that FGL1 stimulated tumor growth in vivo by increasing myeloid-derived CD11b+ and Ly6G+ immune cell infiltration in TME. Collectively, these findings provided insights into the functions of FGL1 in tumor progression, suggesting that targeting FGL1 can be a potential therapeutic strategy for ccRCC.



Materials and Methods


Patients and Clinical Materials

Tumor specimens were collected from 211 ccRCC patients who underwent surgery at the Urology Department of the Chinese People’s Liberation Army (PLA) General Hospital (Beijing, China) from January 2012 to December 2019. Clinic-pathologic data of ccRCC patients were reported in Supplementary Table 1. Cancer tissue samples were pathologically confirmed as ccRCC according to the 2011 Union for International Cancer Control TNM classification of malignant tumors. Forty-three preoperative blood samples of ccRCC patients and 26 blood samples from healthy donors were collected between January and March 2021. The patients signed for consent after being informed about the use of their clinical specimens for scientific research. This study was approved by the ethics committee of the Chinese People’s Liberation Army (PLA) General Hospital.



Plasmid Constructs

Oligonucleotides targeting human and mouse FGL1 were designed using short hairpin RNA (shRNA) sequences, and synthesized by BGI (Shenzhen, China). Double stranded oligonucleotides targeting FGL1 (shFGL1) and NC shRNA (shNC) were cloned into Plko.1, after annealing. The 1 puro lentiviral vector was digested with EcoRI and BstHI. The sequences of primers used for the shNC, FGL1-sh1, and FGL1-sh2 are listed in Supplementary Table 2.



Cell Culture, Transfection and Infection

Fetal bovine serum (FBS) was purchased from EVERY GREEN (Hangzhou, China). Different types of media including high glucose-DMEM, MEM, RPMI-1640, and McCoy’s 5A were purchased from VIVICUM bioscience (Beijing, China). Similarly, various cell lines including the human embryonic kidney derived cell line HEK293T, human renal tubular epithelial cell line HKC, human ccRCC cell lines SN12, A498, 786O, ACHN, OS-RC-2, Caki-1, and Caki-2 were originally purchased from American Type Culture Collection. All the cells were cultured in medium containing 10% FBS and 1% penicillin/streptomycin in 5% CO2 at 37°C. Cell lines HEK293T and SN12 were cultured in high glucose-DMEM medium, A498 and ACHN in MEM medium, 786O and OS-RC-2 in RPMI-1640 medium, and Caki-1 and Caki-2 in McCoy’s 5A medium, respectively.

Transient co-transfection of packing DNA yielded lentivirus in HEK293T cells. Cells were transfected with 6 μg vector plasmids along with 4.5μg psPAX2 and 1.5 μg pMD2-VSVG using the standard calcium chloride transfection method. The calcium transfection kit was purchased from Macgene Biotech (Beijing, China). Viral supernatant containing released viruses was collected at 48h and 72h after transfection, and filtered through a 0.45 μm filter. Target cells were infected at a multiplicity of infection (MOI) of 5 in the presence of 8 μg/mL polybrene for 24h. The infected cells were then selected with 2 μg/mL puromycin (Sigma, USA) for three days. A plasmid overexpressing human FGL1 was purchased from SinoBiological (Beijing, China). Overexpression of FGL1 in SN12 and A498 cells was carried out by transient transfection using Lipofectamine2000.



MTS Assay

The cells were seeded into 96-well plates (1000 cells/well) and cultured for 12h, 24h, 48h, and 72h. The viability of the cells was assessed using a CellTiter-Blue® (CTB) cell viability assay (CTB169, Promega, Beijing, China). At varying points in time, 20 μl of [3‐(4,5‐dimethylthiazol‐2‐yl) ‐5‐ (3-carboxymethoxyphenyl)-2‐(4-sulfophenyl)-2H-tetrazolium (MTS) reagent was added to each well, and incubated for 2 h at 37°C. The absorbance was measured at a wavelength of 490 nm to detect the OD values. All experiments were performed in triplicate.



Cell Migration and Invasion Assay

Cell migration and invasion were gauged using transwell migration assay, wound healing assay, and Matrigel invasion assay. For transwell migration assay and Matrigel invasion assay, 5×104 cells suspended in 200 μl of medium without FBS were seeded on the upper chamber (8 μm pore size, 3422, Costar) with Matrigel-uncoated or coated membrane (356224, BD Biosciences). The lower chamber was filled with 500 μl medium containing 20% FBS. Cells were fixed with 4% paraformaldehyde after 16h of incubation at 37°C in 5% CO2. The non-migrated cells on the top surface of the membrane were gently removed with a cotton swab, whereas the migrated cells were stained using 0.5% crystal violet (C8470, Solarbio, China), photographed, and counted under a light microscope (200x magnification).

In wound healing assay, cells were seeded in the six-well plate and cultured for 24h at 37°C in 5% CO2. A scratch was made using a 200 μl pipette tip when the cells were grown to 90% confluence. The cells were washed with PBS for three times and then incubated in FBS-free medium at 37°C in 5% CO2. The gaps between the wound edges were monitored and photographed using an IX2-UCB phase contrast microscope (Olympus, Tokyo, Japan) at 0 and 48 h (200x magnification).



Western Blot Analysis

Western blot assays were performed using standard techniques as previously reported (22). The information of antibodies was listed in Supplementary Table 3. The results of FGL1 protein expression were quantified by the relative gray value, which was calculated as “the gray value of FGL1 protein bands/the gray value of internal control β-tubulin bands”.



ELISA Analysis

The concentration of FGL1 in the plasma of ccRCC patients and healthy controls was measured using commercially available sandwich ELISA kits (Wuhan Colorful Gene Biological Technology, China).



Immunohistochemistry (IHC) Staining

Tissue microarray for FGL1 IHC staining was obtained from the tissue bank at Urology Department of the Chinese PLA General Hospital, Beijing, China. The standard protocols were followed as previously described (23). Slides were scanned using Axio Image Z2 Microscope (Zeiss) and TissueFAXS imaging system (TissueGnostics GmbH, Austria). All images were analyzed by TissueQuest and StrataQuest software (TissueGnostics GmbH, Austria). As previously described (24), staining intensity was scored as follows: 0 (negative), 1 (weak), 2 (moderate), and 3 (strong), whereas the staining range was scored as: 0 (0%), 1 (1%–24%), 2 (25%–49%), and 3 (50%–100%). The IHC staining score was obtained by multiplying the intensity scores with staining range. The IHC staining score ranged from 0 to 9. Scores less than two were considered as negative staining, 2–3 indicated weak staining, 4–6 was moderate staining, and >6 was strong staining. Patients with an IHC staining score ≥4 were included in the high expression group, whereas those with an IHC staining score <4 were included in the low expression group.



Immunofluorescence Staining

Cells from different groups were washed three times with PBS, fixed with 4% paraformaldehyde for 15 min, permeabilized with 0.5% Triton X-100, and then blocked with 5% goat serum for 30 min. Cells were stained with primary antibodies at 37°C for 1h and were incubated with AlexaFluor488 and AlexaFluor594-conjugated secondary antibodies (1:400). Nuclei were counterstained by 0.2 mg/mL DAPI. Samples were imaged with an Axio Image Z2 fluorescence microscope (Zeiss) and analyzed by TissueQuest and StrataQuest software.



RNA‐Sequence (Seq) Analysis

Total RNA was extracted from cells using TRIzol reagent (Invitrogen). Later, all the samples were sent to BGI Corporation (Shenzhen, China) for further RNA-seq detection and analysis using the MGISEQ-2000 sequencer. The Dr. Tom network platform developed by Beijing Genomic Institute (BGI; http://report.bgi.com) was used to perform the protein–protein interaction (PPI) analysis after defining the differentially expressed genes (DEGs), gene ontology (GO) enrichment analysis, and Kyoto Encyclopedia of Genes and Genomes (KEGG) pathway analysis. The ‘phyper’ function of R software was used for the enrichment analysis, to calculate the P-value and perform FDR correction on the P-value. Q-value ≤ 0.05 was regarded as significant enrichment.



Quantitative Real-Time PCR (qRT-PCR)

Quantitative real-time PCR was performed on selected genes to verify differential gene expression that was observed through RNA‐seq analysis. Total RNA was extracted with Trizol reagent (Invitrogen). Complementary DNA was synthesized using ProtoScript® II First-Strand cDNA Synthesis Kit (E6300S, NEB, USA). Afterwards, quantitative PCR was performed with NovoStart® SYBR Green Super Mix Plus (E096-01A, novoprotein, China). Relative mRNA expressions were normalized to peptidylprolyl isomerase A (PPIA) with the 2−ΔΔCT method. The used primer sequences were listed in Supplementary Table 4. The process was implemented using ABI prism 7500 (Applied Biosystems, USA).



Orthotopic Xenograft Mouse Model In Vivo

The mouse orthotopic xenograft tumor model was prepared using 4~6-week-old BALB/c male nude mice (Vital River Laboratory Animal Technology Co., Beijing, China). For the orthotopic xenograft tumor model, Luc-SN12 shNC or Luc-SN12 shFGL1 cells (1×106) suspended in 100 μl of sterilized PBS + Matrigel (1:1) were injected orthotopically into the subcapsular space of right kidney of nude mice. Surgical procedures were performed under anesthesia by administering an intraperitoneal injection of pentobarbital sodium (80 mg/kg). The mice were maintained at the animal facility of the Cyagen Laboratory, where they were caged and handled under ethical conditions, according to the rules outlined by the International Animal Welfare Recommendations and in accordance with the local institutional animal welfare guidelines. At the end of experiments, the primary and metastatic tumors were harvested, measured, photographed, and fixed for further histopathological analyses.



Statistical Analyses

Statistical analyses were performed using the GraphPad Prism software version 8.0 (GraphPad software, USA). Normally distributed data were expressed as mean ± standard deviation. Comparisons between two groups were done using unpaired Student’s t-test or Mann–Whitney U test. One-way ANOVA test was used to compare three or more groups. Categorical data was analyzed by the chi-squared test or Fisher’s exact test. Correlations of gene expression were determined with the Pearson’s coefficient test. Kaplan–Meier plots and log-rank tests were used for the overall survival analysis and progression free survival analysis. The univariate and multivariate analyses were executed using the Cox proportional hazards model.




Results


FGL1 Is Significantly Upregulated in ccRCC

Western blotting and IHC were used to examine the expression of FGL1 protein in specimens of ccRCC tumor and adjacent normal tissues. The results showed that FGL1 was significantly higher in cancer tissues than in the adjacent normal tissues (Figure 1A). Staining of FGL1 was mainly localized in the extracellular and cytoplasm of ccRCC cells, with varying intensities in different specimens (Figures 1B–E). Furthermore, higher FGL1 levels were found to be significantly associated with a strong presence of metastasis (Figures 1C–E). In the non-metastatic group, absent/weak immunostaining was observed in 59.7% (108/181) of the tumors, while moderate and strong staining was noted in 40.3% (73/181) of the tumors. By comparison to the non-metastatic group, absent/weak immunostaining was observed in 6.7% (2/30) of the tumors, while moderate and strong staining was noticed in 93.3% (28/30) of the tumors in the metastatic group. This suggested that upregulation of FGL1 may have contributed to the progression of ccRCC by promoting tumor metastasis. In addition, plasma concentration of FGL1 was higher in patients with ccRCC than healthy donors (Figure 1F). Patients with high T stage (i.e., T3 and T4) had higher plasma FGL1 concentration than those with low T stage (i.e., T1 and T2; Figure 1G). These results indicated that FGL1 was significantly upregulated in patients with ccRCC.




Figure 1 | FGL1 is significantly upregulated in ccRCC. (A, B) FGL1 protein expression in 20 pairs of ccRCC cancer (T) and adjacent normal tissues (N) by western blot analysis (A). The intensity of bands was quantified using ImageJ software and normalized to β-tubulin (B). The difference between the groups was compared by the student t-test. ***p < 0.001. (C, D) Immunohistochemistry (IHC) staining for FGL1 in ccRCC tissues and adjacent normal tissues. FGL1 staining intensity defined into three groups as absent/weak (Blue), moderate (Green), and strong (Red) in clinical ccRCC samples and adjacent normal tissues by IHC (C). Scale bar, 100 μm. Pie chart shows the composition of different staining intensity of FGL1 between metastatic group (n=181) and non-metastatic group (n=30) (D). The difference between the groups was compared by Pearson Chi-square test. (E) Distinguished FGL1 protein expression by IHC between representative primary metastatic ccRCC samples (n=2) and nonmetastatic ccRCC samples (n=2). Scale bar, 100 μm. (F) Plasma concentrations of FGL1 were measured by ELISA in a cohort of 43 ccRCC patients and 26 healthy donors. The difference between the groups was compared by the student t-test. **p < 0.01, *p < 0.05. (G), Plasma concentrations of FGL1 were measured by ELISA in ccRCC patients of T1+T2 stage (20 cases) vs T3+T4 stage (23 cases). The difference between the groups was compared by the student t-test. *p < 0.05.





High FGL1 Expression Is Associated With Poor Prognosis in ccRCC Patients

The correlation between FGL1 expression and the clinicopathologic features of ccRCC patients was shown in Table 1. There was significant correlation between FGL1 and age (P<0.001), body mass index (P<0.001), T stage (P<0.001), N stage (P<0.001), M stage (P<0.001), AJCC stage (P<0.001), and Fuhrman grade (P<0.001). Immunohistochemistry score of FGL1 was significantly higher in samples from patients with a high T-stage (T3+T4), high Fuhrman grade (G3+G4), N1 stage, M1 stage, and high AJCC stage (III+IV) than in those with a low T-stage (T1+T2), low Fuhrman grade (G3+G4), N0 stage, M0 stage, and low AJCC stage (I+II) (Figures 2A–E). The Kaplan–Meier survival analysis indicated that patients with high FGL1 expression had a shorter overall survival and progression-free survival than patients with low FGL1 expression (Figure 2F, G). Univariate and multivariate Cox regression analyses indicated that FGL1 expression was an independent prognostic factor for OS (HR = 10.703, P = 0.000) and PFS (HR = 21.954, P = 0.000) in patients with ccRCC (Table 2). Therefore, increased FGL1 expression was associated with poor prognosis and might be a novel progression marker for ccRCC.


Table 1 | Relationship between FGL1 expression and clinicopathological features in patients with ccRCC [n (%)].






Figure 2 | High FGL1 expression is associated with poor prognosis in ccRCC patients. (A–E) significantly higher IHC score of FGL1 in patients with high Fuhrman grade (G3 and G4) (n=55) (A) advanced T stage (T3 and T4) (n=32) (B) positive lymphatic metastasis (N1) (n=13) (C) metastasis (M1) (n=20) (D) and advanced AJCC stage (III and IV) (n=49) (E). The difference between the groups was compared by the nonparametric test of Mann–Whitney U test. ****p < 0.0001. (F, G) Kaplan-Meier curves with log rank test of overall survival (F) and progression-free survival (G). High FGL1 expression group (n=54) (red line); low FGL1 expression group (n=157) (blue line).




Table 2 | Univariate and multivariable Cox regression models analyzing clinical variables affecting OS and PFS.





FGL1 Promote the Migration and Invasion of ccRCC Cells In Vitro

In this part, we set out to study the effect of FGL1 on the biological function of ccRCC cells. Firstly, FGL1 was expressed in human normal renal tubular epithelial cell line HK‐2, human embryonic kidney derived cell line HEK293T, and seven ccRCC cell lines (ACHN,786‐O, Caki‐1, Caki‐2, A498, SN12, and OSRC2) at varying degrees, among which A498, SN12, and Caki‐2 cells exhibited the highest FGL1 expression (Figure 3A). Then, we validated the knockdown or overexpression effect of FGL1 on ccRCC cell lines (SN12 and A498) by Western blot when transfected with FGL1 shRNA construct or FGL1 overexpression plasmid (Figure 3B, C). The MTS assay was introduced to observe the effect of FGL1 on the proliferation of SN12 and A498 cells. The results showed that neither knocking down nor overexpressing FGL1 had significant effect on the proliferation of A498 and SN12 cells at different time points (Figure 3D). To investigate the effect of FGL1 on the migration and invasion ability of ccRCC cells, we performed Transwell assay with or without a Matrigel coating. The results showed that when FGL1 was knocked down, the migration rate of A498 and SN12 cells was significantly slower than shNC cells (Figures 3E, F). On the other hand, overexpressing FGL1 resulted in a faster rate of migration of A498 and SN12 cells than in shNC cells (Figures 3G, H). In the wound healing assay, knocking down FGL1 caused a slower migration of A498 and SN12 cells into the scratched wound than shNC cells (Figure 3F), whereas overexpressing FGL1 lead to a faster migration of A498 and SN12 cells migrated into the scratched than of shNC cells (Figure 3G). Therefore, FGL1 did not affect ccRCC cell growth/proliferation, but promoted cell migration and cell invasion in vitro.




Figure 3 | FGL1 promote the migration and invasion of ccRCC cells in vitro. (A) FGL1 expression was determined by western blot analysis in RCC cell lines (ACHN, 786O, Caki-1, Caki-2, A498, SN12 and OS-RC-2) and normal renal cell lines (HEK293T, HKC) (left). The intensity of bands was quantified using ImageJ software and normalized to β-tubulin (right). *p < 0.05 compared to the HKC cell line. (B, C) FGL1 knockdown or overexpression effect was confirmed by Western blot analysis in A498 (B) and SN12 cells (C). (D) MTS assay to detect the effect of FGL1 knockdown or overexpression on cell proliferation of A498 and SN12 cells at 24h, 48h, and 72h. NS denotes no significant difference between groups. (E, F) the effect of FGL1 knockdown or overexpression on migration (E) and invasion (F) ability of A498 and SN12 cells were examined by Transwell assay. Scale bar, 100 μm. Representative images were taken at 16h after cell migration and invasion. The mean migration or invasion cell numbers of the groups were compared using the student t test. *p < 0.05, **p < 0.01, ****p < 0.0001. (G, H) the effect of FGL1 knockdown (G) or overexpression (H) on migration ability of A498 and SN12 cells were examined by wound healing assay. Scale bar, 100 μm. Wound-healing process measured at 24 hours. The mean wound width of the groups was compared using the student t test. ****p < 0.0001.





FGL1 Is Required for EMT Process in ccRCC

Epithelial mesenchymal-transition (EMT) is a key process for tumor migration, invasion, and metastasis. However, the effects of FGL1 on EMT in ccRCC cells remain unclear. In this study, we observed that after FGL1 knockdown the cells showed a cuboidal cobblestone epithelial shape with tight cell-to-cell adherence, whereas the cells with overexpressed FGL1 had a slender and fibroblast-like shape (Figure 4A). These observations suggested that FGL1 participates in the EMT process in ccRCC. As expected, after FGL1 knockdown in A498 and SN12 cells, expression of E-cadherin was upregulated, while it was downregulated in N-cadherin. Moreover, opposite results were observed after overexpression of FGL1 in A498, SN12 cells (Figure 4B and Supplementary Figure S1). These observations were further validated by immunofluorescence staining (Figure 4C and Supplementary Figure S2). The features of EMT are regulated by EMT-inducing transcription factors such as Twist and Snail. Our results showed that Twist protein was significantly decreased after FGL1 knockdown in A498 and SN12 cells, and overexpression of FGL1 yielded opposite results. Collectively, these results suggested that FGL1 could promote EMT in ccRCC cells.




Figure 4 | FGL1 is required for EMT process in ccRCC. (A) cell morphology of A498 and SN12 cells was observed under bright-field microscopy after FGL1 knockdown or overexpression. (B) Western blot analyzed the expression of E-cadherin, N-cadherin, Vimentin, Twist and Snail with FGL1 knockdown or overexpression in A498 cells. (C) Immunofluorescence staining of E-cadherin, N-cadherin, Vimentin after FGL1 knockdown or overexpression in A498 cells, with DAPI nuclear staining in blue, FGL1 in green and EMT markers (E-cadherin, N-cadherin, Vimentin) in red. (D–F) the correlation between FGL1 and E-cadherin (D) N-cadherin (E) and vimentin (F) expression is represented in a scatter plot. Statistical significance was tested by the Pearson correlation test. In the scatter plot, the symbol r represents the Pearson’s correlation coefficient. IOD, integral optical density. (G) Representative images of IHC staining for E-cad, N-cad and Vimentin expression in low- and high-FGL1 tumors. Scale bar, 100μm.



To further investigate whether FGL1 could promote EMT in ccRCC, we used IHC to analyze the correlation between FGL1 and EMT markers including E-cadherin, N-cadherin, and Vimentin in ccRCC tissues and paired normal tissues. The results showed that the expression of Vimentin and N-cadherin were significantly higher in ccRCC cancer tissues than in paired normal tissues, whereas the expression of E-cadherin in ccRCC cancer tissues was significantly lower than in paired normal tissues (Supplementary Figure S3). Pearson correlation analysis showed that the expression of FGL1 in ccRCC cancer tissues was significantly negatively correlated with E-cadherin expression, whereas significantly positively correlated with N-cadherin expression. No correlation was found between FGL1 and Vimentin expression in ccRCC tissues (Figures 4D–G). Altogether, these findings implicate FGL1 with promoting invasion and metastasis by enhancing the EMT process in ccRCC.



Loss of FGL1 Induces Production of Pro-Inflammatory Cytokines/Chemokines in ccRCC Cells

To determine the transcriptional output regulation after knocking down FGL1 in ccRCC cells, we performed RNA-seq detection in A498 shNC, A498 FGL1-sh1, and A498 FGL1-sh2 cells. Firstly, volcano plots showed that a total of total 119 DEGs including 44 upregulated and 75 downregulated expressed genes were detected in shNC vs FGL1-sh1 group (Figure 5A), while a total 97 DEGs including 46 upregulated and 51 downregulated expressed genes were detected in shNC vs FGL1-sh2 group (Supplementary Figure S4). Then, Venn diagram showed that 56 genes were shared between shNC vs FGL1-sh1 group and shNC vs FGL1-sh2 group (Supplementary Figure S5). We assessed key regulatory pathways using gene-set enrichment analysis (GSEA) and discovered that chemokine activity and chemokine receptor are regulatory targets of FGL1 (Figures 5B, C). Moreover, KEGG pathway analysis revealed that the major pathways involved in DEGs were ‘Cytokine-cytokine receptor interaction pathway’, ‘renin secretion’, and ‘vascular smooth muscle contraction’ (Figure 5D). The PPI network showed that IL-6 was the most prominent hub with nineteen related proteins, and that CXCL8, CXCL2, and CCL5 were secondary hubs. The majority of these hub genes were found to be involved in the cytokine-cytokine receptor interaction pathway (Supplementary Figure S6). Expression of the hub genes that were identified on the RNA-seq was confirmed by qPCR. We found higher levels mRNA for IL-6, CXCL2, CXCL8, and CCL5 in FGL1 knockdown cells than in shNC cells, which was consistent with RNA-seq data (Figure 5E).




Figure 5 | Loss of FGL1 induces production of pro-inflammatory cytokines/chemokines in ccRCC cells. (A) Volcano plots were constructed using fold-change values and p-values between shNC and FGL1-sh1 group (log2 FC≥1, FDR< 0.001) by the Dr. Tom network platform. Red represents differentially expressed genes (DEGs) up regulated, blue represents DEG down regulated, and gray represents non-DEG. (B, C) GSEA enrichment plot for chemokine activity gene set (B) and chemokine receptor binding gene set (C) by the Dr. Tom network platform. (Normalized Enrichment Score (NES) > 1, Nominal p-value < 0.05, FDR q-value < 0.25). (D) DEGs were analyzed by GO biological process enrichment analysis and showed by histogram chart. The major pathways involved in DEGs were ‘Cytokine-cytokine receptor interaction pathway’, ‘renin secretion’, and ‘vascular smooth muscle contraction’ were showed in red font. (E) qRT-PCR validation of the DEGs involved in the cytokine-cytokine receptor interaction pathway. The DEGs, including IL-6, CXCL2, CXCL8, and CCL5, were significantly upregulated in FGL1 knockdown cells and shown in red font. (F) Bubble chart for significantly enriched pathway terms using the phyper function in R software to perform the KEGG enrichment analysis. X-axis is the enrichment ratio (Rich Ratio = Term Candidate Gene Num/Term Gene Num), Y-axis is KEGG Pathway.



The DEGs were annotated by GO biological function analysis, cellular component analysis, and biological process analysis. The five most enriched GO terms of the DEGs for the biological process were ‘inflammatory response’, ‘positive regulation of urine volume’, ‘cell-cell signaling’, ‘negative regulation of T cell activation’, and ‘intracellular signal transduction’ (Figure 5F). The four most enriched GO terms of the DEGs for cellular component were ‘extracellular space’, ‘basal part of cell’, ‘integral component of plasma membrane’, and ‘extracellular region’ (Supplementary Figure S7). The most enriched GO terms of the DEGs for molecular function was ‘cytokine activity’ (Supplementary Figure S8).



FGL1 Silencing Suppressed Tumorigenicity and Metastasis in Orthotopic Xenograft Tumor Model

Since FGL1 promotes the migration and invasion of ccRCC cells in vitro, we hypothesized that knocking down FGL1 expression will suppress progression and metastasis in vivo. We orthotopically injected shFGL1/Luc or shNC/Luc SN12 cells into subcapsular space of nude mice. Four weeks after injection, the bioluminescent signals in the kidneys were significantly higher in the shNC group than in the shFGL1 group (Figures 6A, C). In these two groups, all the mice were sacrificed at the end of the fourth week, and the primary tumors are shown in Figure 6B. ​The shFGL1 group had lighter and smaller tumors than the control group (Figures 6D, E). Our data confirmed that knocking down FGL1 inhibits tumor growth in vivo. Gross lung specimens were collected and used to elucidate whether knocking down FGL1 affects metastasis in vivo (Supplementary Figure S9). We found that mice in the shFGL1 group developed fewer lung metastatic foci than those in the shNC group (Figures 6E, F). The average tumor size of metastatic nodules in the shFGL1 group was smaller than in the shNC group (Figure 6G). Furthermore, we discovered that the shNC group had more CD146 positive microvessels and a higher positivity rate of CD11b+ and Ly-6G+ cells in tumor tissues than in the shFGL1 group (Figure 6H and Supplementary Figure S10). Therefore, our findings demonstrated that FGL1 knockdown repressed the tumorigenicity and metastasis properties of ccRCC cells in vivo.




Figure 6 | FGL1 silencing suppressed tumorigenicity and metastasis in orthotopic xenograft tumor model. (A) Representative bioluminescent images of kidney tumors in shNC (Upper) (n=4) and shFGL1 experimental groups (Lower) (n=4) (four week after cell implantation). CPS, unit of signal intensity in counts per second. (B) Gross appearance of kidney tumors in shNC group (n=4), shFGL1 group (n=4) and contralateral normal kidney (n=4). (C) Measurement of bioluminescent signals of shNC (n=4) and shFGL1 group (n=4) on day 30. ***P<0.001. (D) the histogram shows the weight of tumors in shNC group (n=4) and shFGL1 group (n=4), ***p < 0.001. (E) Representative images of hematoxylin-eosin (HE) staining and ki-67 staining of lung metastatic foci in shNC group (n=4) and shFGL1 group (n=4). Scale bar of HE staining, 100 μm. Scale bar of ki-67 staining, 20 μm. (F, G) the number (F) and size (G) of lung metastatic foci was were decreased in shFGL1 group compared to shNC groups. **P<0.01, ***P<0.001. (H) Representative images of ki-67 (proliferation marker), CD146 (endothelial cell marker), CD11b (myeloid cell marker) and Ly-6G (neutrophil marker) in tumor tissues from shNC group and shFGL1 group. Scale bar, 20 μm. and scale bar in zoom, 5 μm.






Discussion

Invasion and metastasis, two of the most significant hallmarks of malignant tumors, are major obstacles to the treatment of malignant tumors, and have effects on the prognosis of patients (25). Although surgical resection can cure certain cancers when diagnosed at early stages, metastatic cancer is largely incurable and results in high mortality rate (26). This is likely because the precise mechanisms of metastatic changes during cancer progression are still largely unknown.

Fibrinogen-like protein 1(FGL1), originally named as human hepassocin (HPS), is a liver-secreted protein that plays a critical role in liver regeneration by activating the MAPK pathway to repair damaged hepatocytes (27, 28). Further experiments indicated that FGL1 regulates metabolism by increasing hepatic lipid accumulation and inducing insulin resistance (29). Recent evidence boosted the research of FGL1 in cancer biology by illustrating a new function of FGL1 in immune suppression where it acts as a major inhibitory ligand of LAG-3 and inhibits antigen-specific T cell activation (14). Recent research suggested that FGL1 is upregulated in gastric cancer tissues, while some studies revealed that it is downregulated and possibly acts as a tumor suppressor in hepatocellular carcinoma (18, 30). Accordingly, depending on the cell type and origin of the cancer, FGL1 can be upregulated or downregulated acting as an oncogene or tumor suppressor, thus indicating the complexity and diversity of roles played by FGL1 in different cancers. Currently, the expression and function of FGL1 in ccRCC is poorly understood. Herein, we reported for the first time that FGL1 is upregulated in both cancer tissues and plasma of ccRCC patients. High expression of FGL1 in cancer tissues is closely associated with distal metastasis and fatal outcome in ccRCC patients. Univariate and multivariable Cox proportional hazard regression analyses further showed that, high FGL1 expression in cancer tissues is an independent risk factor for ccRCC patients with poor prognosis, indicating that FGL1 may be an oncogene of ccRCC. Consequently, FGL1 may be used as a new prognostic marker for ccRCC.

Epithelial mesenchymal-transition (EMT) is now widely recognized as an indispensable step in tumor invasion and metastasis (31), and E−cadherin, N−cadherin, and Vimentin are generally accepted as important molecular markers of EMT (32). The loss of E-cadherin, an important feature of EMT, has been linked to invasive and undifferentiated phenotype in malignant tumors (17). Markers such as N-cadherin and vimentin were upregulated during EMT to induce mesenchymal phenotypes and motile behavior (16). Our data showed that overexpression of FGL1 decreased the expression of E-cadherin while increasing the expression of N-cadherin, causing ccRCC cells to evolve into a highly invasive and mesenchymal phenotype. Furthermore, overexpression or knocking down of FGL1 increased or decreased the levels of Twist proteins, respectively. Previous study had indicated that upregulation of Twist proteins resulted in a significant decrease in the expression of E-cadherin and a prominent increase in the expression of N-cadherin, thus promoting the migration and invasion abilities in cancer cells (33). In light of our findings, FGL1 might upregulate Twist to maintain the mesenchymal phenotype and promote the migration and invasion behavior of ccRCC cells. Besides, we also observed a significant association between FGL1 expression and EMT biomarkers in clinical specimens. Therefore, our data elucidated that FGL1 exerts the biological function of promoting tumor cell migration, invasion, and metastasis by facilitating EMT process in ccRCC. However, the detailed mechanism by which FGL1 regulates EMT is unknown, and further research is required.

Numerous studies had reported that FGL1 knockdown either inhibits or promotes tumor cell proliferation. However, our data showed that neither overexpression nor knockdown of FGL1 in ccRCC cell lines had an effect on cell proliferation, but cell migration and invasion were affected. Interestingly, in contrast to the in vitro assay, our results showed that FGL1 knockdown inhibited orthotopic tumor growth in xenograft tumor model using T cell-deficient nude mice. We speculated that FGL1 may play an important role in modulating tumor innate immunity. Our results demonstrated that FGL1 knockdown significantly decreased the infiltrated number of myeloid-derived CD11b+ cells and ly6G+ cells in primary tumor tissues. Various types of myeloid cells, such as tumor-associated neutrophils (TANs) and myeloid-derived suppressor cells (MDSC), have been shown to promote tumor progression by inhibiting anti-tumor immunity (34, 35). Neutrophil accumulation in tissue involves different steps including chemotaxis, activation, and transmigration (36, 37). Our study showed that the expression of CD146 was significantly reduced in shFGL1 tumors. Bardin N. et al. (38), reported that CD146, which is found at the junction and apical membrane of human umbilical veins endothelial cells, can contribute to transendothelial migration of monocytes during inflammation. So, knocking down FGL1 can help to repress neutrophil accumulation in tumor by reducing neutrophils transmigration through blood vessels. In addition, our study revealed that some inflammatory cytokines (such as IL-6) and chemokines (such as CXCL2, CXCL8, and CCL5) were elevated after FGL1 knockdown in ccRCC cells. Chemokines, like CXCL2, CXCL8 and CCL5, can mobilize and activate resting NK cells, resulting in tumor cell cytolysis (39). Based on these observations, our study showed that FGL1 achieves its function by influencing the release of cytokines and chemokines from cancer cells, which can dampen anti-tumor immune responses in TME. However, further research in immunocompetent mice is needed to fully understand this effect.

In summary, our report demonstrates that FGL1 is upregulated in ccRCC patients, and that high expression of FGL1 is associated with poor prognosis. Moreover, we validated that FGL1 stimulates the migration, invasion, and metastasis phenotype in ccRCC by promoting the EMT process. Besides mediating T cell suppression, we demonstrated that FGL1 has a novel role in regulating innate immune response. Therefore, targeting FGL1 may help to suppress the progression of ccRCC and improve clinical outcomes. However, many problems remain to be solved. First, the mechanism by which FGL1 regulates the expression of cytokines and chemokines in cancer cells remains largely unknown. Second, future research should focus on how FGL1-regulated cytokines and chemokines modulate immune cell functions. Nevertheless, FGL1 remains a potential therapeutic target in cancer.
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Bladder Urothelial Carcinoma (BLCA) is the major subtype of bladder cancer, and the prognosis prediction of BLCA is difficult. Ferroptosis is a newly discovered iron-dependent cell death pathway. However, the clinical value of ferroptosis-related genes (FRGs) on the prediction of BLCA prognosis is still uncertain. In this study, we aimed to construct a novel prognostic signature to improve the prognosis prediction of advanced BLCA based on FRGs. In the TCGA cohort, we identified 23 differentially expressed genes (DEGs) associated with overall survival (OS) via univariate Cox analysis (all P < 0.05). 8 optimal DEGs were finally screened to generate the prognostic risk signature through LASSO regression analysis. Patients were divided into two risk groups based on the median risk score. Survival analyses revealed that the OS rate in the high-risk group was significantly lower than that in the low-risk group. Moreover, the risk score was determined as an independent predictor of OS by the multivariate Cox regression analysis (Hazard ratio > 1, 95% CI = 1.724-2.943, P < 0.05). Many potential ferroptosis-related pathways were identified in the enrichment analysis in BLCA. With the aid of an external FAHWMU cohort (n = 180), the clinical predication value of the signature was further verified. In conclusion, the prognosis of advanced BLCA could be accurately predicted by this novel FRG-signature.




Keywords: ferroptosis, prognostic signature, bladder urothelial carcinoma, immune status, function analyses



Introduction

Bladder cancer (BC), ranking 9th in the incidence of malignant tumors, is a malignant tumor of the bladder mucosa with poor prognosis and high recurrence (1, 2). Usually, BC could be divided into muscle invasive bladder cancer (MIBC) and non-muscle invasive bladder cancer (NMIBC). In comparison with patients with NMIBC, patients with MIBC have a poor prognosis. Bladder Urothelial Carcinoma (BLCA), caused by cigarette smoking and occupational exposure, is the main BC subtype, accounting for 90–95% of cases (3, 4). However, clinical biomarkers that could accurately predict the prognosis of BLCA are still lacking. Most BLCA patients are diagnosed at the late stages, leading to the worse prognosis (4). Therefore, the need of a better predictive signature for the prognosis prediction of BCLA, especially for MIBC, is urgent.

Ferroptosis, results from the accumulation iron-dependent lipid peroxide (LPO), is a new discovered pathway of non-apoptotic cell death (5). Ferroptosis is mainly caused by iron-dependent oxidative damage (6). It has been reported to be involved in the vital biological functions, including a sequence of complex biochemical reactions, gene expression, and signal transduction events (7, 8). Ferroptosis-related genes (FRGs) has been demonstrated to be associated with the prognosis of various human cancers (9–12). However, the clinical value of FRGs in the prognosis of BLCA still remains unknown.

In this study, we constructed a novel prognostic signature to improve the prognosis prediction of BLCA. Due to the reason that most patients with BLCA in TCGA database are with advanced-stage disease, we focused on the clinical value of FRGs in patients with MIBC. With the aid of an extra cohort obtained from the First Affiliated Hospital of Wenzhou Medical University (FAHWMU), the accuracy of this prognostic signature was verified.



Materials and Methods


Data Collection

In this study, mRNA expression files [fragment per thousand base pairs per kilobase fragment normalization (FPKM) normalized] and clinical features from 406 BLCA patients were obtained from the TCGA database (https://portal.gdc.cancer. Government/Repository). Using the R package “limma”, gene expression profiles were standardized. Data from TCGA are publicly available and use standardized read count values. As this study follows the TCGA data access strategy and release guidelines, it does not require approval by the local ethics committee. The 259 FRGs were selected from the previous studies (13, 14). As an extra cohort data, the FAHWMU cohort (n = 180) was obtained from the First Affiliated Hospital of Wenzhou Medical University (Wenzhou, China). BLCA samples in the FAHWMU cohort were collected from 2012 to 2020, and OS time was used as the main survival time indicator. The collection of this cohort was reviewed and approved by the human research ethics committee of the First Affiliated Hospital of Wenzhou Medical University. The patients/participants provided their written informed consent to participate in this study.



Generation and Validation of the Signature

In the TCGA cohort, differentially expressed genes (DEGs) between BLCA samples and adjacent nontumorous samples were identified using “limma” with a false discovery rate (FDR) < 0.05. Prognosis related DEGs were screened using univariate Cox analysis of overall survival (OS) (P < 0.05), P-values were adjusted using Benjamini & Hochberg (BH) correction. The STRING database (version 11.0) generated a protein-to-protein interaction (PPI) network for the interactions among prognostic DEGs (15). The prognostic signature was constructed using the combination of LASSO-penalized Cox regression and multivariate Cox regression (16, 17). The LASSO algorithm was used to select and compress variables. In the regression, the standardized expression matrix of the prognosis related DEGs constituted the independent variable, while the OS and patient status in the TCGA cohort constituted the response variables. Standard ten-fold cross-validation determined the model penalty parameter (λ). The standardized expression level and regression coefficients for each gene were used to calculate patient risk, where the score = sum (each gene’s expression × corresponding coefficient). In the TCGA cohort, as determined by the median risk score, all patients were divided into the high-risk and low-risk groups. By using the “prcomp” function from the R package “stats”, PCA was performed after the gene expression signature was obtained. t-SNE, produced by the R package “Rtsne”, explored group distribution. Time-dependent receiver operating characteristic (ROC) curve analysis was used to assess the performance of gene signatures. The Kaplan-Meier (K-M) survival analysis was performed using the log rank test.



Enrichment Analysis

DEGs (|log2FC|≥1, FDR < 0.05) were identified using the R package “clusterProfiler” based on the risk score. We used the BH method to adjust P values based on Gene Ontology (GO) function enrichment analysis and Kyoto Encyclopedia of Genes and Genomes (KEGG) pathways enrichment analysis. The single-sample gene set enrichment analysis (ssGSEA) was used to calculate the activity of 13 immune-related pathways and the infiltration analysis data of 16 immune cells (18). The gene set of the 13 immune-related pathways and the 16 immune cells is shown in Table S2.



Statistical Analysis

Student’s t-test was performed to compare gene expression between BLCA and controls. The Mann-Whitney test was used to compare ssGSEA scores between high- and low-risk groups. P values < 0.05 were considered statistically significant. R software (Version 3.5.3) was used for all statistical analyses.




Results


Identification of 23 OS-Related Differently Expressed Ferroptosis-Related Genes

A schematic representation of data collection and analysis was shown in Figure 1. We obtained data for BLCA patients from the TCGA databases. Clinical characteristics were summarized in Table 1.




Figure 1 | Flowchart of data collection and analysis.




Table 1 | The clinical features of TCGA cohort and the FAHWMU cohort.



Using BLCA samples from the TCGA cohort, differential expression between BLCA samples and adjacent nontumorous samples was observed in most FRGs (133/259, 51.4%); 23 were related to OS via univariate Cox regression (all P < 0.05, Figures 2A–C). The gene interaction network indicated that PRDX6, TXNRD1, PRDX6, and G6PD were the hub genes (Figure 3A). The correlations among genes were shown in Figure 3B. It was found that there were significant relationships between 193/318 TFs and DEGs (P < 0.05). A TF-based regulatory network was shown in Figure 3C.




Figure 2 | Identification of OS-related DEFRGs in the TCGA cohort. (A) Venn plot showing common genes from differential analysis and univariate Cox analysis. (B) Heat map of OS-related DEFRGs. (C) Forest plots showing OS-related DEFRGs (P < 0.05).






Figure 3 | Comprehensive networks of 23 OS-related DEFRGs. (A) PPI network (B) Correlation network of 23 OS-related DEFRGs. (C) Regulatory network of TFs and DEFRGs (green nodes: DEFRGs with low risk; red nodes: DEFRGs with high risk, only nodes with correlation coefficient > 0.4 and P < 0.05 were selected).





Generation of the 8 Ferroptosis-Related Prognostic Gene Signature

To prevent over fitting of the model, Lasso-Cox regression was used to screen the identified 21 genes (Figures 4A, B). Then, multivariate Cox regression analysis was used to determine the optimal regulatory genes and 8 FRGs were identified to generate the prognostic signature (Figure 4C). The risk scores of BLCA patients were calculated using mRNA levels and the estimated regression coefficients. The resulting formula was used:

	




Figure 4 | Construction of the prognostic model. (A, B). Lasso-Cox analysis of 23 OS-related DEFRGs. (C) Forest plot showing the eight genes in the prognostic risk model.



Patients in the TCGA cohort were partitioned into high-risk (n = 203) and low-risk groups (n = 203) according to the median risk score (Figure 5C). K-M survival curves indicated that the OS of the low-risk group was higher than that of the high-risk group (Figure 5A, P < 0.05). Time-dependent ROC curves indicated that area under the curve (AUC) values were 0.704, 0.641, and 0.657 at 1st years, 2nd years and 3rd years (Figure 5B). As shown in Figure 5D, worse OS was found in high-risk patients, consistent with the results of the K-M curve. PCA and t-SNE analysis indicated two directions in the patient distribution of the two risk groups (Figures 5E, F).




Figure 5 | Survival analysis of the TCGA cohort prognostic signature. (A) Kaplan-Meier survival curve. (B) time-dependent ROC curve. (C) The distribution and median value of the risk scores. (D) OS-related scatter plot. (E) PCA plot. (F) t-SNE plot.





Validation of the Prognostic Value of Gene Signature in the FAHWMU Cohort

The FAHWMU cohort was used to verify prognostic signature. Considering that most patients with BLCA in TCGA database are at the advanced-stage, only patients with MIBC in the FAHWMU cohort (n = 110) were used for the next analysis. The risk score was calculated based on the expressions of eight risk genes: CDO1, JUN, MAFG, PRDX6, SCD, SLC2A12, TUBE1 and TXNRD1. According to the calculated median risk score of the FAHWMU cohort, all patients were divided into high-risk (n=55) or low-risk (n=55) groups (Figures 6C, D). Similarly, the AUC in 1st years, 2nd years and 3rd years in the FAHWMU cohort was 0.709, 0.832, and 0.877 (Figure 6B). K-M survival curve indicated that compared to low-risk patients, the OS of high-risk patients was worse (Figure 6A, P < 0.05). The results of PCA and t-SNE analysis in the FAHWMU cohort were similar to the results of the TCGA cohort (Figures 6E, F). Taken together, our results preliminarily suggest the prognosis prediction of our signature in BLCA.




Figure 6 | Validation of gene signature in patients with MIBC in the FAHWMU cohort (n = 110). (A) Kaplan-Meier survival curve. (B) time-dependent ROC curve. (C) The distribution and median value of the risk scores. (D) OS-related scatter plot. (E) PCA plot. (F) t-SNE plot.





The Risk Score Was Identified as an Independent Prognostic Predictor

To determine whether the risk score is an independent prognostic marker, univariate and multivariate Cox regression analyses were performed. Univariate Cox regression indicated that the risk score of TCGA cohort was closely related to OS (P < 0.001, Figure 7A). Multivariate Cox regression analysis further confirmed the risk score as an independent prognostic factor in TCGA cohort (P < 0.01, Figure 7B).




Figure 7 | Forest plots showing key clinical factors under the signature. (A) Univariate Cox regression analysis of the TCGA cohort. (B) Multivariate Cox regression analysis of the TCGA cohort.





Function Enrichment Analyses Revealed Potential Molecular Mechanisms

GO enrichment and KEGG pathway analysis were performed to reveal ferroptosis-related potential molecular mechanisms. In the TCGA cohort, various neutrophil-related molecular functions and mitotic nuclear division molecular functions were enriched in the GO analysis (P < 0.05, Figure 8A). KEGG pathway analysis indicated that DNA replication pathways were enriched in the TCGA cohort (P < 0.05, Figure 8B).




Figure 8 | Enrichment analyses of the signature. (A) GO enrichment plot of the TCGA cohort. (B) KEGG pathway enrichment plot of the TCGA cohort.



ssGSEA was performed to analyze the relationships between the risk scores and immune-related cells and pathways in TCGA. In the TCGA cohort, there were significant differences between the low-risk and high-risk groups (all adjusted P < 0.05, Figures 9A, B), with the differences in aDC, Tfh, Inflammation-promoting and MHC class I.




Figure 9 | ssGSEA analyses of the signature. (A, B) The block diagram showing the scores of 16 immune cells (A) and 13 immune-related functions (B) of the TCGA cohort. *p < 0.05; **p < 0.01; ***p < 0.001; ns, no significance.






Discussion

It has been reported that FRGs are involved in the regulation of drug-induced ferroptosis in BLCA (11). Additionally, FRG-related inducers have been found to suppress BC with the help of mTOR inhibitors (19). Recently, ferroptosis participates in the inhibition of cell cycle in BC by obstructing the G0/G1 phase (11). Combined with these, ferroptosis plays a key role in BLCA development. However, the clinical value of FRGs in predicting the OS of BLCA patients was still unknown. In this study, a novel FRG-signature for BLCA was generated. The relationships between FRGs and prognosis of BLCA were explored. Next, the hub FRGs were identified and used to construct this FRG-signature. Our data suggest that this signature could improve the prognosis of advanced BLCA. Notably, the clinical prediction value of our FRG-signature was confirmed in an external FAHWMU cohort.

Herein, 8 FRGs (CDO1, JUN, MAFG, PRDX6, SCD, SLC2A12, TUBE1, TXNRD1) were used to establish the prognostic signature. These FRGs could be summarized as four types: iron metabolism (CDO1), lipid metabolism (JUN, TUBE1), (anti)oxidant metabolism (TXNRD1, SCD, SLC2A12) (20) and energy metabolism (MAFG, PRDX6). CDO1, silenced by promoter methylation in BLCA, induces a reduction in the onset of ferroptosis, leading to the inhibition of BLCA invasion (21). JUN has been reported to reduce lipid peroxidation and inhibit ferroptosis, which contributes to the invasion and metastasis of BC (22). Pitsava et al. found that TUBE1 suppresses BLCA metastasis by promoting ferroptosis through lipid metabolism (23). High expression of SLC2A12 has been found to be associated with glucose metabolism in ferroptosis, which exacerbates the invasion of BLCA (24). PRDX6 could inhibit the high oxidative damage caused by ferroptosis and thus promote the proliferation of BLCA (25). In addition, SCD promotes the proliferation of BLCA via fatty acid metabolic pathway in ferroptosis (26). In sum, these 8 FRGs may participate in the key biological processes such as proliferation, invasion and metastasis of BLCA through ferroptosis pathway.

Increasing studies have shown that there is an association between ferroptosis and tumor immunity (27). In this study, it was found that biological functions associated with immunity such as neutrophil activation in immune response, are enriched in the GO analysis. Moreover, it was found that the proportion of macrophages (28, 29) and Treg cells (29, 30) is increased in the high-risk group. Furthermore, several anti-tumor immunity factors, like NK cells, type I IFN response and type II IFN response were decreased in the high-risk group. Recent studies have demonstrated that high proportion of tumor-related macrophages or Treg cells is associated with poor prognosis of BLCA patients. Accordingly, our results also showed that the high-risk patients with the high proportion of macrophages and Treg cells, were associated with poor prognosis, suggesting the existence of the association of ferroptosis and tumor immunity.

The strengths of this study are that an external FAHWMU cohort was used to further verify the clinical value of our FRG-signature in the prognosis prediction of advanced BLCA. Meanwhile, there are several limitations in this study. First, cell biological experiments should be performed to further validate the functions of 8 FRGs in the future. Second, more sample validation is needed for clinical value of our prognostic signature.



Conclusion

In conclusion, we generate a novel prognostic FRG-signature, which contributes to the improvement in the prognosis prediction of advanced BLCA.
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Background

We performed this study to explore the prognostic value of the pretreatment aspartate transaminase to alanine transaminase (De Ritis) ratio in patients with renal cell carcinoma (RCC).



Methods

PubMed, EMBASE, Web of Science, and Cochrane Library were searched to identify all studies. The hazard ratio (HR) with a 95% confidence interval (CI) for overall survival (OS) and cancer-specific survival (CSS) were extracted to evaluate their correlation.



Results

A total of 6,528 patients from 11 studies were included in the pooled analysis. Patients with a higher pretreatment De Ritis ratio had worse OS (HR = 1.41, p < 0.001) and CSS (HR = 1.59, p < 0.001). Subgroup analysis according to ethnicity, disease stage, cutoff value, and sample size revealed that the De Ritis ratio had a significant prognostic value for OS and CSS in all subgroups.



Conclusions

The present study suggests that an elevated pretreatment De Ritis ratio is significantly correlated with worse survival in patients with RCC. The pretreatment De Ritis ratio may serve as a potential prognostic biomarker in patients with RCC, but further studies are warranted to support these results.





Keywords: De Ritis ratio, renal cell carcinoma, biomarker, prognosis, survival



Introduction

Renal cell carcinoma (RCC) is a common malignant tumor in adults, and its incidence has been increasing over the past two decades (1). In 2020, approximately 73,750 new RCC cases and 14,830 deaths were predicted in the United States (2). Despite an increase in early detection of RCC, nearly 20% of patients already have local progression or metastasis disease at initial diagnosis (3). Moreover, postoperative cancer recurrence occurs in 20%–40% of patients with localized RCC (4). Thus, it is of great value to define the prognostic indicators of survival, metastasis, or recurrence in patients with RCC.

Tumor, node, and metastasis (TNM) staging is an essential traditional prognostic factor for RCC, with limited accuracy when used alone (5, 6). Numerous clinical prognostic or predictive factors have been identified based on clinical trials and retrospective univariate or multivariate analysis, including performance status, appearing symptoms, and paraneoplastic syndromes (7–9). Besides, laboratory values were also used for prognosis, such as serum protein, corrected calcium, erythrocyte sedimentation rate, and neutrophil to lymphocyte ratio (10–12).

Aspartate transaminase (AST) and alanine transaminase (ALT) are the most critical transaminase in the body, reflecting hepatocellular damage (13). The ratio of serum AST to ALT, also known as the De Ritis ratio, is usually used to identify the etiology of various hepatitis (14). Recent studies have confirmed that the De Ritis ratio is a biomarker that can predict the prognosis of several tumors, such as breast cancer, gastric adenocarcinoma, and nasopharyngeal cancer (15–17). However, the prognostic value of this ratio in patients with RCC remains unclear. Bezan et al. (18) found that patients with a high De Ritis ratio had inferior overall survival (OS) and metastasis-free survival (MFS), while another study reported no correlation between high DR Ritis rate and OS (19). Therefore, this study aims to explore the prognostic value of the pretreatment De Ritis ratio in patients with RCC and provide higher-level medical evidence for clinical practice.



Materials and Methods


Search Strategy

This present study was performed following the Preferred Reporting Items for Systematic Reviews and Meta-Analyses (PRISMA) criteria (20) and was registered in PROSPERO (ID: CRD42021255149). PubMed, EMBASE, Web of Science, and Cochrane Library were searched to identify eligible studies up to April 2021 (update on October 28, 2021) without language restriction. The search items were as follows: renal cell carcinoma (renal cell cancer, renal carcinoma, kidney cancer, kidney neoplasms, clear cell carcinoma, adenocarcinoma, RCC), De Ritis ratio (aspartate transaminase, AST, alanine transaminase, ALT, aspartate transaminase/alanine transaminase ratio, AST/ALT ratio, AST to ALT ratio), and prognosis (recurrence, survival, outcome) as keywords or Mesh term. A list of references to relevant studies was also manually searched. Two authors reviewed the literature independently, and any differences settled through discussion with a third author.



Inclusion and Exclusion Criteria

Qualified studies should meet the following inclusion criteria: (1) cohort studies or observational studies; (2) patients with RCC were histopathologically confirmed; (3) the pretreatment De Ritis ratio was obtained, (4) estimating the relationship between the De Ritis ratio and RCC prognosis; (5) reported available data for analysis, including OS or cancer-specific survival (CSS). Studies excluded were based on the following criteria: (1) studies involving animals; (2) reviews, comments, letters, case reports, and unpublished articles; (3) studies with unavailable data or insufficient data for analyses; (4) duplicated studies based on the same cohort.



Data Extraction and Quality Assessment

Two reviewers independently extracted the required data from eligible studies, which were as follows: the first author’s name, year of publication, study region, study design, tumor type, treatment, sample size, patient age, the cutoff value of the De Ritis ratio, analysis method, and follow-up period. Furthermore, all outcome parameters were directly extracted with hazard ratio (HR) and 95% confidence interval (CI). The primary outcome was OS, while the secondary outcome was CSS. When both univariate and multivariate analyses were used in the study, data were extracted from the multivariate analysis. The quality of all included studies was estimated using the Newcastle–Ottawa scale (maximum score 9) (21). In the current study, we considered a study with a score of 7 or higher as a high-quality study (22). All discrepancies were discussed through negotiation or finally decided by a third reviewer.



Statistical Analyses

The statistical analysis of this study was performed using Stata v.15.0 (Stata Corp, College Station, TX, USA). The merged HRs with 95% CIs were adopted to evaluate the correlation between the pretreatment De Ritis ratio and prognosis. Heterogeneity between studies was estimated using Cochran’s Q and I2 tests. p < 0.10 or I2 > 50% represented a significant heterogeneity. A random-effect model was applied for this meta-analysis. Moreover, we performed a subgroup analysis to investigate the cause of heterogeneity. Sensitivity analysis was also performed by dropping each study individually to assess the stability of the findings. Publication bias was assessed by using Begg’s test, as the small number of included studies. Statistical significance was defined as a p value of less than 0.05.




Results


Study Characteristics

Of the 323 initially identified articles through the search strategy, 141 studies remained after removing duplicates (93 publications) and irrelevant studies (89 publications). Subsequently, 114 articles were excluded by viewing titles and abstracts (16 reviews or meta-analysis, 11 meetings or comments, and 87 not related records). Moreover, the full text of 2 articles could not be found. After full-text evaluation, 12 studies were excluded from the remaining 25 potential studies, including 6 without survival outcomes, 3 without adequate survival data, and 5 without De Ritis ratio data. Finally, eleven articles comprising 6,258 patients were included in the present analysis (18, 19, 23–31) (Figure 1). Table 1 records the basic characteristics of all included studies. All studies had a retrospective design, two of which were propensity score-matched analyses. Five studies focused on metastatic RCC (24, 26, 27, 30, 31). Six studies focused on non-metastatic RCC (18, 19, 23, 25, 28, 29). These studies were conducted in many countries, including China, Korea, Turkey, Japan, Germany, the United States, and European countries. The median age of patients included in the study ranged from 55 to 65 years. The cutoff values for the De Ritis ratio ranged from 1.0 to 1.5. The median follow-up period for the included studies ranged from 21 to 60 months, and only one study did not report the follow-up period (27). Ten studies recorded the association between De Ritis ratio and OS, and seven studies recorded CSS. All studies were regarded as high-quality based on the NOS score, and the specific quality score of each study is shown in Supplementary File 1.




Figure 1 | Flow diagram of studies identified, excluded, and included.




Table 1 | Baseline characteristics of include studies and methodological assessment.





Overall Survival

Nine studies including 6,285 patients recorded about OS (18, 19, 23–27, 29–31). Since moderate heterogeneity was found, the random-effect model was adopted (I2 = 34.6%, p = 0.131). The merged results demonstrated that patients with an increased pretreatment De Ritis ratio had inferior OS (HR = 1.41, 95% CI 1.25 to 1.59, p < 0.001, Figure 2).




Figure 2 | Forest plots of the association between the De Ritis ratio and overall survival.





Cancer-Specific Survival

Seven studies recorded the prognostic role of the pretreatment De Ritis ratio in patients with RCC on CSS, including 5,167 patients (19, 24–26, 28–30). The pooled results revealed that a higher pretreatment De Ritis ratio was related to worse CSS (random-effect model: HR = 1.59, 95% CI 1.28 to 1.97, p < 0.001), and with moderate heterogeneity (I2 = 49.7%, p = 0.063, Figure 3).




Figure 3 | Forest plots of the association between the De Ritis ratio and cancer-specific survival.





Subgroup Analyses

Limited to the number of studies included in the meta-analysis, we only conducted subgroup analysis for OS and CSS oncologic outcomes, and stratified by ethnicity, disease stage, treatment method, cutoff value, analysis method, or sample size (Table 2). For studies that include the Asian population, the higher pretreatment De Ritis ratio was associated with inferior OS (HR = 1.49, 95% CI 1.25 to 1.77, p < 0.001, I2 = 20.5%) and CSS (HR = 1.80, 95% CI 1.38 to 2.33, p < 0.001, I2 = 35.6%). Moreover, in the Caucasian population subgroup, the high De Ritis ratio was also an independent predictor of OS (HR = 1.34, 95% CI 1.11 to 1.62, p = 0.002, I2 = 53.4%) and CSS (HR = 1.27, 95% CI 1.06 to 1.51, p = 0.009, I2 = 0%). Subgroup analysis by disease stage demonstrated that the high pretreatment De Ritis ratio was related to worse OS (HR = 1.37, 95% CI 1.21 to 1.54, p < 0.001, I2 = 0%) and CSS (HR = 1.54, 95% CI 1.14 to 2.08, p < 0.001, I2 = 60.1%) in patients with metastatic RCC, and similar results were observed in patients with non-metastatic RCC (OS: HR = 1.45, 95% CI 1.13 to 1.86, p = 0.004, I2 = 58.9%; CSS: HR = 1.66, 95% CI 1.15 to 2.40, p < 0.001, I2 = 50.7%). In terms of subgroup analysis for the treatment method, the high pretreatment De Ritis ratio in patients with RCC was an independent predictor of OS (surgery: HR = 1.43 95% CI 1.18 to 1.72, p < 0.001, I2 = 51.3%; non-surgery: HR = 1.41, 95% CI 1.25 to 1.72, p < 0.001, I2 = 0%). For the subgroup with a cutoff value of > 1.2, the patients with a higher pretreatment De Ritis ratio had poor OS (HR = 1.44, 95% CI 1.18 to 1.76, p < 0.001, I2 = 51.1%) and CSS (HR = 1.94, 95% CI 1.43 to 2.6, p < 0.001, I2 = 27.3%). Likewise, in the cutoff value of the ≤1.2 group, the increased De Ritis ratio was correlated with worse OS (HR = 1.39, 95% CI 1.17 to 1.65, p < 0.001, I2 = 27.0%) and CSS outcomes (HR = 1.45, 95% CI 1.15 to 1.83, p < 0.001, I2 = 0%). In the multivariate analysis subgroup, the high pretreatment De Ritis ratio was related to poor OS (HR = 1.50, 95% CI 1.29 to 1.58, p < 0.001, I2 = 21.7%) and CSS (HR = 1.76, 95% CI 1.32 to 2.35, p < 0.001, I2 = 63.5%). In the univariate analysis subgroup, a higher pretreatment De Ritis ratio had worse OS (HR = 1.28, 95% CI 1.04 to 1.58, p = 0.020, I2 = 40.8%) but not in CSS (HR = 1.25, 95% CI 0.90 to 1.75, p = 0.184, I2 = 0.0%). Additionally, stratified by sample size, the higher pretreatment De Ritis ratio had steep inferior OS (HR = 1.45, 95% CI 1.23 to 1.71, p < 0.001, I2 = 34.1%) and CSS (HR = 1.42, 95% CI 1.28 to 1.73, p = 0.001, I2 = 29.8%) in the sample size >300 subgroup, which was consistent with the results of the sample size ≤300 subgroup (OS: HR = 1.38, 95% CI 1.12 to 1.71, p = 0.003, I2 = 43.3%; CSS: HR = 1.97, 95% CI 1.25 to 3.10, p = 0.004, I2 = 51.4%).


Table 2 | Subgroup analyses of OS and CSS.





Sensitivity Analysis and Meta-Regression Analysis

Restricted to the number of articles included in the study, we performed a sensitivity analysis for OS and CSS outcomes. After performing the leave-one-out test or excluding small studies (<200 patients), no significant change in the pooled HR was observed, which undoubtedly proved the reliability of our results (Supplementary File 2). We also performed a meta-regression analysis to explore the suspected reasons for the heterogeneity of OS and CSS outcomes. The results showed that ethnicity (p = 0.409), disease stage (p = 0.935), treatment method (p = 0.897), cutoff value (p = 0.877), analysis method (p = 0.220), and sample size (p = 0.692) did not significantly affect the heterogeneity of OS. In addition, ethnicity (p = 0.086), disease stage (p = 0.809), cutoff value (p = 0.067), analysis method (p = 0.278), and sample size (p = 0.250) had no influence on CSS heterogeneity (Table 2).



Publication Bias

Begg’s test was applied to estimate the publication bias. A visual inspection of Begg’s funnel plots revealed asymmetry (Figure 4). This raises the possibility of publication bias, although the Begg’s test was not statistically significant (OS: p = 0.152, CSS: p = 0.072). Because of this, we used the trim and fill method to further detect publication bias, and two filled funnel plots demonstrated that even if the uncollected literature was included, it did not affect the results of the combined effect, which indicates that our results are relatively robust (Figure 4).




Figure 4 | Begg’s test for (A) overall survival and (B) cancer-specific survival; Trim and fill method for (C) overall survival and (D) cancer-specific survival.






Discussion

RCC is one of the most common solid lesions in the kidney, accounting for about 80%–90% of all renal malignancies (1). The prognosis of RCC is affected by various factors, including patient age, clinical manifestations, laboratory values, and tumor pathologic variables such as pathological stage, nuclear grade, and histological subtype (32, 33). Tumor stage and grade are considered as common prognostic markers for RCC, but the application of these factors in clinical practice remains problematic (34). How to more accurately identify those patients with poor prognosis before treatment and carry out the risk stratification of tumors are of great significance for choosing treatment options and the guidance of postoperative follow-up. Therefore, finding potential prognostic markers for RCC prognosis has become a hot spot in clinical research.

Initially, the serum De Ritis ratio was adopted to evaluate the prognosis of various liver diseases, including viral hepatitis, alcoholic hepatitis, and fatty liver (14). Because laboratory tests are routinely performed before treating cancer patients, the De Ritis ratio can be a simple, convenient, and inexpensive measurement method. Previous studies have reported that the De Ritis ratio was significantly associated with the prognosis of several tumors, including RCC (15–18). However, the actual prognostic value of this ratio in patients with RCC remains controversial. Su et al. (35) conducted a meta-analysis to explore the prognostic value of the De Ritis ratio in urological cancers, and 6 articles focused on RCC were included. They claimed that the patients with a higher De Ritis ratio had inferior OS (4 studies involved). A problem of the study by Su is their interpretation of OS since the data provided by the original research in their studies all indicated that an elevated De Ritis ratio had poor survival. Furthermore, a recent study reported that the De Ritis ratio was not associated with RCC prognosis (31). Thus, it is necessary to reevaluate the role of the De Ritis ratio in the prognosis of RCC based on the existing literature to better guide clinical practice.

Compared with the study by Su, the advantage of the current meta-analysis is that we included five more recent articles and eventually included 6,528 RCC patients for the analysis. The study revealed that patients with a higher pretreatment De Ritis ratio had worse survival outcomes regarding OS and CSS. Subgroup analyses of OS and CSS by ethnicity, disease stage, treatment method, cutoff value, analysis method, or sample size obtained similar results. Previous studies have suggested that histological subtypes are also prognostic factors for RCC (33). However, it was not possible to perform a subgroup analysis to assess the impact of different histological subtypes of the De Ritis ratio on prognosis due to lack of data. Remarkably, Lee et al. (25) found that a higher De Ritis ratio was associated with OS and CSS in localized clear-cell RCC patients, but not in non-clear-cell RCC. Janisch et al. (31) also revealed that an elevated De Ritis ratio was an unfavorable factor for OS in patients with clear-cell histology. Since these favorable results were obtained based on limited studies and insufficient sample sizes, therefore, a prospective large-scale cohort is needed to validate the conclusion.

It should be noted that sensitivity analyses indicated that our results were robust, but moderate heterogeneity among the included studies was found in both survival outcomes, a finding that may be due to different baseline characteristics of individual studies. Therefore, the meta-regression analysis was performed using ethnicity, disease stage, treatment method, cutoff value, analysis method, and sample size to explore the potential sources of heterogeneity. However, none of these factors can explain the heterogeneity of OS. Similar results were obtained for CSS. We also performed a subgroup analysis to investigate the cause of heterogeneity. The results showed that the heterogeneity of most subgroup analyses was slightly reduced, but it was still statistically significant in several subgroups. Thus, the random-effect model was used to calculate the effect size to minimize the impact of heterogeneity on the combined results. In addition, although we have conducted an extensive literature search, we still found a potential publication bias in the study reporting survival outcomes. We used the trim and fill method for further analysis and found that the inclusion of uncollected studies did not influence the results of the pooled effect, which suggests that publication bias may not have a significant effect on the overall findings. Therefore, the results of this study are relatively robust and reliable.

ALT and AST are often used to reflect hepatocellular damage or death. ALT is mainly present in the liver, while AST is widely distributed in various tissues such as the heart, liver, brain, muscle, and kidney tissues (14). Hence, ALT suggests liver disease specifically, while AST may be associated with several diseases that affect other organs. Pathological processes that have been proved to cause tissue damage, high proliferative states, and faster tumor cell turnover tend to enhance the serum AST level rather than ALT level, making the De Ritis (AST/ALT) ratio an attractive potential clinical biomarker (36).

Although the De Ritis ratio is a promising marker, the specific mechanism of this higher ratio and the inferior prognosis of cancer patients remain unclear. Indeed, cancer cells have a higher rate of glycolysis compared with normal cells, even in the presence of oxygen, and abnormal glycolytic metabolism produces sufficient ATP to promote cancer cell proliferation; this phenomenon is known as the “Warburg effect” (37, 38). Increased glycolysis in tumor cells is thought to be related to changes in nicotinamide adenine dinucleotide (NAD)-related enzymes and glucose transporters within mitochondria, according to Dorward et al. (39). A higher lactate dehydrogenase and cytosolic (NADH)/NAD+ ratio plays an essential role in maintaining enhanced glycolysis (40). It must be highlighted that AST is a pivotal component of the malate–aspartate shuttle in the glycolysis pathway that relocates NADH into mitochondria (14). Moreover, the previous study had confirmed that von Hippel-Lindau (VHL) significantly associated with renal clear-cell type RCC was presented in the cytoplasm of mitochondria (41). The loss of VHL and an increase in hypoxia-inducible factor expression influence several metabolic pathways, including glycolysis and oxidative phosphorylation (42). Accordingly, AST may be related to the glycolysis mechanism of clear-cell type RCC with VHL loss (25). However, further investigation is needed to explore the exact mechanism.

Considering that serum ALT and AST are commonly used indicators of clinical hematology, they are simple and easy to measure, and the cost is low. Therefore, the pretreatment De Ritis ratio can be used as an effective prognostic marker in patients with RCC and applied in clinical diagnosis and treatment. Our meta-analysis affirms that patients with an increased pretreatment De Ritis ratio had worse survival outcomes. It could be a potential selection criterion for the hierarchical management of risk factors for RCC (18). Given that a prognostic factor must be verified in well-designed, large-scale with an independent cohort before it can be applied universally, the findings should be interpreted cautiously.

Although the study provides more substantial evidence for the prognostic value of the pretreatment De Ritis ratio in patients with RCC, there are certain limitations. Firstly, the sample size of some of the included studies is relatively small, which may lead to a biased conclusion. Secondly, all included studies were retrospective, which may have an inherent structural bias, and the duration of follow-up was relatively short. Thirdly, similar to the study by Su (35), since this study only includes published literature, it may have potential publication bias. Fourth, patients could not be stratified according to histology due to lack of data. However, we conducted subgroup analysis based on sample size, study population, and disease status to explore potential sources of heterogeneity, which made our results more robust. Fifth, although the included studies attempted to exclude all patients with liver disease, there were still undetected liver pathological conditions that could affect the serum AST or ALT levels and distort the De Ritis ratio.



Conclusion

Available evidence suggests that patients with an increased pretreatment De Ritis ratio have worse OS and CSS, indicating that this ratio may serve as a potential prognostic biomarker in RCC patients. However, prospective, well-designed, and large-scale studies are warranted to validate our findings.
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Background

Non-metastatic renal cell carcinoma (RCC) with tumor thrombus showed a greater tendency for developing metastases after surgery. Early identification of patients with high risk of poor prognosis is especially important to explore adjuvant treatment of improving outcomes. Neutrophil-to-lymphocyte ratio (NLR) was a systemic inflammation marker and outcome predictor in RCC, reflecting the chaos in systemic immune status in cancer as myeloid cell expansion and lymphatic cell suppression. Neutrophil extracellular traps (NET) formation (NETosis) is the process of neutrophils generating an extracellular DNA net-like structure. NETosis in tumor was demonstrated to conduce to the subsequent metastases of tumor. However, the role of NLR for systemic immune status and tumor local immune infiltration, especially for neutrophil-associated NETs, in non-metastatic RCC with thrombus remains unclear.



Patients and Methods

In our clinical cohort, we enrolled the clinical, pathologic, and preoperative laboratory parameters of 214 RCC patients with tumor thrombus who were treated surgically. The clinical endpoint was defined as cancer-specific survival (CSS). In our basic research cohort, RNA-seq, TCR-seq, and scRNA-seq data were analyzed. Patients who reached the endpoint as recurrence-free survival (RFS) were defined as the “High-risk” group. Otherwise, they were separated into the “Low-risk” group.



Results

In the clinical cohort, NLR≥4 was an independent risk factor for 203 localized RCC with tumor thrombus. In the basic research cohort, tumor thrombi were separated into NETosis-thrombi belonging to the “High-risk” group and non-NETosis-thrombi to the “Low-risk” group. NETs induced by tumor-derived G-CSF in tumor thrombus has a mechanistic role in unfavorable prognosis. Besides, NETs-score from single sample GSEA (ssGSEA) algorithm was an independent prognostic factor validated in the TCGA data. Apart from the neutrophils-associated NETosis, systemic immune perturbations of lymphocytes occurred in the “High-risk” group, represented with decreased TCR diversity and increasingly high proportion of CD4-positive effector memory T (Tem) cells, which indirectly represented the state of lymphopenia.



Conclusions

Our findings firstly demonstrated that neutrophils-associated NETosis and systemic lymphocytes perturbations were considered as tumor progression in patients of localized RCC with tumor thrombus, which reflected NLR≥4 as an independent risk factor for patients.





Keywords: NETosis, renal cell carcinoma, tumor thrombus, prognosis, NLR



Introduction

According to statistics, the incidence rate and mortality of renal cell carcinoma (RCC) increase year by year, with an estimated 403,262 new cases and 175,098 deaths worldwide in 2018 (1). Among them, about 4–36% patients are characterized with vein tumor thrombus (2, 3). Almost half of patients with non-metastatic RCC with tumor thrombus developed metastases after surgery, and the median recurrence-free survival (RFS) was 37.3 months (4). Sidana et al. previously reported that the 5-year cancer-specific survival (CSS) of non-metastatic RCC with tumor thrombus was 58% (5). To date, most large series of patients with RCC with thrombus have focused on clinical and oncological risk factors such as BMI, age, thrombus level, tumor size, nuclear grade, and perinephric fat invasion, which were independent prognostic factors (6–8). In recent years, the immunological research of kidney cancer has been popular. Many studies have focused on the prognosis of some immunization indicators. Neutrophil-to-lymphocyte ratio (NLR) was considered as a systemic inflammatory marker and prognostic predictor of RCC (9, 10), which reflected the unstable systemic immune status of tumor, such as myeloid expansion and lymphatic suppression (11). Peyton CC et al. demonstrated the prognostic value of NLR for the metastatic RCC with thrombus (12). Whereas, the prognostic value and biological underpinnings of NLR for systemic immune status and the immune cell infiltration in tumor, especially for neutrophils, were undefined in non-metastatic RCC with thrombus.

Neutrophils exert an important role in the immune defense in the face of stimuli (13). The recent research in neutrophil biology has shed light on the ability of neutrophils to free their decondensed chromatin and generate large extracellular DNA net-like structures called neutrophil extracellular traps (NETs) (14). NET formation (NETosis) is considered as a tactic to catch and kill bacteria initially, and thus protects the host against microbial invasion (15). Now, it is well identified that the releasing of NETs has more complicated consequences. Of note, NETosis in tumor was identified to capture the circulating tumor cells (CTCs), allowing their migration and invasion (16), contributing to the subsequent metastases in the distant tissues and organs (17). In our prior research, our results indicated that NETs released by peripheral neutrophils could act as a protective shelter for helping the metastasis of CTCs in RCC (18). What is more, excessive NETs in cancer, which afforded a physical scaffold for thrombus formation by binding red blood cells (RBCs), platelets, even with tumor cells, could contribute to vessel thrombus (19–22). Treatment with targeted inhibitors abrogating NET formation has been shown to reduce thrombotic events in neoplasms (22, 23). Meanwhile, it lacks the NETosis-related research for RCC with tumor thrombus. What is more, NETosis inhibitions are promising as targeted therapy for RCC. Thus, we investigated the role of NETosis in tumor thrombus of RCC. In this study, we explored the immune-oncology landscape of localized RCC with thrombus and identified the role of NLR in NETosis as a prognostic risk factor and immune repertoire in tumor progression.



Patients and Methods


Study Cohort and Public Datasets

Our study was approved by the Ethics Committee of National Cancer Center/Cancer Hospital, Chinese Academy of Medical Sciences (NCC/CHCAMS) (ID Num: NCC2016YJC-08). It was separated into two parts: the clinical cohort and basic research cohort. We enrolled RCC patients with tumor thrombus who were treated surgically from NCC/CHCAMS from January 2000 to December 2019. Patient consent was not required. Patients were followed every 3–6 months for the first 5 years after surgery and then yearly thereafter. All follow-ups were concluded on May 30, 2021. None of these patients received preoperative chemotherapy, radiotherapy, or targeted therapy.

In the clinical cohort, we investigated the prognosis factor for RCC patients with thrombus. The clinical, pathologic, and preoperative laboratory parameters were abstracted from the clinical database. Clinical variables included gender, body mass index (BMI), age at surgery, and paraneoplastic syndrome. Pathologic information included maximum tumor size, tumor laterality, tumor necrosis, Fuhrman grade, sarcomatoid differentiation, perirenal fat invasion, and lymph node metastasis at surgery. Preoperative laboratory parameters included absolute neutrophil, lymphocyte, platelet counts, Hb, LDH, ALT, AST, IgA, IgG, and IgM. NLR was calculated by dividing the absolute neutrophil count by the absolute lymphocyte count. Cutoff values were selected based on our institutional-specific laboratory guidelines, median values, or through related literature review. The clinical-pathological-blood characteristics of the enrolled patients are shown in Supplementary Material, Table S1. The clinical endpoint in our clinical cohort was defined as CSS.

To further investigate the underlying mechanisms of the prognosis factor, we collected 10 treatment-naive patients of non-metastatic RCC with tumor thrombus from the basic research cohort. Multiple tumor and tumor thrombus regions and peripheral blood mononuclear cell (PBMC) samples were selected for RNA sequencing (RNA-seq). The detailed information of the enrolled patients is shown in Supplementary Material, Table S2. All of the specimens were verified by histopathology. To early recognize the patients of poor prognosis, we chose recurrence-free survival (RFS) for the outcome endpoint as the time from diagnosis to documented recurrence or metastasis in our basic research cohort. Patients were divided into two groups according to the 3-year RFS. Patients who reached the endpoint were defined as the “High-risk” group. Otherwise, they were separated into the “Low-risk” group.

Public expression data for a further 39 tumor samples from stage III RCC patients with tumor thrombus in TCGA were obtained from UCSC (University of California, Santa Cruz) Xena (https://xenabrowser.net/datapages/). Gene expression data from TCGA datasets were to construct a prognostic gene set for RCC with tumor thrombus.



Statistical Analysis and Survival Analysis

Statistical analysis was performed using R (version 3.6.0, http://www.r-project.org). Univariable and multivariable Cox proportional hazards regression model were used to estimate hazard ratios (HRs) via the R package “survival.” In addition, the HR, 95% CI, and statistical significance of each key prognostic factor were estimated and demonstrated using a forest plot via the R package “survminer.” The main packages used included survival, survminer, and dplyr.



Next-Generation Sequencing and Data Processing

QC-qualified RNA samples of the preoperation peripheral leukocytes, tumor, and tumor thrombus tissues from the basic research cohort were analyzed using RNA-seq. Strand-specific mRNA libraries were prepared using a NEBNext® Ultra™ RNA Library Prep Kit (Illumina; cat. no. E7530L). Subsequently, the eligible libraries were sequenced on an HiSeq XTen platform of 150 bp paired-end reads (Illumina; cat. no. FC-501-2521), yielding approximately 20 million (M) reads per sample. Adapter sequences and low-quality reads were cleaned up using Cutadapt and Sickle (http://github.com/najoshi/sickle/) software. Clean reads were quantified against an Ensembl catalog (GRCh37) using Salmon software at the transcript level (24) and aggregated with the R package “tximport” at the gene level; transcripts per million reads (TPM) values were estimated by Salmon gene expression quantification software, and genes with detectable TPM counts over 80% of the samples were maintained. The proportion of immune cells in PBMC was validated by single-cell RNA sequencing (scRNA) information. After the RNA was extracted in PBMC samples, the SMART-based UMI-corrected TCRB libraries were constructed for sequencing, which was detailed in our previous work (25). Data were dealt with the MIGEC, MiXCR, and CellRanger software and the R packages “Seurat”, “immunarch”, and “scRepertoire”.



NETs-Related Gene Sets

The gene sets of NETs were derived from two parts. One was a summary gene set of NETs-associated genes, mainly consisting of the ligands and receptors that promote the NETosis, downstream associated signals, and the molecules that illustrated to adhere to the structure of NETs. The other genes came from the neutrophil-associated genes from the weighted correlation network analysis (WGCNA) in the basic research cohort. In total, we converged the 44 overlapping genes in the NETs-associated gene set for signature constructing.



Enrichment Score of Marker Gene Sets Calculated With Single-Sample Gene Set Enrichment Analysis

We acquired the marker gene sets for immune cells (26) and classic oncologic pathways (27) from other articles. We carried out ssGSEA to calculate the enrichment score of each term using the R package GSVA” (28). With the above methods, the counts for every immune cell type and the expression for each classic oncologic pathways in each specimen were referred to as the immune-cell score and pathway-activated score. The counts of NETs calculated hereafter stood for as the NETs-score. The signature of NETs in localized RCC with thrombus was constructed from the 44 NETs-associated genes according to the Cox proportional hazard regression model in TCGA cohort, in which each characteristic gene obtained P value <0.05. Every patient could obtain a NETs-score with the signature of NETs.



Constructing Weighted Gene Co-Expression Network

In this study, WGCNA was restricted to the top 8,000 varying genes according to their standard deviation. Therefore, WGCNA was constructed to find phenotype-related module and hub genes via the “WGCNA” package and R tutorials (29). Finally, highly similar modules and their relationship to phenotype traits (tissue types and prognosis risk) were identified.



Additional Bioinformatic

By analyzing RNA-seq of tumor and tumor thrombus with an unsupervised clustering algorithm, we separated diverse status on the basis of the infiltration of immune cells and expression of oncological pathway at a much higher resolution. To distinguish the differentially expressed genes (DEGs) in RCC of progression risk group, expression profiles in the “High-risk” tissue were compared with those in “Low-risk” through the “limma” package in R software. Genes with an adjusted P-value < 0.05 and the cutoff value of ∣log2 fold changes∣> 2 (log2FC) were defined as DEGs. GSEA was applied to enrich hallmark gene sets downloaded from the Molecular Signatures Database v6.0 (MSigDB) with “GSVA” package in R software. Input genes were listed in descending order according to the log2FC values. Genes with false discovery rate (FDR) p-value less than 0.05 and nominal p-value less than 0.05 were considered significantly enriched. To investigate Gene Ontology (GO) of a comprehensive set of functionally annotated genes, the R package “clusterProfiler” was used (30), with a cutoff criterion of adjusted p < 0.05.



Immunohistochemistry Assay

IHC was performed on archival formalin-fixed paraffin-embedded tumor and tumor thrombus tissue. Tumor thrombus tissues were stained with the following antibodies to identify specific proteins: anti- citrullinated histone H3 (anti-H3Cit) (citrulline R2 + R8 + R17) antibody (Abcam, ab5103; dilution 1:200) and anti-myeloperoxidase (anti-MPO) antibody (Abcam, ab25989; dilution 1:200). NET formation was visually determined as the percentage of neutrophils identified positive for a DAPI and H3Cit signal (31). IHC images were evaluated with image J software.




Results


NLR ≥ 4 as an Independent Prognosis Factor for RCC With Tumor Thrombus

A total of 214 patients of non-metastatic RCC with tumor thrombus were treated surgically in the period 2000–2019 from NCC/CHCAMS. Clinical-pathological-blood characteristics of these selected patients in our clinical cohort are summarized in Supplementary Material, Table S1. Of these patients, 203 had available follow-up data and blood count data to calculate preoperative NLR; therefore, this research focused on these patients. The median [interquartile range (IQR)] follow-up was 46.0 months. Median survival time was 127 months (95% CI: 104.2~150.0). The 5-year CSS was 66.3%.

Univariable Cox proportional hazards regression identified the following risk factors: perinephric fat invasion, paraneoplastic syndrome, blood transfusion, BMI, tumor laterality, tumor size, Fuhrman grade 3/4, tumor necrosis, sarcomatoid differentiation, preoperative platelet count, NLR, hemoglobin level, IgG, and IgA (Table 1). A multivariable Cox hazards regression model identified the following independent prognostic factors: NLR ≥ 4 (HR 2.46; 95% CI 1.18–5.1; P = 0.016), Fuhrman grade 3/4 (HR 4.07; 95% CI 1.80–9.2; P < 0.001), and Tumor laterality (left) (HR 2.05; 95% CI 1.08–3.9; P = 0.028) (Table 1).


Table 1 | Univariate and multivariable Cox proportional hazard regression analysis of CSS in our clinical cohort.





Tumor in “High-Risk” Group Was Highly Immune-Cell Infiltrated and Proliferative

To further investigate the mechanism of NLR as prognosis factor, we analyzed the local immune infiltration and oncologic features of tumor and tumor thrombus samples from our basic research cohort. Unsupervised clustering on the basic research cohort showed that the tissue samples were predominantly separated into two clusters: low immune cell infiltration (Low-CI) and high immune cell infiltration (High-CI). Patients in the High-CI cluster were featured with rich leukocyte infiltration, such as CD4+ T cells, CD8+ T cells, as well as myeloid cells of macrophages and Neutrophils (Figure 1A). The immune characteristic of tumor was consistent with its paired tumor thrombus. In addition, two clusters of unsupervised clustering were consistent with the progression risk group (see the definition in Methods). That is to say, patients in the “High-risk” group characterized as High-CI cluster had the most immune cells highly immersed including T cells, B cells, and Treg cells, compared to the “Low-risk” group (Figure 1B). Besides, the total NK cells were with low infiltration in the “High-risk” group (Figure 1B).




Figure 1 | The immune-oncology landscape of localized RCC with tumor thrombus. (A) Heatmap of the ssGSEA score, as estimated using gene sets for immune cells and classic oncologic pathways. The top bar indicates the groups stratified by the tissue of tumor or tumor thrombus, the second bar indicates the immune cell infiltration group, and the third bar on the x-axis represents the prognosis of the patients. (B) The average expression of cell cycle and FAO/AMPK signaling and changes in the constituent ratios of infiltrated cell subpopulations including CD8 T cells, Treg cells, NK cells, B cells, neutrophils, and macrophages in the four subgroups for “High-risk” or “Low-risk” group of tumor or tumor thrombus. Data were analyzed using the Kruskal-Wallis test. High-risk_T, tumor tissue in the “High-risk” group; High-risk_TT, tumor thrombus tissue in the “High-risk” group; Low-risk _T, tumor tissue in the “Low-risk” group; Low-risk_TT, tumor thrombus tissue in the “Low-risk” group.



To further investigate the oncologic pathway-level analyses, we explored simplified signatures of representative genes associated with angiogenesis, cell cycle, antigen presenting machinery, the complement cascade, EMT feature, and metabolism-related pathways, including Fatty Acid Synthesis (FAS)/pentose phosphate and Fatty Acid Oxidation/AMP-activated protein kinase (FAO/AMPK) signaling (Figure 1A). Patient tumors in “High-risk” group were primarily characterized as highly proliferative, with enrichment of “cell cycle” pathway related genes (Figure 1B). “Low-risk” group also showed increased FAO/AMPK gene signature expression (Figure 1B).



NETosis in the RCC Tumor Thrombus Contributes to the Unfavorable Prognosis

To further understand the relationship between neutrophil and prognosis, the infiltration of neutrophil in tumor and tumor thrombus tissues were analyzed. Patients in the “High-risk” group showed an increase in neutrophil infiltration, especially for tumor thrombus (Figure 1B). Tumor-derived granulocyte colony stimulating factor (G-CSF) as a NET-inducing factor, and NETs-associated marker genes including Histone family, peptidyl arginine deiminase 4 (PADI4), and matrix metalloproteinase 9 (MMP9), were significantly overexpressed in the tumor thrombus (Figure 2A), rather than tumor, of patients with unfavorable prognosis in the “High-risk” group. GSEA revealed that the leukocytes in the peripheral blood of patients with unfavorable prognosis groups were similar to G-CSF-treated PBMCs (Figure 2B).




Figure 2 | NETosis induced by tumor-derived G-CSF in tumor thrombus of RCC. (A) Volcano plot of the upregulated (red) and downregulated (blue) genes between the group between “High-risk” and “Low-risk” of tumor thrombus. G-CSF and NETs-associated marker genes including Histone family, PADI4, and MMP9, were significantly overexpressed in the “High-risk” group. (B) GSEA plot of the enriched hallmark gene sets derived from GSE7400 was performed with DEGs between “High-risk” and “Low-risk” group of PBMC. (C) IHC was performed in tumor thrombus specimens. H3Cit and MPO were stained during NETosis. (D) The bar plot of the IHC score quantification for H3Cit and MPO between the “High-risk” group and “Low-risk” group. Data were expressed as mean ± SD.



Next, we confirmed that NETosis was morphologically detectable in the tumor thrombus through testing positive for a DAPI, H3Cit, and MPO signal with IHC. NETosis was identified in the “High-risk” group instead of “Low-risk” group (Figure 2C). The quantification of IHC staining results indicated that H3Cit and MPO were significantly expressed in the “High-risk” group (Figure 2D). These overall modulations suggest that tumor thrombi were divided into NETosis-thrombi in the “High-risk” group and non-NETosis-thrombi in the “Low-risk” group. And NETs induced by tumor cell-derived G-CSF in tumor thrombus have a mechanistic effect of the poor prognosis with RCC.



NETs-Score Was an Independent Prognostic Factor Validated in the TCGA Data

In WGCNA analysis, the gene co-expression networks were constructed from the basic research cohort. With each module assigned a color, a total of 16 modules were identified and their association with four clinical phenotypes was analyzed, including tissue type (tumor and tumor thrombus) and progression risk (High-risk and Low-risk). The results of the module-trait relationships are presented in Figure 3A, revealing that the black module was found to have the highest association with tumor thrombus tissues with high risk (black module: r = 0.61, p = 0.002). To investigate the underlying function of the genes in black module for the “High-risk_TT” group, we performed GO analysis. In GO analysis, GO terms such as neutrophil activation, neutrophil-mediated immunity, and neutrophil degranulation were enriched in the black module (Figure 3B).




Figure 3 | NETs-score was an independent prognostic factor for localized RCC with tumor thrombus. (A) Heat map of module-trait associations; rows represent the module eigengene, and columns represent clinical traits. (B) Dot plot of the biological process enrichment results in the black module. The dot size and color represent the gene count and enrichment level, respectively. (C) Venn diagram of the 44 overlapping genes were converged in the NETs-associated gene set for signature constructing. black module: 486 genes were found in the black module; neutropath: 41 genes in neutrophil-characteristic GO-terms in this black module; NETs-reference: a summary gene set of NETs-associated genes in prior research. (D) Forest plot of pooled HRs and 95% CI for OS in the TCGA validated data.



As shown in Figure 3C, 486 genes were found in the black module, and 41 genes in neutrophil-characteristic GO-terms in this module. The other was a summary gene set of NETs-associated genes in prior research (see in Methods). As a consequence, the 44 overlapping genes were converged in the NETs-associated gene set for signature constructing (Figure 3C). Based on the data of TCGA cohort, a total of 44 genes related to NETs was adapted to Univariable Cox analysis. As a result, a set of five genes—ATAD3B, ADAM8, F3, PSMD13, and SLC11A1—was initially obtained, with a cutoff criterion of adjusted p< 0.05. Subsequently, we got a NETs-score with ssGSEA analysis of these five genes.

Based on the data of TCGA RNA-seq of non-metastatic RCC with thrombus, NETs-score was adapted to the Cox regression analysis, and each variable was given a regression coefficient β (see Table 2). The factors of age and NETs-score were candidate risk factors in univariable Cox regression analysis (p < 0.05). Due to Fuhrman grade as an important prognosis factor in RCC, we added it in multivariable Cox analysis with age and NETs-score. As a result, NETs-score (p = 0.021, HR 6.5) and age (p = 0.001, HR 1.1) were independent prognostic factors identified (Table 2 and Figure 3D), indicating the NETs-score was a hazard factor for significantly curtailed survival.


Table 2 | Univariate and multivariable Cox proportional hazard regression analysis in the TCGA cohort.





Systemic Immune Perturbations of Lymphocytes Induced in the “High-Risk” Group

According to the TCR repertoire analysis of PBMC via bulk TCR sequencing for the patients in our basic research cohort, the index chao1, a symbol of diversity and richness, was decreased in the “High-risk” group (Figure 4A). Each clonotype in the top 25% of two representative patients in the High-risk/Low-risk group was graphically represented (Figure 4B), which illustrated that the high-abundance overwhelming clonotypes increased in the “High-risk” group.




Figure 4 | TCR diversity was decreased in the “High-risk” group. (A) Changes in the TCRB diversity Chao1 in “High-risk” and “Low-risk” groups. (B) Changes of TOP25% clonotypes in the two representative patients of “High-risk” and “Low-risk” groups. Each circle indicates a clonotype. The size of the circle represents the amount of the clonotype.



Hence, we further investigated the preoperative PBMC transcriptome levels and immune repertoire via scRNA sequencing between two patients in “High-risk” and “Low-risk” groups (Figure 5A). Removing the low-quality cells, we acquired single-cell RNA sequencing (scRNA-seq) profiles from 13,532 cells. After normalization of gene expression and principal component analysis (PCA), we used uniform manifold approximation and projection (UMAP) clustering to separate the cells into 16 clusters (Figure 5B). These clusters could be assigned to seven known cell lineages through marker genes (Figure 5C): Monocytes (2,373 cells, 17.5%, marked with CD14 and FCGR3A), NK cells (1,280 cells, 9.5%, marked with NKG7, GZMH, and GZMA), Dendritic cells (63 cells, 0.47%, marked with FCER1A); macrophages (40 cells, 0.3%, marked with CD68); platelets (110 cells, 0.81%, marked with PPBP); B cells (1,722 cells, 12.72%, marked with MS4A1, CD19, and MZB1); and T cells (7,944 cells, 58.7%, marked with CD4, CD8A). The proportion of each cell lineage varying, obviously, the counts of lymphocytes including naive B cells and CD4 positive central memory T cells (Tcm) decreased while CD4 and CD8 positive effector memory T (Tem) and Treg cells increased in the patient of “High-risk” group (Figure 5D). Integrated with the corresponding single-cell immune repertoire data, we confirmed that the increasingly high proportion of clonal expansion (defined as over one T cells shared the same α-β TCR pair) of the CD4 positive Tem cells occurred in the “High-risk” group (Figure 5E). Systemic perturbations of lymphocytes existed in the “High-risk” group of non-metastatic RCC with thrombus, featured with TCR diversity decrease and immune function inhibition, which also explains that NLR≥4 was associated with poor prognosis in the clinical cohort.




Figure 5 | Perturbations of lymphocytes were induced in the “High-risk” group determined by scRNA. (A) Perioperative PBMC for “High-risk” (3-1) and “Low-risk” (1-1) samples from two treatment-naive localized RCC patients with tumor thrombus are shown. Each dot represents a cell. (B) Sixteen clusters were identified by principal component analysis and visualized with UMAP. (C) UMAP plots show the expression levels of canonical marker genes for 16 cell types. (D) The stack bar plot shows the proportions of all cell subtypes of PBMC. (E) The stack bar plot represents the proportions of all T-cell subtypes of PBMC. The pie chart shows the distribution of TCRB clonotypes in different T-cell subtypes. Expanded clonotype was defined as which is detected more than once.






Discussion

In spite of the hallmark improvements in perioperative care and surgical treatment, locally advanced RCC with tumor thrombus symbolized a relatively adverse prognosis.

The prior research demonstrated that the 5-year CSS of RCC of tumor thrombus without metastasis remains only 58% (5). In this study, the median follow-up was 46.0 months. Median survival time was 127 months. And the 5-year CSS was 66.3% for non-metastasis RCC with tumor thrombus. Apart from clinical and tumor features, our study firstly investigated the blood characteristics as prognosis predictors in the non-metastasis RCC with tumor thrombus. In the clinical cohort, this study has illustrated three clinical-pathologic-blood variables, namely tumor laterality (left), Fuhrman Grade (G3/4), and NLR (≥4), which were independently predictive of unfavorable prognosis using our retrospective research of 203 patients with non-metastatic RCC with thrombus. Consistent with the finding of Xiao R et al., Fuhrman Grade was an unfavorable prognostic factor in localized RCC patients with tumor thrombus (7). Strauss A et al. illustrated that left-sided RCC of the SEER dataset in surgically treated patients tended to present at more advanced stage and has in general adverse CSS (32). Compared to a right side of thrombus of RCC, Thiel DD et al. demonstrated that a left-side thrombus may be associated with poor prognosis that was more aggressive (33). What is more, surgery for the left RCC with tumor thrombus was more complicated than the right. NLR, an established signature of inflammation, has been considered as a prognosis risk factor in the metastatic RCC with thrombus (12).

Considering that approximately 40% of patients with non-metastatic RCC with tumor thrombus developed metastases after surgery, with 37.3 months of the median RFS (4), early recognition of patients at high risk for tumor recurrence is particularly important in exploring adjuvant treatments to achieve better prognosis, such as targeted therapy and immunotherapy therapy of clinical trials (34, 35). In the basic research cohort, patients who reached the endpoint were defined as the “High-risk” group. Otherwise, they were separated into the “Low-risk” group.

Firstly, we compared the local immune and oncologic characteristic of tumor and its paired tumor thrombus according to the RNA-seq data. Compared with the “Low-risk” group, the tumor and tumor thrombus tissue of patients in the “High-risk” group were featured with rich leukocyte infiltrates, such as CD4+ T cells, CD8+ T cells, as well as myeloid cells of macrophages and Neutrophils. This is consistent with previous reports that a high level of local immune cells infiltration in tumor tissue, including T cells and neutrophils, was associated with poor prognosis in RCC (36–38). However, few studies focused on immune cell infiltration of tumor thrombus of RCC, possibly because of the difficulty in obtaining the tumor thrombosis tissue. In our basic research cohort, tumor thrombus shared similar but not identical characteristics with its paired tumor. Interestingly, patients in the “High-risk” group showed an increase in the infiltration level of neutrophils, especially in tumor thrombus tissues.

In response to stimuli, activated neutrophils could release net-like structures as NETs that are composed of DNA-histone scaffold and cytoplasmic and granular proteins. NETs, found in both mouse and human tumors (39, 40), facilitated tumor invasion and metastasis and encouraged tumor progression. NETs could be promoted by tumor-cell-derived factors, primarily G-CSF that can accumulate in the blood of tumor-bearing mice and cancer patients (20, 21, 41). Intriguingly, NETs not only booster tumor progression but also serve as risk factors for cancer-associated thrombosis seen in the cancer of tumor-free mice (21). Furthermore, NETs-associated microthrombi for ischemic stroke and high circulating levels of G-CSF were easily found in patients with cancer (20). In this study, we firstly reported that instead of in the tumor tissue, tumor cells in tumor thrombus released G-CSF. Tumor-thrombus-derived G-CSF was identified to promote neutrophils to form NETs in tumor thrombus. As a result, tumor thrombi could be separated into two types: NETosis- thrombi and non-NETosis-thrombi. NETosis-related thrombus was the unfavorable prognostic factor. Therefore, better NETs-associated biomarkers for progression and prognosis of RCC with tumor thrombus are demanded. In this study, a total of five significant genes for NETs-score were identified for localized RCC with thrombus in the TCGA. NETs-score was an independent factor (p = 0.021, HR 6.5). Non-metastatic RCC with tumor thrombus was treated only with the operation with the excision of venous vena caval thrombus, and no distinct surgical method was superior to it (42). If the prognosis could be predicted in advance according to NETs-score, these patients could receive early intervention of NETosis inhibition to improve survival outcome. However, except for inflammation diseases and pancreatic cancer (23, 43–45), it lacks the NETosis-inhibition-related research for RCC. In the next step, our study intends to conduct research on animal or clinical trials related to the molecular pathway or inhibitors of NETosis.

Tumor cells blocked the effective response of antitumor immunity, including the upregulation of suppressive molecules on the T cells, which were associated with overall survival (46, 47). Morizawa Y et al. identified that the elevated NLR in blood was correlated with the increase of Foxp3+ Treg cells in muscle-invasive bladder cancer (48).

Secondly, apart from the central role of neutrophils in NETosis, this study explored the systemic immune status in non-metastatic RCC with thrombus. We confirmed that the systemic perturbations of lymphocytes were induced in the “High-risk” group. The proportion of Treg cells was increased. Meanwhile, the TCR repertoire diversity was decreased, and the increasingly expanded clonotypes of CD4 positive Tem occurred in the “High-risk” group. In the prior studies, the overwhelming expansion of CD4 positive Tem was found in the state of lymphopenia (49, 50). As the peripheral blood is a limited pool to restore T cells, the expansion clonotype of one T cell subtype may result in suppression of the others (51, 52). As a result, there is not enough room for the enriched naïve T cells. These findings identified that, although the immune system generated much more expanded tumor-associated T cells with the identical TCR clonotype, these expanded immune cells not only failed to kill tumor cells but also impacted the homeostasis of TCR repertoire. The systemic perturbations of T cells in quantity and function may promote the unfavorable prognosis in the “High-risk” group of RCC with thrombus. There are several limitations worth noting, such as the retrospective design in clinical cohort and the limited sample size of basic research cohort in this study. In addition, the prognostic prediction of NETs-score was prone to model based on RNA-seq profile and algorithms. Furthermore, this signature was only validated in localized RCC with thrombus in the TCGA cohort. Therefore, further validation in prospective observational studies with larger sample size is expected.



Conclusion

In summary, NLR, a hematological biomarker, was an independent prognostic risk factor for non-metastatic RCC with tumor thrombus. What is more, this study was the first to further investigate the molecular mechanism of NLR as a prognosis risk factor. Increased neutrophil infiltration and more NETs stimulated by tumor cell-derived G-CSF in the tumor thrombus occurred in the “High-risk” group. Moreover, the lymphocytes in the “High-risk” group showed a systemic disorder, including TCR diversity decreasing and CD4 Tem amplification occurring, which was found in the state of lymphopenia in prior studies.
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Previous studies have shown that the miR-17-92 cluster is involved in the occurrence and development of bladder cancer. However, the role of serum miR-17-92 cluster in the diagnosis of bladder cancer has not been studied. In the present study, we evaluated the expression of miR-17-92 cluster members in bladder cancer tissues by analyzing 428 cases from TCGA database. Next, we collected the sera of 74 bladder cancer patients and 90 controls, and used qRT-PCR to detect the relative expression of the cluster. The results showed that the expression of the cluster members in the sera of patients were significantly higher than that of the controls, and they were positively correlated with the clinical stage and pathological grade of the patients. We evaluated their ability to diagnose bladder cancer using ROC, of which miR-92a-3p (AUC = 0.902), miR-17-5p (AUC = 0.845) and miR-20a-5p (AUC = 0.806) were the most prominent. Finally, we established a diagnostic model by logistic regression (AUC = 0.969). We further validated the results of the study using another dataset from the GEO database. Moreover, we evaluated the prognostic value of the cluster. The results revealed that miR-20a-5p was correlated with recurrence of bladder cancer. In summary, the present study validated the overexpression of serum miR-17-92 cluster in bladder cancer. The model composed of the three cluster members were confirmed to be a promising noninvasive biomarker for bladder cancer diagnosis.
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Introduction

Bladder cancer (BC) is the sixth most common cancer worldwide, with the eighth highest mortality rate (1). Unfortunately, little improvement in the diagnosis and treatment of BC has been made over the past three decades, unlike many other tumors (2). The main reason was that the existing diagnostic methods for BC cannot meet the needs of clinical work. A good BC diagnosis method can not only help the early diagnosis and treatment of BC, but can also monitor the recurrence after surgery. At present, cystoscopy is the gold standard for detecting BC, but its detection method is invasive (3). It is usually accompanied by risks of bleeding, UTI, and difficulty urinating, so it is not suitable for early cancer screening. Also, long-term frequent cystoscopy after surgery will bring a great mental burden to patients (4). Therefore, it is necessary to find new feasible diagnostic methods for BC.

In recent years, the research on BC diagnostic biomarkers has aroused great interest, but most of them has not yet been clinically available (5, 6). Biomarkers with high specificity and sensitivity from body fluids may be effective tools for non-invasive BC detection.

microRNAs (miRNAs) are small non-coding and endogenous RNAs which can bind to the 3′-UTR of target mRNAs, regulate gene expression and thus lead to mRNA degradation or translation inhibition (7, 8). Mounting evidence has shown that circulating miRNAs are promising biomarkers for tumor detection for the reason that miRNAs can be stably detected in circulating blood (9–11).

Many miRNAs are located in polycistronic miRNA “clusters”, where multiple miRNAs are produced from a single primary transcript. The miR-17-92 cluster, also named as oncomiR-1, is a frequently amplified locus in cancer (12). The cluster encodes six mature miRNAs: miR-17-5p, miR-18a-5p, miR-19a-3p, miR-20a-5p, miR-19b-3p and miR-92a-3p. Many studies have reported that members of the miR-17-92 cluster are upregulated in BC cells and play a carcinogenic role (13–17). Therefore, we want to know whether this cluster can be used as new circulating markers to diagnose BC.

In the present study, we tested the relative expression levels of miR-17-92 cluster members in BC tissues and patient sera. We evaluated the diagnostic ability of serum miR-17-92 cluster. We also constructed a three-miRNA model, which has a high sensitivity and specificity for BC diagnosis. These results were also confirmed in the external verification set. Furtherly, we explored the relationship between the cluster and BC recurrence.



Materials and Methods


Study Design

We firstly tested the differential expression of the miR-17-92 cluster (miR-17-5p, miR-18a-5p, miR-19a-3p, miR-20a-5p, miR-19b-3p and miR-92a-3p) in BC and adjacent normal bladder tissues using data from The Cancer Genome Atlas (TCGA) database. We then analyzed the differential expression of circulating miR-17-92 cluster in the sera from 74 BC patients and 90 healthy controls (HCs) using the quantitative reverse transcription-polymerase chain reaction (qRT-PCR) method. Also, we discovered the expression trends of miR-17-92 cluster members of BC patients with different pathological grades and stages. We evaluated the diagnostic ability of miR-17-92 cluster by ROC analysis. A logistic regression model was established to enhance the sensitivity and specificity of diagnosis. A GEO dataset (including 492 samples) was used as an external validation set to furtherly confirmed the diagnostic value of serum miR-17-92 cluster in BC. We also test the expression of the cluster in BC cell lines and a normal transitional epithelial cell line (SV-HUC-1). The culture medium was used to illustrate the origin of circulating miRNAs. Moreover, Cox regression analysis and Kaplan-Meier analysis were used to evaluate their relationship with BC recurrence. The design of this study was shown in Figure 1.




Figure 1 | The flowchart of the study design. BLCA, bladder urothelial carcinoma; ROC, receiver operating characteristic.





Enrollment of Participants

The present study enrolled a total of 74 BC patients from Peking University Shenzhen Hospital between June 2017 and July 2019. All serum samples were collected before accepting any treatment. The histological grade was classified according to the standards of World Health Organization. The tumor stage was confirmed based the TNM staging system. We enrolled a total of 90 HCs who came to the hospital for physical examination and had no history to tumors and other diseases. The age and gender of HCs and BC patients were matched. The demographic and clinical characteristics of the participants was listed in Table 1. No significant differences were found in age or gender distribution among BC and HCs group (p > 0.05). All participants in this study had signed informed consent forms before their blood samples being collected, and agreed to be included in this study. This study had been approved by the Ethics Committee of Peking University Shenzhen Hospital. The study was processed following the Declaration of Helsinki. The specimen collection process was implemented according to regulations of the committee.


Table 1 | Demographic and clinical characteristics of 164 participants enrolled in the study.





Data Acquisition

We obtained the miRNA-sequencing data of the Bladder Urothelial Carcinoma (BLCA) from TCGA database, which contained 19 normal bladder epithelial tissues, 409 bladder urothelial carcinoma tissues. The corresponding clinical information of the patients were also obtained. A serum miRNA expression profile matrix GSE113486, which consist of serum samples from multiple tumors and normal controls, were downloaded from the GEO database. It was performed on GPL21263 Toray Industries platform. The expression data and clinical information of 392 BC patients and 100 non-cancer controls inside it were utilized in our study. All miRNA expression data were standardized and log2 transformation for further analysis.



Serum Sample Collection

We collected 10ml peripheral blood of each participant before their accepting any treatment. The peripheral blood was centrifuged at 1000 g for 10 minutes and 15,000 g for 5 minutes at 4°C within 2 hours. 2 µl of 10 nmol/L synthetic C. Elegans miRNA-39 (RiboBio, Guangzhou, China) was spiked into each serum sample before the experiments to control the variability during the extraction and purification process.



Cell Culture

The normal transitional epithelial cell (SV-HUC-1) and BC cell lines including RT4, J82, UM-UC-3, 5637 and T24, were obtained from Shanghai Institute of Biochemistry and Cell Biology (Shanghai, China). The cells were maintained in Dulbecco’s modified Eagle’s medium (DMEM; Gibco; Thermo Fisher Scientific. Inc., Waltham, MA, USA) or RPMI-1640 (Gibco; Thermo Fisher Scientific, Inc., Waltham, MA, USA) supplemented with fetal bovine serum (FBS; 10% Gibco; Thermo Fisher Scientific, Inc.), antibiotics (1% 100 μl/ml penicillin and 100 mg/ml streptomycin sulfates) and glutamine (1%) in 37°C with 5% CO2. We collected the culture media from culture plates after the cells were cultivated for 24h, 48h, and 72h.



RNA Extraction and Quantitative Reverse Transcription-Polymerase Chain Reaction

Total RNA was extracted from sera, cell lines and culture media using the TRIzol LS isolation kit (Thermo Fisher Scientific, Waltham, MA, USA) in accordance with the manufacturer’s instructions. Later, total RNA was resuspended with 30 µl RNase-free water and stored at −80°C for further experiments. Using the NanoDrop 2000 spectrophotometer (NanoDrop, Wilmington, DE, USA), we evaluated the concentration and purity of the extracted RNA.

The amplification of miRNAs was conducted using the specific reverse transcription primers from Bulge-Loop miRNA qRT-PCR Primer Set (RiboBio, Guangzhou, China). The real-time polymerase chain reaction was performed using SYBR Green qPCR kit (SYBR Pre-mix Ex Taq II, TaKaRa) in 384-well plates on LightCycler 480 Real-Time PCR System (Roche Diagnostics, Mannheim, Germany) at 95°C for 30 s, followed by 35 cycles in 95°C for 10 s, 60°C for 20 s and then 70°C for 10 s. The specificity of the PCR product was confirmed by melting curve analysis at last. The relative expression levels of target miRNAs were calculated by the 2−△△Cq method (18) and normalized to the spiked-in control cel-miR-39. All reactions had repeated three times or more.



Statistical Analysis

The differential expression of each miRNA between BC and HCs groups were analyzed using Students’ T-test or Mann–Whitney U test. Multiple comparisons among different phases were analyzed using the Kruskal-Wallis rank test. Binary logistic regression analysis was performed to build the miRNA signature. And we evaluated the calibration by the Hosmer-Lemeshow goodness-of-fit test. Thee diagnostic ability of the miRNAs were evaluated by Receiver operating characteristic (ROC) curves and the area under the ROC curve (AUC). The optimal cut-off was determined by the Youden index (calculated as J = Sensitivity + Specificity − 1). Cox regression analysis and Kaplan-Meier analysis were used for prognostic analysis. We evaluated the calibration using the Hosmer-Lemeshow goodness-of-fit test. We used Receiver operating characteristic (ROC) curves and the area under the ROC curve (AUC) to evaluate the diagnostic ability of miRNAs. The Youden index was used to determine the optimal cut-off (Youden index= Sensitivity + Specificity − 1). Cox regression analysis and Kaplan-Meier analysis were used for prognostic analysis. All statistical analyses in this study were performed using SPSS software (Version 20, Chicago, USA), GraphPad Prism (Version 8, LaJolla, CA), and Medcalc (Version 19, Ostend, Belgium). Differences were considered to be significant when p-value was less than 0.05.




Results


Expression of miR-17-92 Cluster Members Was Remarkably Elevated in BC

We downloaded miRNA-isoform sequencing data of BLCA from the TCGA database, including 409 bladder cancer tissues and 19 normal bladder epithelium tissues. The differential expression ratio (logFC) and expression level (logTPM) of miR-17-92 cluster in BC tissues and para-carcinoma tissues are shown in Table 2. The higher the fold change (FC) value indicates the greater the difference in expression of the miRNA between the two groups, and it can better distinguish the two groups of samples. The higher the TPM value indicates the higher the expression level of the miRNA, which means it can be found in a smaller amount of sample. As shown in Figure 2, all 6 members of the miR-17-92 cluster are highly upregulated in BC tissues. The TPM value of miR-92a-3p is the highest among all. Such results support previous studies that the miR-17-92 cluster may play a carcinogenic role in BC.


Table 2 | The expression profiles of miR-17-92 cluster members in BC tissues and patient sera.






Figure 2 | Expression profiles of miR-17-92 cluster members in bladder cancer tissues. Data were downloaded from The Cancer Genome Atlas database, including 19 para-carcinoma tissues (normal), 409 bladder urothelial carcinoma tissues(tumor).



We detected the miR-17-92 cluster relative expression levels of the preoperative sera of 74 BC patients and the sera of 90 HCs. The results were consistent with tissue. As shown in Figure 3 and Table 2, all members in miR-17-92 cluster were enriched in sera of BC patients. Among them, the expression differences of miR-18a-5p and miR-19a-3p in the two groups of sera were relatively small (0.05>P> 0.01), while the other miR-17-92 cluster members were significantly enriched in the sera of BC patients (P<0.01).




Figure 3 | Expression of miR-17-92 cluster members in the sera of bladder cancer patients. HCs group includes sera of 90 healthy controls and BC group includes sera of 74 patients.





Expression of miR-17-92 Cluster Members in Sera of Patients With Different Stages and Grades

We divided the 74 BC patients from our cohort into four groups based on different clinical stages, and into two groups based on different pathological grades. There were 5 patients with ≥pT3, 13 T2N0M0 patients, 30 T1N0M0 patients, and 26 TaN0M0 patients. There were 39 high-grade and 35 low-grade BC patients. The expression levels of miR-17-5p, miR-18a-5p, miR-20a-5p and miR-92a-3p in patients’ sera were significantly positively correlated with patients’ clinical grade (Figure 4A). But for miR-19a-3p and miR-19b-3p, this trend is not obvious. The expression levels of miR-17-5p, miR-20a-5p and miR-92a-3p in the sera of high-grade BC patients are much higher than those in low-grade patients (Figure 4B). The expression of serum miR-18a-5p, miR-19a-3p and miR-19b-3p was not related to BC pathological grade.




Figure 4 | The expression of miR-17-92 cluster members in the sera of patients with different clinical stages and pathological grades. (A) shows their expression in the sera of patients with different clinical stages. There are 26 TaN0M0 patients, 30 T1N0M0 patients, 13 T2N0M0 patients, and 5 patients with ≥pT3. (B) shows their expression in the sera of patients with different pathological grades. There are 35 low-grade and 39 high-grade BC patients. *P < 0.05, **P < 0.01, ***P < 0.001.





Evaluation of the Diagnostic Ability of miR-17-92 Cluster Members in BC

To assess the diagnostic value of the serum miR-17-92 cluster members in discriminating BC patients from healthy controls, ROC curve analyses were conducted. As shown in Figure 5A and Table 3, of the six miR-17-92 cluster members investigated, serum miR-92a-3p exhibited the highest accuracy in diagnosing BC, with an AUC of 0.902 (p = 0.022). Serum miR-17-5p (AUC = 0.845), miR-20a-5p (AUC = 0.806) and miR-19b-3p (AUC = 0.741) have moderate diagnostic ability. In contrast, serum miR-18a-5p (AUC = 0.597) and miR-19a-3p (AUC = 0.596) BC diagnosis ability is very low.




Figure 5 | ROC results for the miR-17-92 cluster members and the three-miRNA diagnostic model (miR-130a-3p, miR-130b-3p and miR-301a-3p). (A) The AUC value of miR-17-5p is 0.845, miR-18a-5p is 0.597, miR-19a-3p is 0.596, miR-20a-5p is 0.806, miR-19b-3p is 0.741, miR-92a-3p is 0.902. (B) The AUC value of the three-miRNA model is 0.969 (95% CI: 0.931 - 0.989; sensitivity = 90.36%, specificity = 94.44%).




Table 3 | Outcomes of ROC and Youden index for miR-17-92 cluster members.





Construction of BC Diagnostic Model

Usually, one single biomarker is unable to achieve great sensitivity and specificity simultaneously. To achieve better diagnostic ability, it is practicable to combine several miRNAs into one diagnostic model. Therefore, we selected three miRNAs (miR-17-5p, miR-20a-5p and miR-92a-3p) with AUC over 0.8 to construct a diagnostic model using the stepwise logistic regression method. We found that the AUC for the three-miRNA model was 0.969 (95% CI: 0.931 - 0.989; sensitivity = 90.36%, specificity = 94.44%; Figure 5B). The Hosmer-Lemeshow P value of the model was 0.885, suggesting adequate calibration. The model was calculated with the formula:





External Validation of miR-17-92 Cluster Expression in Sera of BC Patients

To further prove our results, GSE113486 was used as the external validation set for this study. GSE113486 contained 392 BC serum samples and 100 control serum samples. Figure 6 shows the signal intensity of miR-17-92 cluster members in each group of samples. Affected by the sensitivity of gene microarray detection and the low titer of miRNA expression in serum, many cases of the miR-17-92 cluster members were undetected, both in the tumor and the control group. However, this situation had no much effect on the results. The results in Table 2 show that the logFC values of miR-17-92 cluster members were all above 2, meaning they were significantly up-regulated in the sera of BC patients from the external validation set. But their absolute expression levels in serum are different. For example, the average expression level of miR-19a-3p is only 0.56, indicating that it is low both in the sera of patients and in the sera of controls. In contrast, the average expression level of miR-92a-3p is 6.32, indicating that it has a high basal content in serum and is more suitable as a biomarker.




Figure 6 | External validation of miR-17-92 cluster expression in sera of bladder cancer patients. The validation set included 392 BC patients and 100 non-cancer controls.





Origin of Serum miR-17-92 Cluster

To verify the hypothesis that serum miR-17-92 cluster was released into circulation by BC tumor cells, we detected the miR-17-92 cluster relative expression levels in a normal transitional epithelial cell line SV-HUC-1 and 5 BC cell lines. The results showed that miR-17-5p, miR-18a-5p, miR-20a-5p, miR-19b-3p, miR-92a-3p were significantly upregulated in three or more BC cell lines, especially in 5637, T24 and UM-UC-3 (Supplementary Figure S1A). miR-19a-3p was only upregulated in UM-UC-3 cell line. Later, we detect miR-17-92 cluster expression in the culture media at different time points after cultivation. We observed that expression level of the miR-17-92 cluster from culture media of 5637, UM-UC-3 and T24 cell lines increased with time while no obvious change was found in normal transitional epithelial cell line SV-HUC-1 culture media (Supplementary Figure S1B). These results indicated that BC-related miR-17-92 cluster could enter into the cell culture media.



Prognostic Value of Serum miR-17-92 Cluster in Predicting Recurrence of BC Patients

To explore the prognostic value of serum miR-17-92 cluster, we followed up the BC patients after surgery to observe if their tumors recur. Among them, 8 BC patients had undergone radical cystectomy and therefore were excluded. Other patients, including 26 with TaN0M0, 30 with T1N0M0, and 10 with T2N0M0, were treated with transurethral resection of bladder tumor surgery (TURBT). After surgery, these patients were treated by bladder perfusion chemotherapy with gemcitabine. Patients were given pirarubicin at 30 mg per week for first 8 weeks after surgery, followed by pirarubicin at 30 mg per month for 10 months. In the patients we followed, all recurrences occurred in the bladder. The results of univariate Cox regression analysis showed that pathological grade, miR-18a-5p, miR-20a-5p, miR-19b-3p, and miR-92a-3p were correlated with the recurrence of BC (Table S1). In multivariate Cox regression analysis, miR-20a-5p and miR-92a-3p were the more significant factors (Table S1). The results of Kaplan-Meier analysis revealed that high serum miR-20a-5p expression was correlated with high recurrence risk in BC patients (p = 0.004) (Figure S2). The rest of miR-17-92 cluster members showed no significant correlation with recurrence in Kaplan-Meier analysis.




Discussion

Liquid biopsy is a very promising method that has been extensively researched over the last decade. Liquid biopsy is anticipated to be used as the foundation for precise medical patient selection, including therapy selection and real-time monitoring of treatment impact. Furthermore, liquid biomarkers in urine and blood, such as DNA methylation and mutations, protein-based assays, gene signatures, and non-coding RNAs, might pave the way for molecular diagnosis and tailored therapy of bladder cancer (19). After therapy, biomarkers in urine may be useful in estimating residual illness or recurrence of bladder cancer; hence, liquid biopsy in urine may be a valuable source of personalized medicine prognostic biomarkers (19).

Emerging research indicates that microRNAs have tremendous promise for use in the diagnosis, prognosis, and therapy of urinary malignancies, and that microRNAs have considerable potential as biological fluid indicators of urinary system tumors, such as serum and urine (20). For example, Sebastian L Hofbauer et al. identified a 6-microRNA signature in urine for diagnosis of bladder cancer (21) and Wataru Usuba et al. identified a 7-miRNA panel in serum for specific and early detection in bladder cancer (22). In terms of prognosis research, the study found that let-7c cluster evaluation may enhance prognosis by recognizing patients’ risk of progression and addressing early radical therapy in high grade non-muscle-invasive bladder cancer (23).

Early detection of BC is also critical to a better prognosis and quality of life. Because it is non-invasive, serum-based miRNA screening is an unique and widely available diagnostic method. In this study, we selected the serum miR-17-92 cluster members (miR-17-5p, miR-18a-5p, miR-19a-3p, miR-20a-5p, miR-19b-3p and miR-92a-3p) as candidate biomarkers for BC diagnosis.

The miR-17-92 cluster is located in the open reading frame 25 of chromosome 13 (C13orf25) and is a highly conserved polycistronic miRNA cluster. The miRNA-17-92 cluster is highly expressed in various tumor cells, such as lung cancer, breast cancer, pancreatic cancer, prostate cancer and BC (24, 25). Therefore, it is also called “oncomiR1”. Recently, basic researches on miR-17-92 cluster members in BC have also received attention. For example, modification of the SNHG16/miR-17-5p/TIMP3 signal may help delay the progression of BC (15). Circ-ITCH upregulates the expression of miR-17-5p target genes p21 and PTEN by stimulating miR-17-5p, thereby inhibiting the malignant biological behavior of BC (14). miR-19a-3p promotes BC invasion and EMT by targeting RhoB (26). Similarly, miR-20a-5p can also promote BC cell growth and invasion by targeting PTEN (16).

Nonetheless, the connection between serum miR-17-92 cluster and BC has not been studied. Also, there are no studies on the clinical application of miR-17-92 cluster members in the diagnosis and treatment of BC. The present study aimed to explore the potential of miR-17-92 cluster to be diagnostic biomarkers for BC and the results were satisfactory. We confirmed the overexpression of miR-17-92 cluster in BC tissues using TCGA-BLCA data, which was consistent with previous studies. We then evaluated the differential expression of miR-17-92 cluster in serum. It was found that serum miR-92a-3p (AUC = 0.902) has extremely high BC diagnostic ability. Serum miR-17-5p (AUC = 0.845), miR-20a-5p (AUC = 0.806) and miR-19b-3p (AUC = 0.741) have moderate diagnostic ability. Then, we constructed a three-miRNA diagnostic model through logistic regression to improve specificity and sensitivity. The AUC of the model is as high as 0.969 (95% CI: 0.931 - 0.989; sensitivity = 90.36%, specificity = 94.44%), showing an excellent diagnostic ability for BC. The following external data validation (492 cases) also confirmed the reliability of our results. We also proved the overexpression of miR-17-92 cluster in BC cell lines. And we observed that miR-17-92 in the culture media of BC cell lines was gradually increased with incubation times, supporting our hypothesis that elevated serum miR-17-92 cluster was released into circulation by BC tumor cells. Among members of miR-17-92 cluster, serum miR-20a-5p expression level was associated with the recurrence of BC patients and have the potential to serve as a prognostic indicator.

In spite of the meaningful findings we obtained, certain limitations should be mentioned. All sera used in this study were taken from patients before surgery and postoperative sera were deficient. Moreover, the sample size of this study was relatively small, and multicenter study in the future is needed. The follow-up period after surgery was not long enough to obtain a more accurate conclusion. We will continue to recruit new cases and follow up, to furtherly confirm the clinical value of miR-17-92 cluster in our future work. Also, microRNAs in urine have great prospects in the diagnosis of urinary tumors (20). We will further evaluate the miRNA model in urine of patients with bladder cancer to test the role of the tool as a non-invasive biomarker for urine. Many miRNAs are involved in the inhibition of chemoresistance, while others are involved in the induction of chemoresistance (27). For example, miR-17-5p is overexpressed in pancreatic cancer and miR-17-5p inhibitor heightens the sensitivity of gemcitabine chemotherapy by up regulating the expression of Bim (28). It’s worth evaluating the expression levels of the miR-17-92 cluster correlate with the pharmacological response to drugs conventionally used in bladder treatment.

In conclusion, we confirmed that miR-17-92 cluster expression was significantly upregulated in BC tissue, cell lines, and serum compared to normal controls. Serum miR-17-92 cluster members could serve as potential diagnostic biomarkers for BC. Among them, the three-miRNA model constructed by miR-92a-3p, miR-17-5p and miR-20a-5p exhibited excellent diagnostic ability (AUC = 0.969), showing its potential to be a new noninvasive biomarker for the diagnosis of BC.
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Case Report: Molecular Characterization of Aggressive Malignant Retroperitoneal Solitary Fibrous Tumor: A Case Study
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Solitary fibrous tumors (SFT) are mesenchymal neoplasms with a favorable prognosis usually originating from the visceral pleura. Rarely, they may occur at various extrapleural sites and show malignant behavior coupled with dedifferentiation. NAB2-STAT6 fusion gene and STAT6 nuclear expression are biomarkers for diagnosis of SFT in addition to CD34, Bcl-2, and CD99. Furthermore, several reports have shown specific NAB2-STAT6 fusion variants and loss of STAT6 protein expression are associated with malignancy. We report a rare case of retroperitoneal SFT which rapidly progressed to death within 35 days after admission. Autopsy found a primary tumor containing both benign and malignant histologies, with multiple metastatic sites similar to the malignant, dedifferentiated tumor. STAT6 was detected in the primary differentiated tumor but not in the primary dedifferentiated tumor or lung/liver metastases. However, the NAB2-STAT6 fusion gene (NAB2ex6/STAT6ex16 variant) was detected in the primary tumor and lung/liver metastases. Intriguingly, fusion gene expression at the transcriptional level was downregulated in the dedifferentiated tumors compared to the differentiated tumor. We further performed target DNA sequencing and found gene mutations in TP53, FLT3, and AR in the dedifferentiated tumors, with TP53 mutations especially found among them. We demonstrate that downregulation of NAB2-STAT6 fusion gene at the transcriptional level is associated with malignant SFT for the first time. Moreover, the present study supports the idea that TP53 mutations promote malignancy in SFTs.




Keywords: malignant solitary fibrous tumor, NAB2-STAT6 fusion gene, STAT6 nuclear expression, target DNA sequencing, TP53 mutation



Introduction

Solitary fibrous tumors (SFT) are mesenchymal neoplasms usually originating from the visceral pleura but can occur at various extrapleural sites (1). They are usually slow-growing with favorable prognoses but approximately 10-20% develop malignancy (2, 3). SFTs are diagnosed by histologic features and CD34 immunostaining while positive findings for Bcl-2 and CD99 are supportive for diagnosis (1). However, recent advances in next generation sequencing have established a fusion gene of juxtaposed NGFI-A binding protein 2 (NAB2) and signal transducer and activator of transcription 6 (STAT6) as the genetic hallmark of SFT (4, 5). Subsequently, immunohistochemical detection of STAT6 nuclear expression is reported as a highly sensitive and specific biomarker for SFT diagnosis (6, 7). Here, we present a rare case of retroperitoneal SFT where the primary tumor contained a clear delineation between benign (CD34- and STAT6-positive) and malignant (CD34- and STAT6-negative) histologies. After diagnosis, the patient quickly died from rapid exacerbation of metastases. Here, we analyze the molecular characteristics of this unique case and discuss mechanisms for the observed malignant phenotype.



Material and Methods


Immunohistochemistry

The tissue specimens were cut into 4μm-thick sections from formalin-fixed, paraffin-embedded (FFPE) blocks before deparaffinization and antigen retrieval using PT Link (Dako, Agilent Technologies). Target retrieval solution ‘high’ was used for staining of CD34 and STAT6 while ‘low’ was used for Ki67. Immunostaining was performed using a Dako Autostainer Link 48 (Agilent Technologies) with the primary antibody (anti-Ki67 antibody [Cat#:IR626, Dako], anti-CD34 antibody [Cat#:IR632, Dako] or anti-STAT6 antibody [1:400 dilution, Cat#: SC-621, SantaCruz]) and REAL Envision HRP rabbit/mouse (Agilent Technologies) as a secondary antibody. Immunoreactivity was detected with DAB (Dako REAL EnVision Detection system, Agilent Technologies) and counterstaining was performed with hematoxylin.



RT-PCR and Sanger Sequencing

Total RNA was extracted from frozen samples by RNeasy Mini Kit (Qiagen). The RNA was then reverse-transcribed into cDNA using a High Capacity cDNA Reverse Transcription Kit (Thermo Fisher Scientific). PCR was performed by Quick Taq® HS DyeMix (TOYOBO) according to the manufacturer’s instructions. The primer sets for the detection of NAB2-STAT6 fusion genes were previously designed by Tai et al. (8). Hypoxanthine phosphoribosyltransferase 1 (HPRT) was used as an internal control. Primer sequences are listed in Supplementary Table 1. PCR products were loaded onto 2% agarose gels with ethidium bromide and visualized under UV illumination. Confirmed PCR products were directly sequenced using an Applied Biosystems 3730xl Genetic Analyzer (Thermo Fisher Scientific).



Next-Generation Sequencing

DNA was extracted from frozen samples by QIAamp DNA Mini Kit (Qiagen) or from FFPE samples by AllPrep DNA/RNA FFPE kit (Qiagen). A QIAseq Human Comprehensive Cancer Panel (DHS-3501Z-12, Qiagen) was used for library construction according to the manufacturer’s instructions. The libraries were assessed using a Bioanalyzer High Sensitivity DNA Kit (5067-4626, Agilent Technologies) and applied to a MiSeq sequencer (Illumina) to obtain 2x151-base reads. FASTQ files were imported to CLC Genomics Workbench (ver.12.0, Qiagen) and compared with normal kidney to remove the germline mutations. Somatic mutations were selected by allele frequency >=5% and coverage >=100x.




Case Presentation


Clinical Summary

A 53-year-old man with an unremarkable past medical history presented to our department with lower abdominal pain. Enhanced chest and abdominal computed tomography (CT) showed a 10x10x10 cm pelvic tumor and, although central necrosis was revealed, the anterior-to-left periphery of the tumor was markedly enhanced. The tumor margin was clear in most parts but had partly invaded into the right pelvic wall. Marked hypermetabolism in the invasive area of the tumor was seen on 18F-fluorodeoxyglucose-positron emission tomography (FDG PET) (Figures 2A, B) and both CT and FDG PET revealed multiple lung and bone metastases. We clinically diagnosed retroperitoneal sarcoma or malignant mesenchymal tumors based on the image findings. Therefore, we next carried out percutaneous needle biopsy of the primary masses to determine a pathological diagnosis, finding specimens composed of spindle-shaped malignant cells positive for STAT6 that led to a pathological diagnosis of solitary fibrous tumor (SFT). Cytotoxic chemotherapy was planned but the patient’s condition rapidly deteriorated, with respiratory failure, disseminated intravascular coagulation, and finally death from multiple organ failure occurring 35 days after admission. A chronological summary of the case report is shown in Figure 1.




Figure 1 | Case report timeline.





Autopsy Findings

Figure 2C shows the gross findings from the tumor autopsy, namely a well-circumscribed and smooth area on the left side and a poorly margined and lobulated area on the right side corresponding to radiological imaging findings (Figures 2A, B). Pathological findings also differed between the left (Figures 3A–E) and right sides (Figures 3F–J) of the tumor. On the left side, spindle-shaped tumor cells with mild atypia and collagen fiber proliferation were observed. The mitotic activity was 0.3/10 HPF and tumor necrosis was not observed. The Ki-67-positive rate was low, around 1% (Figure 3B), but cells were diffusely stained with CD34 (Figure 3C) and tumor cell nuclei were positively stained with STAT6 (Figure 3D). The left side findings fit the definition of SFT in the WHO Classification (9). On the right side, round or short spindle-shaped tumor cells with high N/C ratios proliferated in a honeycomb pattern. In contrast to the left side, the mitotic activity was 80-100/10 HPF and tumor necrosis was detected. Moreover, the around 80% of these tumor cells were stained with Ki-67 (Figure 3G) but completely negative for CD34 and STAT6 (Figures 3H, I). Tumor cells from both sides were positive for CD99 (Figures 3E, J), focally positive for BCL-2, and negative for p53 (data not shown). From these observations, the left side lesion was considered to be the differentiated SFT while the right side lesion was composed of a dedifferentiated tumor. We next conducted a complete histological examination of the multiple metastatic sites revealed at autopsy, including more than 30 lung metastases, 2 liver metastases, 3 bone metastases and 1 adrenal metastasis, and pathological findings for all sites were similar to the right-side dedifferentiated tumor. We thus diagnosed the dedifferentiated tumors as malignant SFT, which were transformed from the differentiated SFT on the left side of the primary site.




Figure 2 | Radiological imaging and macroscopic findings of primary site. (A) Enhanced abdominal CT showing central necrosis and the marked enhancement of anterior to left periphery of the tumor. At the right periphery, the tumor is seen invading the pelvic wall (white arrow). (B) 18F-fluorodeoxyglucose-positron emission tomography showing the marked hypermetabolism in the right invasive area of the tumor. (C) Autopsy specimen, with a well-circumscribed and smooth area (left side: gray arrow) and poorly margined and lobulated area (right side: white arrow).






Figure 3 | Primary Site Pathology. Pathologic findings were distinct between the left (A-E) and right (F-J) sides of the tumor. On the left side (gray arrow in Figure 2C), spindle-shaped tumor cells with mild atypia and collagen fiber proliferation are seen (A). Ki-67 positive cells were around 1% (B). Tumor cells positively stained with CD34 (C), STAT6 (D) and CD99 (E). On the right side (white arrow in Figure 2C), round or short spindle-shaped tumor cells with high N/C ratios proliferating in a honeycomb pattern are seen (F). Around 80% of tumor cells were positive for Ki-67 (G) and CD99 (J) but not CD34 (H) or STAT6 (I). Scale bar: 50µm.





Molecular Findings

Detecting the NAB2/STAT6 fusion gene is the gold standard for SFT diagnosis but, in the present case, STAT6 protein expression within dedifferentiated tumors was not observed. To clarify NAB2/STAT6 fusion gene status, we performed RT-PCT analysis of the primary differentiated tumor, primary dedifferentiated tumor, and lung/liver metastases. The NAB2 exon 6/STAT6 exon 16 (NAB2ex6/STAT6ex16) variant was identified in the primary differentiated tumor (Figure 4A), with Sanger sequencing revealing a stretch (111bp) of NAB2 intronic sequence between the NAB2 exon 6 and STAT6 exon 16 (Figure 4B). The NAB2ex6/STAT6ex16 variant was also detected in the primary dedifferentiated tumor and lung/liver metastases (Figure 4C), albeit at lower levels compared to the primary differentiated tumor.




Figure 4 | NAB2-STAT6 fusion gene status in primary and metastatic sites. (A) Agarose gel separation of a NAB2-STAT6 fusion-specific RT-PCR product (NAB2ex6/STAT6ex16, Lane 4) from the primary differentiated tumor. (B) Detection of NAB2ex6/STAT6ex16 fusion gene from the primary site (differentiated and dedifferentiated tumors) and metastatic sites. (C) Sanger sequencing chromatogram of a NAB2/STAT6 fusion-specific RT-PCR product. Dif: differentiated tumor. Dedif: dedifferentiated tumor.



We next performed target DNA sequencing using a comprehensive cancer panel for the primary differentiated tumor, primary dedifferentiated tumor, and lung/liver metastases. All non-synonymous variants are listed in Supplementary Tables 2-5. The number of gene mutations was 164 in the primary differentiated tumor, 105 in the primary dedifferentiated tumor, 69 in the lung metastasis and 139 in the liver metastasis (Figures 5A, B). At the primary site, 75 genes were shared between the differentiated and dedifferentiated tumors. In the dedifferentiated tumors, 33 genes were shared between the primary and metastatic sites. Oncoprinting of gene mutations among four lesions is shown in Supplementary Table 6. Mutations with variant allele frequency <10% were excluded from further analysis to clarify the significance of the mutations and a summary is shown in Figure 5C. The gene mutations in TP53, FLT3, and AR were found in dedifferentiated tumors while the TP53 mutation (c.97del; p.Ser33fs) was especially found in all dedifferentiated tumors.




Figure 5 | Characteristics of genomic alterations in primary and metastatic sites. (A) Number of all gene mutations between primary differentiated and dedifferentiated tumors. (B) Number of all gene mutations between primary and metastatic sites in dedifferentiated tumors. (C) Mutational heatmap for the primary differentiated tumor, primary dedifferentiated tumor, and lung/liver metastases. Mutations with variant allele frequency <10% were excluded.






Discussion and Conclusions

Here, we present a rare case of retroperitoneal SFT with clear delineation between benign and malignant histologies within a single primary tumor. The malignant side met the criteria for a pathological judgement of malignancy, namely high cellularity and mitotic activity (more than four mitotic figures per 10 high-power fields), pleomorphism, hemorrhage, and necrosis (10). Pathological findings of all metastatic sites obtained at autopsy were similar to the malignant, dedifferentiated lesion. Demicco et al. reported a risk stratification model for SFT incorporating patient age, tumor size, mitotic activity and necrosis to predict metastatic risk (11). According to this model, no metastases were seen in low risk cases, while intermediate risk patients had a 10% risk of metastasis at 10 years and high-risk SFT had a 73% risk of metastasis at 5 years. The present case was categorized as intermediate risk; nevertheless, the disease rapidly progressed and patient condition quickly deteriorated. This suggests that clinicopathological classification has limits to its prognostic power and molecular characterization may be more precise in this regard.

In the present case, we planned a conventional chemotherapy regimen but the rapid death precluded any treatment, highlighting the fact that systemic therapeutic options for unresectable or metastatic SFT disease are particularly limited. Anthracycline-based regimens have been advocated as a first-line chemotherapy, with several retrospective studies showing that the median progression-free survival (PFS) was 3-5 months in such patients with advanced SFT (12). On the other hand, some anti-angiogenic agents, such as sunitinib or pazopanib, have demonstrated efficacy for patients with advanced SFT and the median PFS was 4.7-9.7 months in those studies (12). Although a number of therapeutic agents have been tested in patients with advanced SFT, the efficacy of systemic therapies is limited. Therefore, an approach based on molecular mechanisms, particularly those driving tumorigenesis or progression of SFT, might pave the way to new therapeutic strategies.

With regard to these molecular strategies, NAB2-STAT6 fusion, recognized as a hallmark of SFT, was first identified by Robinson et al. and Chmielecki et al. from whole-exome sequencing studies (4, 5). These fusion genes drive STAT6 nuclear expression and immunohistochemical detection has been generally recognized as a definitive biomarker for diagnosis of SFT. A meta-analysis revealed that more than 40 NAB2-STAT6 fusion variant types were present in up to 83% (452/546) of SFTs, with NAB2ex6-STAT6ex16/17/18 and NAB2ex4-STAT6ex2/3 being the most frequent variants (13). In the present case, the NAB2ex6–STAT6ex16 variant was identified in primary and metastatic sites by RT-PCR and Sanger sequencing (Figure 4). Barthelmess et al. reported that NAB2ex6–STAT6ex16/17 was significantly associated with malignant phenotype and high recurrence in SFTs (14). Similarly, Akaike et al. showed that SFTs with NAB2ex6–STAT6ex16/18 harbored aggressive histological features (15). However, several studies have reported that NAB2-STAT6 fusion variants were not associated with malignant SFTs (16–19) and, therefore, the association between NAB2-STAT6 fusion variants and malignant potential remains controversial (14–19). These findings suggest that some other molecular mechanism promoted the malignant transformation seen in the present case.

Several studies reported that 7% to 10% of SFTs are negative for CD34 (6, 16) while, in contrast, STAT6 is highly positive in SFTs. Tai et al. reported that 87 of 88 (99%) tumors diagnosed as SFT (75 nonmalignant and 13 malignant) were positive for STAT6 (8) but STAT6 was positive in 7 of 8 CD34-negative SFTs. Other studies also reported that positive rates of STAT6 in SFTs were from 98% to 100% (6, 7). On the other hand, Dagrada et al. showed that STAT6 protein expression in dedifferentiated recurrent/metastatic tumors was lost whereas expression in primary usual/malignant tumors was positive in 4 SFT cases (16). RT-PCT analysis found the NAB2-STAT6 fusion gene in 3 of 4 cases in that report (16). Zhang et al. also reported a case with mediastinal malignant SFT carrying a NAB2-STAT6 fusion gene but negative STAT6 immunohistochemical staining (20). In the present case, the primary differentiated tumor was positive for CD34 and STAT6 but the primary dedifferentiated tumor and lung/liver metastases were completely negative (Figures 3C, D, H, I). Moreover, NAB2ex6-STAT6ex16 fusion gene expression was downregulated in the dedifferentiated tumors compared to the differentiated tumor (Figure 4B). These findings suggest that NAB2-STAT6 chimeric protein downregulation promotes malignant transformation and might involve some transcriptional mechanism.

Previous reports have shown that other molecular factors, such as mutations in TP53, TERT promoter, and APAF1, were associated with malignant transformation or dedifferentiation (15–17, 21–24). Park et al. demonstrated that TP53 immunohistochemical positive in SFTs was significantly associated with malignant cases and TP53 mutations were detected in 41% of malignant SFTs (17). Similarly, TP53 mutations were detected only in dedifferentiated tumors in the present case. The identified mutation (c.97del in TP53) was previously found in patients with head and neck or esophageal squamous cell carcinoma (25, 26). Although this mutation has been linked to malignant transformation or dedifferentiation of SFT (15–17, 22–24), the mechanisms remain to be fully elucidated. On the other hand, FLT3 mutations (c.20A>G; p.Asp7Gly) were detected in the primary dedifferentiated tumor and lung metastases of the present case with high allele frequencies (77.6% and 93.1%), contributing to respiratory failure due to rapid progression of multiple lung metastases. As FLT3 mutations frequently occur in acute myeloid leukemia (AML) (27) and are associated with transformation to AML in myelodysplastic syndrome (MDS) patients (28, 29), these findings led us to speculate that an FLT3 mutation also promoted the malignant transformation of the dedifferentiated tumors in the present case.

In conclusion, we experienced a rare case of retroperitoneal SFT with rapid and lethal progression. Interestingly, two morphologic tumor types (differentiated and dedifferentiated) coexisted at the primary site but metastatic sites contained dedifferentiated tumors that commonly featured loss of STAT6 protein and TP53 mutations. Here, we demonstrate that downregulation of the NAB2-STAT6 fusion gene at the transcriptional level is associated with malignant SFT for the first time. These findings suggest that specific molecular alterations are associated with malignant behaviors, indicating that vigilance is required against SFT cases with loss of STAT6 protein expression and TP53 mutations.
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Background

It is well known that chronic inflammation can promote the occurrence and progression of cancer. As a type of proinflammatory death, pyroptosis can recast a suitable microenvironment to promote tumor growth. However, the potential role of pyroptosis in clear cell renal cell carcinoma (ccRCC) remains unclear.



Methods

The transcriptome expression profile and mutation profile data of ccRCC with clinical characteristics included in this study were obtained from The Cancer Genome Atlas (TCGA) and Gene Expression Omnibus (GEO) databases. Consensus clustering was used for clustering. Gene set enrichment analysis (GSEA) analysis were applied to evaluate the biological mechanisms. Single sample gene set enrichment analysis (ssGSEA) was applied for evaluating the proportion of various immune infiltrating cells. The ESTIMATE algorithm was involved to compute the immune microenvironment scores.



Results

Among the 17 pyroptosis regulators, a total of 15 pyroptosis regulators were differential expressed between tumor and normal tissues, in which 12 of them emerged strong correlations with prognoses. According to the pyroptosis components, the ccRCC patients were divided into four pyroptosis subtypes with different clinical, molecular, and pathway characteristics. Compared with other clusters, cluster B showed the pyroptosis heat phenotype, while cluster D represented the pyroptosis cold phenotype with poor overall survival. In addition, we performed principal component analysis (PCA) on the differential genes between clusters to construct the pyroptosis index. Furthermore, the pyroptosis index was significantly correlated with survival in different tumor mutation statuses and different grades and stages. Besides, the expression of pyroptosis-related regulators was related to the infiltration of immune cells and the expression of immune checkpoints, among which AIM2 was considered as the most significant immune-related pyroptosis regulator. Ultimately, we found that AIM2 was related to the immune activation pathway and was significantly overexpressed in tumor tissues.



Conclusion

This study revealed that pyroptosis regulators and pyroptosis index played an important role in the development and prognoses of ccRCC. Moreover, AIM2 can be used as a predictor of the response of immunotherapy. Assessing the pyroptosis patterns may help evaluate the tumor status and guide immunotherapy strategies.





Keywords: pyroptosis, pyroptosis index, clear cell renal cell carcinoma, AIM2, immune microenvironment



Introduction

As a frequent malignant tumor of the urinary system, renal cell carcinoma (RCC) originated from the renal tubular epithelial system, which accounted for 80% to 90% of the malignant renal tumors (1, 2). RCC accounted for about 2% of all cancer diagnoses and cancer deaths in the world, and about 295,000 new cases of RCC were diagnosed worldwide every year, with about 134,000 deaths recorded (3). Histologically, clear cell renal cell carcinoma (ccRCC) is the prominent subtype of RCC, accounting for approximately 75% of RCC cases (4). Currently, early resection is considered the basic treatment for ccRCC patients, but nearly 30% of local ccRCC patients had recurrence and metastasis after tumor resection (5). Besides, its curative effects remained inadequate for these terminal ccRCC patients (6). Although great progress had been made in screening, diagnosis, surgery, and various treatments, the clinical results of advanced ccRCC were still unsatisfactory (6). Therefore, in order to provide better treatment for ccRCC patients, it was necessary to comprehensively understand the biological mechanism of ccRCC development.

Recently, the role of pyroptosis in cancer growth, invasion, and metastasis has been given more and more attention, and pyroptosis has gradually become a good opportunity to improve the efficacy of cancer immunotherapy (7, 8). Besides, pyroptosis is a newly discovered programmed death mode of inflammatory cells (9). It mainly mediated the activation of a variety of caspases including caspase-1 through inflammasomes, bringing about the ceaseless extension of cells until the break of the cell membrane, which led to the release of cell substance and after that enacted a solid inflammatory response (9, 10).

The aims of the research were to investigate the mechanism of pyroptosis-related regulators (PRRs) in ccRCC and to explore the effect of PRRs in the prognoses of ccRCC patients. We divided ccRCC samples into four pyroptosis clusters and constructed the pyroptosis index (PI) based on the diverse genes between different clusters to predict the survival rate and progress of ccRCC. In addition, we analyzed the correlation of PRRs with the infiltration of immune cells and the expression of immune checkpoints, which may help guide ccRCC immunotherapy strategies.



Methods


Clear Cell Renal Cell Carcinoma Dataset Source and Preprocessing

In this study, a total of two eligible ccRCC cohorts [GSE29609 and The Cancer Genome Atlas-Kidney renal clear cell carcinoma (TCGA-KIRC)] were collected for further analysis. Public gene expression data and complete clinical annotations of ccRCC in the GEO and TCGA databases were obtained for analysis, among which cases without survival information and survival status were excluded. Besides, we downloaded somatic mutation data from the TCGA database. R (version 4.1.1) and R Bioconductor package were utilized for analysis. The Wilcoxon test was used to identify differentially expressed PRRs. At the same time, |LogFC| >2 and P <0.05 were used as the criteria for screening differentially expressed PRRs. Real-time quantitative PCR (RT-qPCR) was utilized to assess the AIM2 expression in ccRCC (Table S1).



Establishment of Pyroptosis Clusters

Based on the expression of 17 PRRs, we applied unsupervised cluster analysis to identify disparate PRR modification patterns and classified patients for further analysis. The number of clusters and their steadiness was decided by the consensus clustering calculation. We utilized the ConsensusClusterPlus package to perform the procedures and repeated it 1,000 times to ensure the stability of the classification (11). The overall survival (OS) for each pyroptosis cluster was calculated by employing the Kaplan Meier (KM) curve. Meanwhile, the log-rank test was utilized to evaluate the distinction in survival between the high-expression group and low-expression group with a criteria level of P <0.05.



Identification of the Immune Characteristics of Clusters

In order to further explore the role of PRRs in biological pathway, we utilized the “GSVA” R package to perform gene set variation analysis (GSVA). In non-parametric and unsupervised strategies, GSVA was as a rule utilized to assess changes in pathways and biological process movement in expression dataset tests. We downloaded the gene set of “c2.cp.kegg.v7.4.symbols” from the MSigDB database for running GSVA. A balanced P-value of less than 0.05 was considered statistically critical. The ssGSEA score was used to quantify the enrichment level of 23 immune signatures in each KIRC sample. Charoentong’s research had stored various human immune cell subtypes, including activated CD8 T cells, activated dendritic cells, and regulatory T cells. Therefore, we obtained the genome of each TME-infiltrating immune cell type from this study. The relative abundance of each TME-infiltrated cell in each sample was represented by the enrichment score calculated by ssGSEA. In addition, we further analyzed the difference of each cluster and used the VennDiagram package to draw the Venn diagram of the genes that overlap between each cluster. To further confirm the potential functions of the intersection genes, the data were analyzed through function enrichment. Gene Ontology (GO) is a widely used tool for annotating functional genes, especially molecular functions (MFs), biological pathways (BPs), and cellular components (CCs). The Kyoto Encyclopedia of Genes and Genomes (KEGG) enrichment analysis is practical and can be used to analyze gene function and related advanced genome function information. To comprehend the carcinogenic impacts of target genes, the clusterProfiler package was utilized to analyze the GO functions of the overlapping genes and enhance the KEGG pathway. Besides, we also used GSEA to determine the potential molecular mechanism of AIM2 in KIRC.



Establishment of the Pyroptosis Index

To measure the PRRs alteration of cancer, we built a set of the scoring framework to assess the PRR adjustment of patients with ccRCC—the pyroptosis index (PI). The strategies established by PI mainly included the following points: the different expression PRRs recognized from different clusters were firstly normalized among all ACRG (Asian Cancer Research Group) tests and the overlapping genes were extricated. At that point, we performed the prognostic analysis for each gene within the signature utilizing the univariate Cox regression model. The genes with a critical prognosis were extricated for advanced investigation. Both central components 1 and 2 were chosen to act as signature scores. This strategy had the advantage of centering the score on the set with the largest block of well-connected (or anticorrelated) qualities within the set; while down-weighting contributions from genes that do not track with other set members. We at that point characterize the index employing a strategy comparable to GGI (12, 13):

	

Where i represents the expression of PRRs.



Correlation Between Pyroptosis Index and Other Related Biological Processes

According to the correlation between PI and patient survival rate, the survival R package was utilized to decide the cutoff point of each dataset subgroup. The work of the surv-cutpoint was to more than once test all potential cutoff points to discover the biggest rank measurement so that patients were separated into high and low PI groups based on the biggest chosen log-rank measurement to diminish the calculated batch effect. We used the ggalluvial R package to draw an alluvial map to show the changes between cluster, PI, and survival status. We performed correlation analysis on the PI to further reveal the connection between the PI and immune cells. The maftools function was used to present a waterfall chart of the mutation landscape of patients with high and low PI clusters. The KM method was used to analyze the survival correlation between the high and low PI groups and clinical grouping information. Finally, we downloaded the scoring data of 537 cases of KIRC immunotherapy from The Cancer Immunome Database (TCIA) and analyzed the correlation between high- and low-risk groups and immunotherapy. All statistical P-values were two-sided, with P <0.05 as statistically critical. All data preparation was completed by R 4.1.1 software.




Results


Genetic Variation Prognoses of Pyroptosis Regulators in Clear Cell Renal Cell Carcinoma

After merging the GEO and TCGA databases, we finally identified 17 PRRs. Among the 336 samples, only 7 samples had PRR mutations, and the mutation rate was 2.08%. It was found that only GBP1, CASP8, TLR4, GBP2, and LBP had mutations, and none of the other genes showed any mutations in the KIRC samples (Figure 1A). Figure 1B showed the copy number variation (CNV) changes of the PRRs on the chromosome. In addition, through the analysis of the frequency of CNV changes, it was found that CNV changes were common in 17 genes and most of them were concentrated in the loss of copy number, while the loss of MYD88 was the most obvious. In addition, only the copy number of AIM2 was amplified (Figure 1C). To determine whether the abovementioned genetic variation affected the expression of PRRs in ccRCC patients, we further analyzed the expression levels of PRRs in normal and tumor samples. It was discovered that the genes other than TNF and LBP were significantly separate between normal and tumor samples (Figure 1D). However, compared with normal tissues, the expression of PRRs deleted in CNV was significantly higher in tumor tissues (Figures 1C, D). The above results showed that although the expression of PRRs was highly heterogeneous in normal and tumor samples, the alteration of CNV may not be the main factor causing the perturbation of PRRs. To clarify the impacts of these 17 PRRs on the prognoses of ccRCC, we carried out the survival analysis. The results showed that a total of 12 PRRs have significant differences, of which 7 PRRs were negatively correlated with prognoses and the rest were positively correlated. In addition, 5 genes were not different between tumor and normal tissues (Figure 2).




Figure 1 |  Expression and genetic variation of pyroptosis regulators in clear cell renal cell carcinoma. (A) The mutation frequency of 17 pyroptosis regulatory factors for 336 ccRCC patients in the TCGA-KIRC cohort. (B) The location of CNV alteration of pyroptosis regulators on 23 chromosomes. (C) The CNV variation frequency of pyroptosis regulators. red circle: amplified frequency; green circle: missing frequency. (D) The expression difference of 17 pyroptosis regulatory factors between normal tissue and ccRCC tissue. The asterisk represents the statistical p value (*P < 0.05; **P < 0.01; ***P < 0.001).






Figure 2 | The OS Kaplan-Meier curve of 17 pyroptosis regulators in the TCGA-KIRC. (A–K) 11 pyroptosis regulators were negatively correlated with survival. (L–Q) 6 pyroptosis regulators were positively correlated with survival.





Identification of the Immune Characteristics and Prognoses of Each Pyroptosis Cluster

We used the ConsensusClusterPlus package to classify patients depending on the expression levels of 17 PRRs and finally distinguished 4 diverse clusters (Figure 3A). Next, survival analysis was conducted based on the four clusters. The results showed that there was critical statistical diversity between the clusters, and cluster A had the most significant survival advantage (Figure 3B). In addition, the correlation heat map indicated the expression of PRRs and various clinical information including survival status, grade, TMN, and age among clusters A–D. The outcomes showed that the expression of PRRs was generally higher in B and C (Figure 3C). Besides, to explore the immune atlas of pyroptosis clusters, we first investigated the layout of 23 immune cells in each cluster. The results showed that innate immune cell infiltration was significantly enriched in cluster B including activated CD8 T cell, immature B cell, natural killer cell, MDSC, mast cell, T follicular helper cell, and type 1 T helper cell (Figure 3D). In addition, patients in cluster B showed better survival advantage (Figure 3B). However, although the degree of innate immune cell infiltration was low in cluster A, it had an obvious survival advantage (Figures 3B, D).




Figure 3 | Identification of potential pyroptosis clusters in ccRCC patients. (A) Sample distribution of different clusters. (B) The OS Kaplan-Meier curve of different clusters in ccRCC patients. (C) The heatmap showing gene expression and clinical correlation among different clusters of ccRCC. (D) Differential expression of immune cells among the KIRC pyroptosis clusters. The asterisk represents the statistical p value (*P < 0.05; **P < 0.01; ***P < 0.001).





Identification of GSVA and Functional Enrichment Analysis Between Pyroptosis Clusters

To investigate the biological behaviors of these PRRs, we performed GSVA. Cluster A showed obvious immunosuppression, where adipocytokine_SIGNALING_PATHWAY, INOSITOL_PHOSPHATE_Metabolism, and notch_SIGNALING_Pathway were significantly enriched (Figures 4A, B). Cluster B showed enrichment pathways related to complete immune activation, including CHEMOKINE_SIGNALING_PATHWAY, T_CELL_RECEPTOR_SIGNALING_PATHWAY, and toll_LIKE_RECEPTOR_SIGNALING_ PATHWAY (Figure 4A). Besides, the P53 SIGNALING PATHWAY, JAK–STAT SIGNALING PATHWAY, and CHEMOKINE SIGNALING PATHWAY were significantly enriched in cluster C (Figure 4F). Similarly, cluster D showed obvious immunosuppression (Figure 4E). To our surprise, we found that cluster C was significantly enriched in innate immune cell infiltration, including natural killer cells, macrophages, CD4-positive T cells, and MDSC cells. However, patients with this PRR modification pattern showed the worst survival advantage. We speculated that this may be related to the abnormal activation of the JAK–STAT signaling pathway and p53 signaling pathway. Then, we screened the differential genes between the two clusters according to the adjusted P <0.001 standards. Then, the differential genes in these 6 groups (A–B, A–C, A–D, B–C, B–D, C–D) were crossed, and finally, 70 crossed genes were obtained (Figure 5A). The selected 70 intersection genes were further analyzed by GO annotation and KEGG enrichment. The results of BP showed that the 70 intersection genes were mainly concentrated in T-cell activation, regulation of T-cell activation, lymphocyte differentiation, T-cell differentiation, leukocyte cell–cell adhesion, and regulation of leukocyte cell–cell adhesion. Regarding MFs, the target genes were usually enriched in cytokine binding, cytokine receptor activity, and immune receptor activity. Regarding CCs, target genes were mainly concentrated on the external side of the plasma membrane, plasma membrane signaling receptor complex, and immunological synapse (Figure 5B). KEGG annotation results demonstrated enrichment in hematopoietic cell lineage, cytokine–cytokine receptor interaction, chemokine signaling pathway, and human immunodeficiency virus 1 infection (Figure 5C).




Figure 4 | The results of GSVA enrichment analysis. The heatmap showing the results of GSVA enrichment analysis among different pyroptosis clusters. Red represented activated pathways; blue represented inhibited pathways. (A: cluster A vs cluster B; B: cluster A vs cluster C; C: cluster B vs cluster C; D: cluster A vs cluster D; E: cluster B vs cluster D; F: cluster C vs cluster D).






Figure 5 | GO, KEGG analysis of intersective differential genes between clusters. (A) Venn diagram of 70 intersection genes. (B) Bubble of GO enrichment analysis results for 70 intersection genes. (C) Bubble of KEGG enrichment analysis results for 70 intersection genes.





Identification of the Tumor Mutation Burden and Clinical Characteristics of the Pyroptosis Index

Because of the heterogeneity and complexity of PRR modification, we constructed the PI to evaluate the PRR modification pattern of individual patients. The alluvial map was used to visualize the attribute changes of a single patient (Figure 6A). To more usefully outline the characteristics of the PI, we, moreover, analyzed the relationship between immune cells and PI. The outcomes appeared that the index was closely associated with immature B cell, natural killer cell, regulatory T cell, and T follicular helper cell (Figure 6B). The results of the Kruskal–Wallis test revealed that compared with other clusters, cluster B showed a significantly increased index (Figure 6C). Moreover, the results showed that the index was positively related to the patient prognoses (Figure 6D). There was no doubt that the L-TMB had a better survival advantage (Figure 6E). Survival analysis combining mutation and index proved the accuracy of the above results (Figure 6F). In order to explore whether the index applied to patients of various clinical groups, we used the KM curve to analyze whether there were prognosis contrasts between high and low PI groups among diverse clinical groups. The results showed that there were critical statistical differences between high index and low index in age ≤65, G1–2, M0, N0, and T3–4 groups. Compared with the low-index group, the high-index group had a significant survival advantage (Figure 7). Then, the maftools package was employed to investigate the discrepancy of somatic mutations between the low-index group and the high-index group in the TCGA-KIRC cohort. Figures S1A, B reveal that the high-index group presented broader tumor mutation burden than the low-index group. In addition, we investigated the relationship between the PI and survival status. The consequence of the histogram and block diagram indicated that the high-index group had better survival advantages (Figures S1C, D). Besides, we tested whether PI can be used as an independent prognostic biomarker for ccRCC. Therefore, we constructed a nomogram to speculate the prognoses of KIRC (Figure S2A). Meanwhile, multivariate Cox regression analysis confirmed that PI was a credible and independent prognostic biomarker for assessing the prognoses of ccRCC patients (HR = 0.945; 0.901−0.991) (Figures S2B, C). In particular, we inspected the capacity of PI to predict the curative effect of immunotherapy in ccRCC patients. Besides, anti-PD-1 therapy was more suitable for high-index patients (Figure S2D), while anti-CTLA-4 therapy response was not different between the high- and low-index groups (Figure S2E).




Figure 6 | Immunological and tumor somatic mutation characteristics of pyroptosis index. (A) Alluvial diagram showing the changes of clusters, index, and fustat. (B) Correlations between the PI and immune cells. (C) Differential expression of PI among the KIRC pyroptosis clusters. (D) The OS Kaplan-Meier curve of High and Low PI. (E) The OS Kaplan-Meier curve of high and low TMB groups. (F) The OS Kaplan-Meier curve of the combination of PI and TMB.






Figure 7 | Validation of the prognosis of PI under the stratifications of different clinical parameters. (A, B) age > 65 and age <=65; (C, D) histological grade 1-2 and 3-4; (E, F) M stage 0 and 1 (G, H) N stage 0 and  1; (I, J) T stage 1-2 and 3-4.





Identification of the Immune Characteristics of Pyroptosis Regulators

In order to systematically study the potential influence of PRRs on the immune microenvironment of ccRCC, we utilized correlation analysis for PRRs and infiltrating immunocytes and immune checkpoints. The expression level of immune checkpoints was positively related to PRRs (Figure 8A). Considering the known role of checkpoints in the immunosuppressive microenvironment, PRRs may have important biological functions in ccRCC immunotherapy. Besides, correlation analysis found that PRRs were negatively associated with various immune cells (Figure 8B). Collectively, PRRs were positively correlated with CD8+ T cell, follicular helper T cell, and gamma delta T cell and negatively correlated with mast cell, monocyte, and myeloid dendritic cell. In view of the remarkable mutation characteristic, prognostic, and immunoregulatory effects of AIM2, GSEA was used to examine AIM2-related signaling pathways. GSEA results showed that AIM2 was involved in multiple malignant pathways, including JAK–STAT SIGNALING PATHWAY, B-CELL RECEPTOR SIGNALING PATHWAY, NATURAL KILLER CELL-MEDIATED CYTOTOXICITY, and T-CELL RECEPTOR SIGNALING PATHWAY (Figures 8C–G).




Figure 8 | Immune characteristics and enrichment pathway characteristics of pyroptosis related regulators. (A) Association between pyroptosis regulators and immune cells. (B) Association between pyroptosis regulators and immune checkpoints. (C–G) The results of GSEA analysis of AIM2.





Validation of AIM2 in Tissues and Cell Lines

RT-qPCR was carried out in 15 pairs of ccRCC tissues and normal renal tissues and 4 cell lines, consisting of 3 tumor cell lines and 1 normal renal cell line. Compared with normal renal cell lines, the expression of AIM2 in tumor cell lines was significantly higher, and the expression was the highest in 786-O cell lines (Figure 9A). Besides, in tumor tissues, the expression level of AIM2 was significantly higher than that in normal renal tissues (Figure 9B). The above experimental results were consistent with the results predicted by bioinformatics methods. In addition, the Human Protein Atlas (HPA) database explicitly uncovered that in ccRCC tissues, the expression levels of AIM2 were significantly higher than those in normal renal tissue (Figures 9C, D).




Figure 9 | Validation of AIM2 in ccRCC tissues and cell lines. (A) Bar plot for the relative expression of AIM2 in ccRCC cell lines and normal HK2 cell line. (B) Bar plot for the relative expression of AIM2 between ccRCC tissues and normal tissues. (C) Immunohistochemical analysis of AIM2 in normal kidney tissues. (D) Immunohistochemical analysis of TRIM2 in ccRCC tissues.






Discussion

In recent years, the morbidity and mortality of RCC have gradually increased, which has become the most fatal adult renal malignancy (14). With the development of scientific research, the traditional histopathological features (tumor size, stage, and grade) may not meet the needs of diagnosis and prognoses (15, 16). Pyroptosis, the lytic programmed cell death, was a pivotal fibrotic mechanism in the development of renal pathology, which has been broadly investigated in inflammatory disease models (17, 18). Recently, more and more shreds of evidence have shown that in the absence of any bacterial or viral infection, pyroptosis can be chemically induced in cancer cells (19, 20). Therefore, we investigated the expression of PRRs in ccRCC and established PI to further predict the role of PRRs in prognoses. In addition, we analyzed the biological function of AIM2, which may be an effective immune target.

Through the results, we found that the PRRs played important roles in the development and invasion of ccRCC. The expression of the majority of PRRs in tumor tissues was significantly increased compared with that in normal tissues. Most of the PRRs were critically associated with the prognoses of ccRCC and appeared to be cancer-promoting genes, which led to poor prognoses. With more and more research carried out, scholars found that PRRs performed disparate roles in various cancers (21). For instance, the upregulation of PRR expression in non-small cell lung cancer and breast cancer (BC) was related to poor prognoses (21, 22). On the contrary, many studies have also shown the antitumor activity of the PRRs. The low expression of PRRs in gastric cancer (GC), hepatocellular carcinoma (HCC), and colorectal cancer (CRC) was associated with poor prognoses (23–26).

Here, the KIRC cohort was divided into four clusters via the 17 PRRs. Among them, B and C were closely related to PRRs, while cluster A and cluster D were the opposite. In addition, there was more immune cell infiltration in cluster B and cluster C and less in cluster A and cluster D. We speculated that the PRRs had used two signaling pathways (the classical pathway that depended on caspase-1 and the non-classical pathway that depended on caspase-4, 5, and 11) to cleave the precursors of IL-1β and IL-18 to form active IL-1β and IL-18. The active IL-1β and IL-18 were released to the outside of the cell, which recruited immune cells to gather and amplified the inflammatory response (27). Although cluster C was rich in immune cells, it failed to match the corresponding survival advantage. It was possibly because cancer cells may functionally shape their microenvironment by secreting various cytokines, chemokines, and other factors, which led to the reprogramming of the surrounding immune cells. Eventually, a microenvironment that promoted tumor growth and metastasis was formed, which showed the phenomenon of immune evasion (28, 29). The JAK–STAT pathway regulated and controlled tumor cell proliferation, differentiation, and metastasis and played a significant part in regulating the tumor microenvironment (30). The abnormal activation of the JAK–STAT pathway in cluster C promoted the production of some tumor-derived factors such as IL-6, TGF-β, VEGF, and other factors. In addition, it also promoted the recruitment and activation of dendritic cells (DCs), myeloid-derived suppressor cells (MDSCs), tumor-associated macrophages (TAMs), and other cells in the microenvironment. Meanwhile, it released a great quantity of the immunosuppressive factors, recruited the abundance of the immunosuppressive cells, and finally formed a vicious circle of immunosuppressive tumor microenvironment (30). In addition, the JAK/STAT3 pathway may enhance TGF-β-induced epithelial–mesenchymal transition (EMT) to promote tumor metastasis (31).

Considering the individual heterogeneity of genetic modification of pyroptosis, there was an urgent need to quantify the pattern of genetic modification of pyroptosis in individual tumors. To this end, we established the PI to evaluate the PRR modification pattern for individual KIRC patients. We demonstrated that the index can be used to evaluate the prognosis characteristics of patients. Similarly, the PI can be used as an independent prognostic biomarker to predict patient survival. Other than that, we were able to, moreover, foresee the adequacy of the clinical reaction of patients to PD-L1 immunotherapy through the PI. Previously, Khadirnaikar et al. developed and verified an immune lncRNA prognostic score for KIRC patients, which may be used as an independent indicator for judging the prognoses of KIRC patients (32). Diversely, we used PRRs to establish the pyroptosis index for KIRC patients. Besides, Sun et al. constructed a prognostic risk model related to pyroptosis, which can divide KIRC patients into low- and high-risk subgroups with different prognoses and immune cell infiltration. They also systematically analyzed the prognostic value of PRRs in KIRC, their role in TME, their response to ICIs, and drug sensitivity, providing new insights into the role of pyroptosis in KIRC patients in TME and even helping to develop new treatment strategies (33). Compared with us, we firstly systematically and comprehensively analyzed the prognostic characteristics and immune correlation of all PRRs. Secondly, we determined that AIM2 was the most significant immune-related PRRs in ccRCC, and through in vitro experiments, we were able to verify our conclusions.

AIM2 was confirmed to be closely related to immune activation through GSEA and was positively correlated with immune checkpoints. AIM2 contained a PYD domain matching the NLRP and a hematopoietic IFN-inducible nucleoprotein with a 200 amino acid repeat (HIN200) domain that recognized exogenous dsDNA. In addition to these two pattern recognition receptors, there were two other proteins, ASC and caspase-1, which were related to the formation of the inflammatory complex. Besides, AIM2 played a significant part in the development and invasion of tumors and played pro- or anticancerous roles in different tumors. For instance, low expression of AIM2 in HCC was related to lower OS (34). The reason may be that AIM2 deficiency enhanced the expression of fibronectin-1 and EMT, thus promoting the metastasis of HCC (34). In addition, AIM2 may inhibit the growth of HCC by inhibiting the mTOR/S6K1 pathway (35). The high expression of AIM2 was associated with a higher survival rate in EBV-induced nasopharyngeal carcinoma (NPC). The effect of AIM2 may be related to IL-1β and immune stimulation of neutrophils to accumulate into tumors to mediate antitumor activity (36). Furthermore, AIM2 played an protumor role in colorectal tumors because overexpression of AIM2 in colorectal cancer cells induced the expression of invasion‐associated genes such as VIM and MCAM (37). AIM2 was overexpressed in non-small cell lung cancer and facilitated cell proliferation (38, 39). In addition, our research showed that AIM2 was highly expressed in ccRCC and promoted tumor development through immune activation pathways.



Conclusion

In a word, our research indicated that PRRs served as critical parts in the development and prognoses of ccRCC. In addition, we established the PI, which can be used to evaluate the clinical, prognostic, and immune patterns. Besides, AIM2 may regulate the expression of the immune checkpoints, which was a potential immunotherapy target.
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Supplementary Figure 1 | Characteristics of tumor somatic mutation and survival in high and low index groups. (A, B) The waterfall plot of tumor somatic mutation established by high and low PI groups. (C) Proportion distribution of fustat in the PI groups. (D) Differential expression of PI in fustat of KIRC patients.

Supplementary Figure 2 | The role of pyroptosis index in immunotherapy and prognoses evaluation (A) The nomogram to predict ccRCC patients. (B, C) Univariate and Multivariate Cox regression analysis for PI in KIRC shown by the forest plot. (D–G) Differential expression of anti-CTLA4 and anti-PD1 combination immunotherapy among the KIRC PI.
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Characteristics Number of patients (%)

Gender:

M 97 (72.4%)
F 37 (27.6%)
Age (years)

Median (range) 63.4 (26.7-84.5)
>70 years (%) 44 (32.8%)
Prior Nephrectomy

Yes 107 (79.9%)
No 27 (20.1%)
Histology

Clear Cell 118 (88.1%)
Other histologies 16 (11.9%)
Sarcomatoid features

Absent 130 (97.1%)
Present 4 (2.9%)
Metastatic Sites

Lung 85 (63.4%)
Bone 17 (12.7%)
Liver 32 (23.9%)
CNS 5(3.7%)
Lymph nodes 48 (35.8%)
Others 52 (38%)
Number of metastatic sites

1 19 (14%)
2 62 (46%)
>3 53 (40%)
Baseline thyroid hormone levels

fT3 (median, range), pmol/I 3,81 (1,20-11,09)
fT4 (median, range), pmol/I 12,08 (4,04-21,10)
IMDC risk classification

Good 38 (28.4%)
Intermediate 82 (61.2%)
Poor 13 (9.7%)
NA 1(0.7%)
Time from diagnosis to treatment

>12 months 62 (46.3%)
<12 months 72 (53.7%)
First-line treatment

TKI 105 (78.4%)
TKI + 1T 15 (11.2%)
T 14 (10.4%)

CNS, central nervous system; TKI, tyrosine kinase inhibitors; IT, immunotherapy;
NA, not available.
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1.006 (0.99-1.02)

1.661 (1.109-2.487)

1.579 (1.024-2.435)
2,522 (1.189-5.347)
1.212 (0.967-1519)

1.511 (0.993-2.301)
0.819 (0.679-0.988)

0.541 (0.333-0.877)
0.427 (0.263-0.693)

0.536
0.481

0.014

0.0389
0.0159
0.0943

0.054
0.0367

0.0123
0.00057

os
HR (95% CI)

0.598 (0.35-1.01)
1.008 (0.98-1.01)

1.461 (0.86-2.484)

1.563 (0.868-2.814)
3.617 (1.513-8.647)
1.252 (0.945-1.658)

1.933 (1.145-3.262)
0.672 (0.492-0.916)

0.640 (0.357-1.149)
0.327 (0.171-0.624)

0.0534
0.802

0.161

0.136
0.00384
0.118

0.0136
0.0119

0.135
0.000712
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Characteristic

Time from diagnosis to treatment
>12 months

<12 months
Number of sites
NLR

<3

>3

fT3/fT4 ratio

low

intermediate

high

IMDC risk group
Good
Intermediate

Poor

The bold values are p significant values.

HR for PFS
(95% Cl)

1.851 (0.774-2.358)
1.005 (0.779-1.296)

1.061 (0.654 - 1.722)

0.494 (0.281-0.867)
0.355 (0.199-0.635)

1.340 (0.745-2.413)
1.836 (0.821-4.05)

0.289
0.967

0.812

0.0141
0.0005

0.329
0.139

HR for OS
(95% ClI)

0.923 (0.424-2.01)
1.026 (0.757-1.391)

1.461 (0.819- 2.604)

0.524 (0.268-1.027)
0.293 (0.141-0.608)

1.774 (0.762-4.130)
3.527 (1.291-9.632)

0.840
0.867

0.198

0.0597
0.00097

0.183
0.0139
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Biomarkers Cut-off value Specificity (%) Avoidable biopsies (% of all biopsies, N = 412) Missed biopsies (% of csPCa, N = 94)

Total PSA 24.43 17.9% 64 (15.5%) 9 (9.6%)
%fPSA <0.26 16.7% 61 (14.8%) 10 (10.6%)
%p2PSA >1.12 39.9% 135 (32.8%) 9 (9.6%)
PHI 231.0 45.3% 154 (37.4%) 10 (10.6%)
PSA density >0.11 31.8% 11 (26.9%) 10 (10.6%)
PHI density >0.67 54.1% 180 (43.7%) 8 (8.5%)

csPCa, clinically significant prostate cancer; PSA, prostate specific antigen; %fPSA, percentage of free to total PSA; %p2PSA, percentage of p2PSA to free PSA ratio; PHI, Prostate Health Index.
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PHI density cut-off value Total
<0.5 0.5-0.75 0.75-1 1-15 >1.5
PCa 12.8% (14/109) 17.2% (17/99) 30.9% (17/55) 48.5% (32/66) 65.1% (54/83) 32.5% (134/412)
csPCa 3.7% (4/109) 10.1% (10/99) 16.4% (9/55) 37.9% (25/66) 55.4% (46/83) 22.8% (94/412)
HGPCa (GS=7) 2.8% (3/109) 7.1% (7/99) 12.7% (7/55) 28.8% (19/66) 49.4% (41/83) 18.7% (77/412)

PHI, Prostate Health Index; PCa, prostate cancer; cs, clinically significant; HG, high-grade; GS, Gleason score.
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e Low fT3/fT4 e Intermediate —.  HighfT3/fT4 —  Low fT3/fT4 S Intermediate e High fT3/fT4
: ' fT3/fT4 | | L
1.00 1.00
z &
= 075 £ 075
m -Q
o) [4+]
o Q0
= 050 ° 0.0
Q.
.- R
(78]
[V (%]
a 025 o 25
0.00 0.00
0 29 50 S 0 25 50 75
Time (months) Time (months)
Subjects at risk Subjects at risk
Low fT3/fT4 45 11 2 0 Low fT3/fT4 45 21 6 2
Intermediate fT3/fT4 45 16 8 0 Intermediate fT3/fT4 43 27 12 3
High fT3/fT4 44 22 11 4 High fT3/fT4 44 36 25 7
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Overall (N = 412) Benign (N = 278) PCa (N = 134) P value (vs benign) csPCa (N = 94) P value (vs non-csPCa)
(100%) (67.5%) (32.5%) (22.8%)

Age, years 66 (60,71) 64 (68,69) 68 (63,74) <0.001 68 (63,74) <0.001
Abnormal DRE, n (%) 75 (18.2%) 33 (11.97%) 42 (31.34%) <0.001 31 (32.9%) <0.001
Prostate volume, ml 45 (34,61) 49 (38,67) 36 (27,47) 0.406 33 (25,43) <0.001
Total PSA, ng/mL 7.2 (5.2,9.7) 7.2 (5.2,9.4) 7.4 (5.1,10) 0.002 77 (6511.4) 0.064
%fPSA 166 (11.7,224) 176 (128232 143 (10.7,204) <0.001 139  (10.1,19.1) <0.001
%p2PSA 136 (1.01,1.81) 118 (0.94157) 164 (1.362.16) <0.001 173 (1.41,2.29) <0.001
PHI 359 (25.847.9) 314 (246422 447 (34.558.6) <0.001 47.8  (38.3,65.5) <0.001
PSA density 015 (0.11,022) 0.14 (0.1,0.19) 020 (0.13,0.34) <0.001 022  (0.15,0.39) <0.001
PHI density 074 (048,132 062 (041,095 131 (0.782.01) <0.001 1.49 (1.0,2.21) <0.001
Gleason score, n(%) 3+3 57* (42.5) 17 (18.1)

3+4 39 (29.1) 39 (41.5)

4+3 25 (18.7) 25 (26.6)

8 6 (4.5) 6 (6.4)

9 7 5.2) 7 (7.4)

PCa, prostate cancer; cs, clinically significant; DRE, digital rectal examination; PSA, prostate-specific antigen; %fPSA, percentage of free to total PSA; %p2PSA, percentage of p2PSA to
free PSA ratio; PHI, Prostate Health Index; Data are median [interquartile range (IQR)] unless otherwise indicated.
*40 patients demonstrated insignificant PCa, and 17 patients demonstrated csPCa, according to the Epstein criteria.
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Variable PCa csPCa

0Odds ratio (95%Cl) P value 0Odds ratio (95%Cl) P value
Age 1.07 (1.04, 1.1) <0.001 1.07 (1.04, 1.1) <0.001
Abnormal DRE 3.39 (2.02, 5.67) <0.001 3.06 (1.8,6.23) <0.001
Prostate volume 0.96 (0.95, 0.97) <0.001 0.94 (0.93,0.96) <0.001
Total PSA 1.04 (0.99, 1.1) 0.129 1.09 (1.03-1.16) 0.005
%fPSA* 0.96 (0.93, 0.99) 0.004 0.94 (0.91,0.97) <0.001
%p2PSA* 1.01(1.01,1.02) <0.001 1.01 (1.01, 1.02) <0.001
PHI 1.04 (1.03, 1.06) <0.001 1.05 (1.03-1.06) <0.001
PSA density" 1.42 (1.21,1.67) <0.001 1.24 (1.07,1.44) 0.005
PHI density 227 (1.78,297) <0.001 1.41(1.151.72) 0.001

PCa, prostate cancer; cs, clinically significant; DRE, digital rectal examination; PSA, prostate specific antigen; %fPSA, percentage of free to total PSA; %p2PSA, percentage of p2PSA to
free PSA ratio; PHI, Prostate Health Index; Cl, confidence interval: *per unit change of 1 percent: Tper unit change of 0.1.
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First patient (patient with response to axitinib + pembrolizumab combo)

Axitinib + Ga-PSMA-PET CT scan
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start | ‘
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Second patient (patient with initial progressive disease on pembrolizumab and subsequent response to axitinib)
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Clinical features Case Low risk High risk P X+S P
Age

<55 107 46 61 237 £291

>55 110 55 55 0.37 2.34 +3.02 0.94
Pathological T

T1-T2 131 73 58 1.62 + 2.61

T2-T4 86 28 58 0.00 3.46 +3.13 0.00
Pathological M

MO 179 91 88 2.03 +2.88

M1 38 10 28 0.01 3.89 +2.88 0.00
Pathological N

NO 105 56 49 1.98 +3.12

N1 9 2 7 0.09 4.93 + 3.94 0.01
Grade

Grade 1-2 95 58 37 1.20 +2.33

Grade 3-4 118 39 79 0.00 3.38 £ 3.07 0.00
Overall status

Alive 144 87 57 1.35 + 2.31

Dead 73 14 59 0.00 433 +3.13 0.00
Neoplasm status

Tumor free 128 75 53 1.49 £ 2.37

With tumor 74 17 57 0.00 4.01 +£3.08 0.00
Tumor stage

- 120 70 50 1.43 +2.53

-V 96 30 66 0.00 3.55 + 3.04 0.00

TCGA, The Cancer Genome Atlas.
Values in bold are with p < 0.05.
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Names of signaling pathways NES NOM p-Val FDR g-Val

OLFACTORY_TRANSDUCTION 222 0.00 0.00
INTESTINAL_IMMUNE_NETWORK_FOR_IGA_PRODUCTION 212 0.00 0.00
P53_SIGNALING_PATHWAY 211 0.00 0.00
GLYCOSAMINOGLYCAN_BIOSYNTHESIS_CHONDROITIN_SULFATE 2.04 0.00 0.00
TASTE_TRANSDUCTION 2.00 0.00 0.00
CYTOKINE_CYTOKINE_RECEPTOR_INTERACTION 1.92 0.00 0.01
HOMOLOGOUS_RECOMBINATION 191 0.00 0.01
CELL_CYCLE 1.80 0.00 0.02
ECM_RECEPTOR_INTERACTION 1.76 0.00 0.02
DNA_REPLICATION 167 0.01 0.05
BASE_EXCISION_REPAIR 1.67 0.01 0.04
BASAL_CELL_CARCINOMA 1.62 0.01 0.06
SYSTEMIC_LUPUS_ERYTHEMATOSUS 1.61 0.01 0.06
HEMATOPOIETIC_CELL_LINEAGE 1.61 0.00 0.06
DILATED_CARDIOMYOPATHY 1.68 0.00 0.07
GLYCOSAMINOGLYCAN_DEGRADATION 1.56 0.03 0.08
HYPERTROPHIC_CARDIOMYOPATHY_HCM 1.54 0.01 0.09
HEDGEHOG_SIGNALING_PATHWAY 1.53 0.02 0.08
PATHOGENIC_ESCHERICHIA_COLI_INFECTION 1.52 0.02 0.09
NEUROACTIVE_LIGAND_RECEPTOR_INTERACTION 1.51 0.00 0.09
ARRHYTHMOGENIC_RIGHT_VENTRICULAR_CARDIOMYOPATHY_ARVC 1.48 0.02 0.10
PRIMARY_IMMUNODEFICIENCY 1.45 0.04 0.13
LEISHMANIA_INFECTION 1.45 0.03 0.12
JAK_STAT_SIGNALING_PATHWAY 1.34 0.03 0.23

GSEA takes NOM less than 0.05 and FDR q-val less than 0.25 to filter the results.
NES, normalized enrichment score; NOM p-val, credibility of the enrichment result; FDR q-val: p-value after multiple hypothesis correction; GSEA, Gene Set Enrichment Analysis; FDR, false
discovery rate.
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CeRNA

LncRNA
Linc00313
Linc00488
CYP4F26P
Linc00858
AC007682
RP13-392116.1
RP11-302F12.3
RP11-25902.2
Linc01016
Linc00942
CTD-2004A9.1
RP11-96B2.1
RP11-619A14.3
C8orf49
AC144835
Linc00261
RP4-536B24.4
RP13-379024.2
miRNA
hsa-miR-182-5p
hsa-miR-183-5p
hsa-miR-218-5p
hsa-miR-221-3p
mRNA

RIMS4

PAX3

CREB3L1

Impact

LogrankP

0.02
0.02
0.04
0.00
0.01
0.01
0.00
0.03
0.00
0.00
0.00
0.00
0.03
0.02
0.01
0.03
0.00
0.01

0.03
0.00
0.03
0.00

0.01
0.00
0.02

Univariate Multivariate
Beta HR 95% CI p Value Beta HR 95% CI p Value
0.55 1.70 1.10-2.70 0.02 0.30 1.35 0.75-2.44 0.31
0.57 1.80 1.10-2.80 0.02 -0.01 0.99 0.57-1.73 0.97
0.48 1.60 1.00-2.60 0.04 -0.15 0.86 0.49-1.51 0.60
0.73 2.10 1.30-3.30 0.00 0.61 1.83 1.04-3.23 0.04
0.65 1.90 1.20-3.00 0.01 -0.22 0.80 0.45-1.45 0.47
-0.64 0.52 0.32-0.86 0.01 -0.70 0.50 0.27-0.90 0.02
0.65 1.90 1.20-3.00 0.01 0.29 1.34 0.78-2.29 0.29
0.52 1.70 1.00-2.80 0.04 -0.10 0.90 0.48-1.69 0.75
0.70 2.00 1.20-3.30 0.00 0.34 1.41 0.77-2.58 0.27
0.96 2.60 1.60-4.30 0.00 0.74 2.09 1.09-4.01 0.03
-0.71 0.49 0.31-0.79 0.00 0.13 1.14 0.60-2.17 0.69
0.68 2.00 1.20-3.10 0.00 0.06 1.06 0.58-1.94 0.85
0.562 1.70 1.10-2.70 0.03 -0.08 0.92 0.50-1.70 0.79
0.62 1.90 1.10-3.10 0.02 -0.01 0.99 0.65-1.77 0.96
0.64 1.90 1.20-3.10 0.01 0.05 1.056 0.68-1.90 0.87
0.51 1.70 1.00-2.60 0.03 0.20 1.22 0.69-2.17 0.49
0.67 2.00 1.20-3.10 0.01 0.33 1.40 0.76-2.56 0.28
0.62 1.90 1.20-2.90 0.01 0.22 1.24 0.70-2.22 0.46
0.51 1.70 1.00-2.60 0.08 -1.31 0.27 0.12-0.63 0.00
1.10 2.90 1.70-4.80 0.00 1.52 4.58 1.97-10.62 0.00
0.52 1.70 1.10-2.70 0.03 0.41 1.51 0.79-2.89 0.21
1.00 2.80 1.70-4.50 0.00 0.65 1.91 0.99-3.69 0.05
1.90 1.90 1.20-3.10 0.01 o1 1.12 0.63-1.98 0.70
2.00 2.00 1.30-3.20 0.00 0.65 1.92 1.11-3.34 0.02
1.70 1.70 1.10-2.70 0.02 -0.52 0.60 0.30-1.19 0.14

HR, hazard ratio; Cl, confidence interval; IncRNAs, long non-coding RNAs; miRNAs, microRNAs; mRNAs, messenger RNAs; ceRNA, competing endogenous RNA.
Values in bold are with p < 0.05.
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Gene Compound p- Correlation Compound Target or activity of compound
symbol value status
CD146 gemcitabine <0.000 -0.071 approved inhibitor of DNA replication; inhibitor of ribonucleotide reductase, thymidylate synthetase, and
cytidine monophosphate (UMP-CMP) kinase
ML162 0.001 -0.703 probe selectively kills engineered cells expressing mutant HRAS
topotecan 0.002 -0.645 approved inhibitor of topoisomerase |
SB-225002 0.003 -0.633 probe inhibitor of chemokine receptor 2
SN-38 0.008 -0.672  probe metabolite of irinotecan; inhibitor of topoisomerase |
fluorouracil 0010  -0559  approved pyrimidine analog; inhibitor of thymidylate synthase
CR-1-31B 0.016 -0.530 probe silvestrol analog; inhibits translation by modulating the elF4F complex
daporinad 0.025 -0.498 experimental inhibitor of nicotinamide phosphoribosyltransferase
GSK525762A  0.030 -0.485 probe inhibitor of bromodomain (BRD) and extra-C terminal domain (BET) proteins
BRD4132 0.031 -0.482 probe screening hit
clofarabine 0.032 -0.480 approved inducer of DNA damage
SNX-2112 0.033 -0.478 probe inhibitor of HSP90alpha and HSP90beta
WP1130 0.035 -0.474 probe inhibitor of the deubiquitinase activity of USP9X, USP5, USP14, and UCH37
I-BET151 0.035 -0.474 probe inhibitor of bromodomain (BRD) and extra-C terminal domain (BET) proteins
brivanib 0.038 -0.467 experimental inhibitor of VEGFR 1/2
serdemetan 0.040 -0.462 experimental inhibitor of MDM2
obatoclax 0.043 -0.456 experimental inhibitor of MCL1, BCL2, and BCL-xL.
etoposide 0.046 -0.451 approved inhibitor of topoisomerase Il
BIBR-1532 0.049 -0.446 probe inhibitor of telomerase reverse transcriptase
quizartinib 0.012 0.548 experimental inhibitor of VEGFR3
GSK1059615 0.027 0.495 experimental inhibitor of PI3K and mTOR kinase activity
BRD- 0.027 0.494 probe screening hit
K92856060
AC55649 0.048 0.447 probe agonist of retinoic acid receptor beta
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Description

CD8+T cell

T cell (general)

B cell
Monocyte

TAM

M1 macrophage
M2 macrophage
Neutrophils

NK

Dendritic cell

Thi

Th2
Tfh
Th17

Treg

T cell exhaustion

*n <0.05. *p < 0.01. **p < 0.001.

Gene markers

CD8A

cbeB

CD3D

CD3E

cb2

cD19

CD79A

et
CD115(CSF1R)
ccLe

cD68

IL10
INOS(NOS2)
IRF5
COX2(PTGS2)
cD163

VSIG4
MS4A4A
CD66b(CEACAMS)
CD11b(TGAM)
CCR7
KIR2DL 1
KIR2DL3
KIR2DL4
KIR3DL1
KIR3DL2
KIR3DL3
KIR2DS4
HLA-DPB1
HLA-DQB1
HLA-DRA
HLA-DPA1
BDCA-1(CD10)
BDCA-4(NRP1)
cDic

T-bet (TBX21)
STAT4

STAT1
IFN-IFNG)
TNF-o(TNF)
GATA3
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HR 95%ClI p-value HR 95%CI p-value
Age: >60 vs <60 0.730 0.366~1.453 0.370
Gender: male vs female 1.227 0.539~2.793 0.626
T stage: T3+T4 vs T1+T2 3.816 1.967~7.400 0.000 1.360 0.605~3.060 0.457
N stage: N1 vs NO 4.255 1.759~10.295 0.001 2.397 0.809~7.104 0.115
M stage: M1 vs MO 7.891 3.841~16.213 0.000 3.028 1.393~6.581 0.005
Fuhrman grade: G3+G4 vs G1+G2 6.302 3.140~12.648 0.000 2.927 1.341~6.390 0.007

CD146: high vs low 8.897 3.405~23.245 0.000 5.829 2.110~16.103 0.001
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Age: >60 vs <60 0.431 0.212~0.874 0.020 0.739 0.335~1.632 0.455
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T stage: T3+T4 vs T1+T2 3.668 1.761~7.638 0.001 1.252 0.502~3.123 0.630
N stage: N1 vs NO 4.416 1.680~11.609 0.003 3.136 0.859~11.444 0.084
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Fuhrman grade: G3+G4 vs G1+G2 7.456 3.423~16.245 0.000 3.472 1.456~8.284 0.005
CD1486: high vs low 8.117 2.833~23.255 0.000 4.655 1.525~14.207 0.007
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Variable No. of patients (%) 7 p-value

Patients CD146 high CD146 low

Age (years)

<60 104 50(48.1) 54(51.9) 1.126 0.289
> 60 36 21(58.3) 15(41.7)

Gender

Male 108 53(49.1) 55(50.9) 0.509 0.476
Female 32 18(56.3) 14(43.8)
T stage
T1+T2 106 49(46.2) 57(53.8) 3.517 0.061
T3+T4 34 22(64.7) 12(35.3)

N stage

NO 128 64(50.0) 64(50.0) 0.305 0.581
N1 12 7(58.3) 5(41.7)

M stage

MO 134 66(49.3) 68(50.7) 2.668 0.102
M1 6 5(83.3) 1(16.7)

Fuhrman grade
Grade 1 + 2 100 39(59.6) 61(40.4) 19.215 0.000

Grade 3 + 4 40 32(83.7) 8(16.3)





OPS/images/fonc.2021.744107/fonc-11-744107-g007.jpg
it

&

Wy
&

<
27
V4





OPS/images/fonc.2021.756843/fonc-11-756843-g002.jpg
HE score.

»: ., © "
[ s IR 0
o T T - . -
o 3 R N
P oo o 1 g+
L g £ 2 ¢
P - o i 2 B
+ F
o - P o= o
3 o
— FL1 o (nes0) FouHgh (n=50)

— FGL1 Low (n=157)

£
Py

g
3 e
oo

~
Plopamotor Ty
vessagsioL 21010 |

Plog ank)<0.0001
HR=20.83(85%C19.11347.630)

Progression free suvival(h)

Tk ol cosisheibmbinfiad bk st G el





OPS/images/cover.jpg
EDITED BY: Eric A. Singer, Paula Alexandra Quintela Videira and
Marco Borghesi
PUBLISHED IN: Frontiers in Oncology

@ frontiers Research Topics





OPS/images/fonc.2021.780906/fonc-11-780906-g001.jpg
Records identified from (323):
Databases (n = 312)
Other sources (n =11)

Records screened
(n=141)

Reports sought for retrieval
(n=27)

Reports assessed for eligibility
(n=25)

Studies included in review
(n=11)

Records removed before
screening:
Duplicate records removed
(n=93)
Records marked as ineligible
by automation tools (n = 61)
Records removed for other
reasons (n = 28)

Records excluded (n = 114)
Reviews, meta-analyses (n = 16)
Meeting, comments (n = 11)
Not related records (n = 87)

Reports not retrieved
(ni=:2)

Reports excluded:

Not reporting outcomes (n = 6)
Incomplete survival data (n = 3)
No De Ritis ratio data (n = 5)






OPS/images/fonc.2021.780906/crossmark.jpg
©

2

i

|





OPS/images/fonc.2021.726486/table1.jpg
No.of patients
gender
female
male
Age
>65
<65
status
alive
dead
stage
Stage |
Stage Il
Stage IIl
Stage IV
unknown

TCGA cohort

406

106 (26.1%)
300 (73.9%)

245 (60.3%)
161 (39.7%)

227 (55.9%)
179 (44.1%)

2(0.5%)
129 (31.8%)
140 (34.5%)
133 (382.8%)

2 (0.5%)

FAHWMU cohort

180

47 (26.1%)
133 (73.9%)

107 (59.4%)
73 (40.5%)

98 (61.7%)
87 (48.3%)

21 (11.7%)
56 (31.1%)
44 (24.4%)
57 (31.7%)

2(1.1%)





OPS/images/fonc.2021.726486/M1.jpg
THEDG RN NN PV N SR a0 ¢ IR N ameta e
4004891  xpresion ofMATG) + (02629  cxpresion o PROXI)
01766 xresionof SCD) + (0282 x expesion of LA
s S N S O,





OPS/images/fonc.2021.726486/fonc-11-726486-g009.jpg





OPS/images/fonc.2021.726486/fonc-11-726486-g008.jpg





OPS/images/fonc.2021.726486/fonc-11-726486-g007.jpg
uniforest

B multiforest
W ey e

D





OPS/images/fonc.2021.726486/fonc-11-726486-g006.jpg





OPS/images/fonc.2021.726486/fonc-11-726486-g005.jpg
Set—
E &
Sensiy

o0 o0z 0+ o6 08 10

pe20t1e-04

[EEEEEXRAREEEEEES
Timalyears)
c o






OPS/images/fonc.2021.726486/fonc-11-726486-g004.jpg
A

oot
m
G
PROXS

sieaarz
TusE1
TawRD1

puave
008
ootz
oo
o060
o001
ooss
oor2
oo

Hazard o
131801074-1817)
1209(1.042-1.390)
te29(1.100-2231)
13010989-1.710)
119301072-1.328)
132601016-1.726)
os320325-0888)
08530703-1.038)

oo

05

1o 15
Hazand ratio.

20





OPS/images/fonc.2021.726486/fonc-11-726486-g003.jpg





OPS/images/fonc.2021.726486/fonc-11-726486-g002.jpg





OPS/images/fonc.2021.726486/fonc-11-726486-g001.jpg
e

— i

T

 —— I

e

w2 |

e

[T [ [P—






OPS/images/fonc.2021.726486/crossmark.jpg
©

2

i

|





OPS/images/fonc.2021.756843/table2.jpg
Variable

Age (years) 1:<60;0:>60
Gender 1 male;O female

T stage 1: >T3;0:<T3

N stage 1:N1;0: NO

M stage 1:M1;0: MO
AJCC 1: =lIl;0:<lll
Fuhrman grade 1: <2;0:>2
FGL1 1:high;O:low

os PFS
Univariate Multivariate Univariate Multivariate
HR (CI95%) P HR (CI95%) P HR (CI95%) P HR (CI195%) P
0.427 (0.226~0.808) 0.009  0.755(0.389~1.464)  0.405 0.785 (0.424~1.456) 0.443  0.635(0.330~1.224)  0.175
1.279 (0.586~2.791) 0.536 1.601 (0.640~4.006)  0.314 1.283 (0.637~2.587) 0.486  0.669(0.287~1.559)  0.351
1.732 (0.909~3.299) 0.051 2.088 (0.998~4.371)  0.051 1.731(0.961~3.118) 0.068  0.412(0.205~0.826)  0.013
4.787 (2.626~8.725) 0.000  0.719 (0.208~2.484)  0.602 4.787 (2.626~8.725) 0.000 1.896(0.581~6.182)  0.289
5.960 (2.5694~13.695)  0.000  2.343 (0.725~7.577)  0.155  5.474 (2.521~11.888) 0.000  0.663(0.251~1.749)  0.406
9.618 (4.833~19.143)  0.000 2.782(0.727~10.643) 0.135  9.002 (4.467~17.338) 0.000  0.690(0.205~2.323)  0.550
8.765 (4.443~17.291)  0.000  0.995 (0.193~5.135)  0.995 10.745 (5.775~20.061) 0.000  0.436(0.103~1.843)  0.259
9.469 (4.685~19.140)  0.000  3.600 (1.646~7.875)  0.001 7.131 (3.900~13.038) 0.000  0.417(0.213~0.817)  0.011
24.236 (10.013~68.661) 0.000 10.703 (3.876~29.558) 0.000 35.207 (15.273~81.161) 0.000 21.954(8.436~57.134) 0.000
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Univariate Multivariate

hazard ratio (95% CI) P-value hazard ratio (95% Cl) P-value
NETs-score 8.1 (1.8-37) 0.0064 6.5 (1.32-31.5) 0.021*
Age 1.1(1-1.2) 0.002 1.1 (1.04-1.2) 0.001**
Gender (Male) 0.74 (0.29-1.9) 0.54
Fuhrman grade 2.2 (0.97-5) 0.058 2.2 (0.91-5.1) 0.079
Tumor laterality 1.5 (0.57-3.8) 0.43
(Left)

Annotation details for two tables: The second classification variables have been labeled with cutoff values or grouped indicators. Variables that are not labeled with cutoff values were

analyzed as continuous variables. *p < 0.05, *'p < 0.01.
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Univariate Multivariate
hazard ratio (95% CI) P-value hazard ratio (95% Cl) P-value

Age (years) 1(0.98-1) 0.92

Gender (Male) 0.89 (0.49-1.6) 0.7

BMI > 24.7 Kg/m2 0.44 (0.26-0.74) 0.0019 0.74 (0.39-1.4) 0.354
Tumor size =7 cm 3.6 (2-6.6) <0.001 1.94 (0.98-3.8) 0.059
Tumor laterality (Left) 2.1 (1.2-8.7) 0.0076 2.05 (1.08-3.9) 0.028
Paraneoplastic syndrome 3(1.6-5.7) <0.001 1.71(0.77-3.8) 0.185
Blood transfusion 3.2(1.9-5.3) <0.001 0.98 (0.52-1.9) 0.957
Fuhrman grade 3/4 6.6 (3.4-13) <0.001 4.07 (1.80-9.2) <0.001**
Tumor necrosis 22(1.3-3.7) 0.0029 0.81(0.41-1.6) 0.552
Sarcomatoid differentiation 3.9 (2.3-6.6) <0.001 1.84 (0.93-3.7) 0.082
Perineal fat invasion 3(1.8-5) <0.001 1.83(0.99-3.4) 0.055
LN metastasis 1.6 (0.63-4) 0.33

Hb 0.98 (0.98-0.99) <0.001 1(0.99-1.0) 0.966
LDH 1(1-1) 0.051

ALT 1(0.98-1) 0.95

AST 1(0.98-1) 0.66

Neutrophil 1.1(0.95-1.3) 0.18

Platelet 1(1-1) <0.001 1(1-1) 0911
NLR=4 4(22-7.2) <0.001 246 (1.18-5.1) 0.016*
IgG 1(1-1.2) 0.0021 1.01(0.92-1.1) 0.894
IgA 1.3(1.1-1.5) 0.0022 1.24 (0.97-1.6) 0.084
IgM 0.97 (0.78-1.2) 0.81

ALT, alanine aminotransferase; AST, aspartate aminotransferase; BMI, body mass index; Hb, hemoglobin; LDH, lactate dehydrogenase; LN, lymph nodes; NLR, neutrophil-to-lymphocyte ratio.

*0 < 0.05, **p < 0.001.
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Outcome Variable No. of studies Model HR (95% CI) P Heterogeneity Pm
1 (%) P

os Al 10 Random 1.41(1.25, 1.59) <0.001 34.6 0.131

Ethnicity Asian 6 Random Random 1.49 (1.25,1.77) < 0.001 20.5 0.279 0.409
Caucasian 4 1.34 (1.11, 1.62) 0.002 53.4 0.092

Disease stage Metastatic 5 Random Random 1.37 (1.21, 1.54) < 0.001 0.0 0414 0.935
Non-metastatic 5 1.45 (1.13, 1.86) 0.004 58.9 0.045

Treatment method Surgery 7 Random 1.43 (1.18, 1.72) < 0.001 51.3 0.055 0.897
Non-surgery 3 Random 1.41 (1.25, 1.65) < 0.001 0.0 0.521

Cutoff value >1.2 5 Random Random 1.44 (1.18, 1.76) <0.001 511 0.085 0.877
<1.2 5 1.39 (1.17, 1.65) <0.001 27.0 0.242

Analysis method Multivariate 6 Random Random 1.50 (1.29, 1.73) <0.001 217 0.271 0.220
Univariate 4 1.28 (1.04, 1.58) 0.020 40.8 0.167

Sample size >300 5 Random Random 1.45 (1.23, 1.71) <0.001 34.1 0.194 0.629
<300 5 1.38 (1.12,1.71) 0.003 43.3 0132

Css Al 7 Random 1.59 (1.28, 1.97) <0.001 49.7 0.063

Ethnicity Asian 5 Random Random 1.80 (1.38, 2.33) <0.001 35.6 0.184 0.086
Caucasian 2 1.27 (1.06, 1.51) 0.009 0.0 0.887

Disease stage Metastatic 3 Random 1.54 (1.14, 2.08) <0.001 60.1 0.082 0.809
Non-metastatic 4 Random 1.66 (1.15, 2.40) <0.001 50.7 0.107

Cutoff value >1.2 4 Random 1.94 (1.43, 2.64) <0.001 27.3 0.248 0.067
<1.2 3 Random 1.45(1.15, 1.83) 0.001 0.0 0.063

Analysis method Multivariate 5 Random 1.76 (1.32, 2.35) <0.001 63.5 0.027 0.278
Univariate 2 Random 1.25 (0.90, 1.75) 0.184 0.0 0.816

Sample size >300 4 Random Random 1.42(1.28,1.73) 0.001 29.8 0.233 0.250
<300 3 1.97 (1.25, 3.10) 0.004 51.4 0.128

OS, overall survival: CSS, cancer-specific survival: HR, hazard ratio; Cl, confidence interval.
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Authors Region
(year)

Bezan America
2015 (18)

Canat 2017 Turkey
(19)
Gu 2017 China
(23)

Ishihara Japan
2017 (24)

Lee 2017  Korea
(25)

Kang 2018  Korea
(26)

Kim 2018  Korea
(27)

lkeda 2020  Japan

(28)

Kang 2020 Korea

(29)

Laukhtina  Europe and
2020 (30) America
Janisch Germany
2021 (31)

Study design

Retrospective

Retrospective
Retrospective
Propensity
score matching
Propensity
score matching

Retrospective

Retrospective

Retrospective
Retrospective
Retrospective

Retrospective

Tumor
type

Non-
metastatic

Non-
metastatic
Non-
metastatic

Metastatic

Non-
metastatic
Metastatic

Metastatic

Non-
metastatic
Non-
metastatic
Metastatic

Metastatic

Treatment Number of
patients

Surgery

Surgery

Surgery

Surgery
Surgery
TKI

T

Surgery
Surgery
Surgery

TKI

698

298

185

118

2965

360

158

243

670

613

220

Age
(years)

Median
65.4
(65.8—
73.4)
Median 61
(22-86)
Mean
56.1 +
1.8
Median 65

Median 55
(47-65)
Median 58
(51-67)
Mean
58.6 +
10.6
Median 61
(55-67)
Median 55
(48-61)
Median 57
(50-64)
Median 64
(67-71)

Cutoff value
(AST/ALT)

1.26

15

1.0

1.24
15
12

1.38

1.42
1.0
12

1.08

Analysis
method

Multivariate

Univariate

Univariate

Multivariate

Multivariate

Multivariate

Univariate

Multivariate

Univariate

Multivariate

Multivariate

Outcomes

os

0s, CSs

0os

0s, CSs

0S, Css

0S, Css

oS,

css

0s, CSS

0S, Css

0os

Follow-up
(months)

Median 60

Mean
37.8+223
Median 30.2
(12.1-48.4)

Mean
21.0+243
Median 37
(24-73)
Median 29
(24.1-33.9)
NR

Median 60
(25-103)
Median 59
(41-81)
Median 31
(16-58)
Median 28
(10-58)

Quality
score

8

TKI, tyrosine kinase inhibitor; TT, targeted therapy; AST, aspartate transaminase; ALT, alanine transaminase; OS, overall survival.

CSS, cancer-specific survival: PFS, progression-free survival: MFS, metastasis-free survival: NR, not report.
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Test Name Manufacturer

Repeat Biopsy
ConfirmMDx  MDxHealth

Genetic Material tested

Methylation status of 3 genes
(GSTP1, RASSF1, APC)

After Biopsy: Active Surveillance vs. Intervention

Expression levels (RNA) of 31 cell-cycle
progression genes

Expression levels (RNA) of 22 genes
(LASP1, IQGAPS, NFIB, S1PR4, THBS2,
ANOQ?7, PCDH7, MYBPC1, EPPKT,

TSBP, PBX1, NUSAP1, ZWILCH, UBE2C,
CAMK2N1, RABGAP1,

PCAT-32, GLYATL1P4, PCAT-80,
TNFRSF19)

Expression levels (RNA) of 12 genes
(AZGP1, KLK2, SRD5A2, FAM13C, FLNC,
GSN, TPM2, GSTM2, TPX2, BGN,
COL1A1, SFRP4)

Quantitative levels of 8 proteins
(DERL1, CUL2, SMAD4, PDSS2, HSPA9,
FUS, pS6, YBOX1)

PTEN deletion and TMPRSS2:ERG fusion

Management after RP: Further Treatment vs. Observation

Prolaris Myriad
Biopsy Genetics
Decipher GenomeDx
Biopsy Biosciences
Oncotype Genomic
DX Health
ProMark Metamark
PTEN/ Metamark
TMPRSS2:
ERG
Prolaris Myriad
Genetics
Decipher GenomeDx
Biosciences

Expression levels (RNA) of 31 cell-cycle
progression genes
Expression levels (RNA) of 22 genes

Endpoint Test
Report
Risk of PCa on Likelihood
repeat biopsy of PCain
%
10-year risk of CCP
PCa-specific Score: 0-6
mortality
5-year risk GC Score:
metastasis 0-1.0
Likelihood of high
grade PCa on RP
10-year risk of
PCa-specific
mortality
Likelihood of GGG~ GPS
1orGGG2 onRP  Score: 0-
Likelihood of 100
organ-confined
PCa on RP
Risk of ProMark
GGG > 3 or non- Score: 0-
organ confined 100
PCa on RP
Risk
groups
10-year risk of BCR CCP
Score: 0-6
5-year risk of GC Score:
metastasis 0-1.0
10-year risk of PCa

specific mortality

Target Population

Men with negative biopsy
and considering second one

Men with PCa on biopsy

Men with localized PCa

Men with very low- and low-
risk PCa*

Men with GGG 1 or 2 on
biopsy

Men with GGG 1 or 2 on
biopsy

Men after RP
Men with high-risk pathology

or high-risk clinical features
after RP

Reference

Stewart et al. (12), Partin
et al. (13), Van Neste
etal. (14)

Cuzick et al. (15, 16)

Cooperberg et al. (17),
Klein et al. (18), Ross
etal. (19)

Cullen et al. (20), Klein
etal. (21)

Shipitsin et al. (22),
Blume-Jensen et al. (23)

Yoshimoto et al. (24)

Cuzick et al. (25),
Cooperberg et al. (17)
Karnes et al. (26), Den
etal. (27)

PCa, prostate cancer; BCR, biochemical recurrence; CCP, cell cycle progression; GC, genomic classifier; GGG, Gleason grade group; GPS, genomic prostate score; RP, radical

prostatectomy.
*based on NCCN risk group.
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AUC Standard Error 95% CI Sensitivity (%) Specificity (%)
miR-17-5p 0.845 0.030 0.782 - 0.895 84.34 71.11
miR-18a-5p 0.597 0.043 0.520 - 0.671 90.36 31.11
miR-19a-3p 0.596 0.045 0.519 - 0.670 4217 86.67
miR-20a-5p 0.806 0.033 0.739 - 0.862 74.70 74.44
miR-19b-3p 0.741 0.037 0.669 - 0.804 72.29 66.67
miR-92a-3p 0.902 0.022 0.847 - 0.942 92.77 71.11
three-miRNA panel 0.969 0.011 0.931 - 0.989 90.36 94.44

AUC, area under curve; Cl, confidence interval.
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miRNAs Tissue (TCGA-BLCA) Serum (PKU-shenzhen hospital) Serum (GSE113486)
logFC FDR logTPM logFC p-value AveCT logFC FDR AveExpr

miR-17-5p 2.07 <0.01 9.37 1.81 <0.01 17.34 2.30 <0.01 2.02
miR-18a-5p 2.55 <0.01 4.97 134 0.03 20.10 2.64 <0.01 1.41
miR-19a-3p 1.93 <0.01 5.38 1.33 0.02 21.09 3.14 <0.01 0.56
miR-20a-5p 1.92 <0.01 8.89 1938 <0.01 19.57 2.56 <0.01 1.45
miR-19b-3p 1.28 <0.01 7.57 171 <0.01 17.89 2.60 <0.01 2.26
miR-92a-3p 0.98 <0.01 18.72 1.89 <0.01 16.11 2.18 <0.01 6.32

FC, fold change; FDR, false discovery rate; TPM, Transcripts Per Kilobase of exonmodel per Million mapped reads; AveCT, average CT value; AveExpr, average expression.
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BC patients HCs
Total number 74 90
Age (Mean + SD) 63.8 £ 13.5 56.6 £ 13.1
Gender (%)
Male 54 (73.0) 42 (46.7)
Female 20 (27.0) 48 (53.3)
Tumor stage (%)
TaNOMO 26 (35.1)
TINOMO 30 (40.5)
T2NOMO 13 (17.6)
>pT3 5(6.8)
Pathological grade (%)
Low grade 35 (47.3)
High grade 39 (52.7)

BC, bladder cancer; HCs, healthy controls.
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Characteristics HR 95% CI p-value

GGTS (High vs. Low)" 0.702 0.535-0.922 0.011*
KNG1 (High vs. Low) 0.995 0.856-1.157 0.952
DIO1 (High vs. Low) 0.938 0.744-1.181 0.584
SLC22A8 (High vs. Low) 0.706 0.531-0.937 0.016*
FAMB3B (High vs. Low) 0.738 0.519-1.049 0.090
SERPINAS (High vs. Low) 1.047 0.932-1.175 0.440
FABP1 (High vs. Low) 0.920 0.776-1.091 0.340
PTH1R (High vs. Low) 0.795 0.693-0.911 0.001*
ARMH4 (High vs. Low) 0.783 0.570-1.075 0.131
ALDOB (High vs. Low) 0.873 0.809-0.942 <0.001***
ESRRG (High vs. Low) 0.685 0.557-0.843 <0.001***
SLC34A1 (High vs. Low) 0.825 0.700-0.973 0.022*
EFHDT1 (High vs. Low) 0.700 0.594-0.825 <0.001***

HR, hazard ratio; Cl, confidence interval: *Samples were classified into high and low gene expression according to a cut-off of 50%; *p < 0.05; ***p < 0.001.
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Patient variable

N
Invasiveness
NMIBC
MIBC
Grading
Low grade
High grade

BC patient (%)

14

11 (78.57%)
3(21.43%)

11 (78.57%)
3(21.43%)

NMIBC, non-muscle invasive bladder cancer; MIBC, muscle invasive bladder cancer; BC,

bladder cancer.
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Potential biomarkers for predicting LNM of bladder cancer
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