

[image: image]





FRONTIERS EBOOK COPYRIGHT STATEMENT

The copyright in the text of individual articles in this ebook is the property of their respective authors or their respective institutions or funders. The copyright in graphics and images within each article may be subject to copyright of other parties. In both cases this is subject to a license granted to Frontiers. 

The compilation of articles constituting this ebook is the property of Frontiers. 

Each article within this ebook, and the ebook itself, are published under the most recent version of the Creative Commons CC-BY licence. The version current at the date of publication of this ebook is CC-BY 4.0. If the CC-BY licence is updated, the licence granted by Frontiers is automatically updated to the new version. 

When exercising any right under the CC-BY licence, Frontiers must be attributed as the original publisher of the article or ebook, as applicable. 

Authors have the responsibility of ensuring that any graphics or other materials which are the property of others may be included in the CC-BY licence, but this should be checked before relying on the CC-BY licence to reproduce those materials. Any copyright notices relating to those materials must be complied with. 

Copyright and source acknowledgement notices may not be removed and must be displayed in any copy, derivative work or partial copy which includes the elements in question. 

All copyright, and all rights therein, are protected by national and international copyright laws. The above represents a summary only. For further information please read Frontiers’ Conditions for Website Use and Copyright Statement, and the applicable CC-BY licence.



ISSN 1664-8714
ISBN 978-2-8325-3051-1
DOI 10.3389/978-2-8325-3051-1

About Frontiers

Frontiers is more than just an open access publisher of scholarly articles: it is a pioneering approach to the world of academia, radically improving the way scholarly research is managed. The grand vision of Frontiers is a world where all people have an equal opportunity to seek, share and generate knowledge. Frontiers provides immediate and permanent online open access to all its publications, but this alone is not enough to realize our grand goals.

Frontiers journal series

The Frontiers journal series is a multi-tier and interdisciplinary set of open-access, online journals, promising a paradigm shift from the current review, selection and dissemination processes in academic publishing. All Frontiers journals are driven by researchers for researchers; therefore, they constitute a service to the scholarly community. At the same time, the Frontiers journal series operates on a revolutionary invention, the tiered publishing system, initially addressing specific communities of scholars, and gradually climbing up to broader public understanding, thus serving the interests of the lay society, too.

Dedication to quality

Each Frontiers article is a landmark of the highest quality, thanks to genuinely collaborative interactions between authors and review editors, who include some of the world’s best academicians. Research must be certified by peers before entering a stream of knowledge that may eventually reach the public - and shape society; therefore, Frontiers only applies the most rigorous and unbiased reviews. Frontiers revolutionizes research publishing by freely delivering the most outstanding research, evaluated with no bias from both the academic and social point of view. By applying the most advanced information technologies, Frontiers is catapulting scholarly publishing into a new generation.

What are Frontiers Research Topics? 

Frontiers Research Topics are very popular trademarks of the Frontiers journals series: they are collections of at least ten articles, all centered on a particular subject. With their unique mix of varied contributions from Original Research to Review Articles, Frontiers Research Topics unify the most influential researchers, the latest key findings and historical advances in a hot research area.


Find out more on how to host your own Frontiers Research Topic or contribute to one as an author by contacting the Frontiers editorial office: frontiersin.org/about/contact





Identifying novel biomarkers in bladder cancer, 2nd Edition

Topic editors

Thorsten Ecke – Helios Hospital, Germany

Thierry Massfelder – Institut National de la Santé et de la Recherche Médicale (INSERM), France

Citation

Ecke, T., Massfelder, T., eds. (2023). Identifying novel biomarkers in bladder cancer, 2nd Edition. Lausanne: Frontiers Media SA. doi: 10.3389/978-2-8325-3051-1


Publisher’s note: In this 2nd edition, the following article has been updated:

Ecke TH, Lotan Y and Massfelder T (2023) Editorial: Identifying novel biomarkers in bladder cancer. Front. Oncol. 13:1191736. doi: 10.3389/fonc.2023.1191736





Table of Contents




Editorial: Identifying novel biomarkers in bladder cancer

Thorsten H. Ecke, Yair Lotan and Thierry Massfelder

Exosome-Derived Long Non-Coding RNAs as Non-Invasive Biomarkers of Bladder Cancer

Quanxin Su, Hao Wu, Ziyi Zhang, Chao Lu, Lifeng Zhang and Li Zuo

OLFML2B Is a Robust Prognostic Biomarker in Bladder Cancer Through Genome-Wide Screening: A Study Based on Seven Cohorts

Jiaxing Lin, Xiao Xu, Tianren Li, Jihang Yao, Meng Yu, Yuyan Zhu and Dan Sun

RAC3 Inhibition Induces Autophagy to Impair Metastasis in Bladder Cancer Cells via the PI3K/AKT/mTOR Pathway

Liwei Wang, Jiazhong Shi, Sha Liu, Yaqin Huang, Hua Ding, Baixiong Zhao, Yuting Liu, Wuxing Wang, Jin Yang and Zhiwen Chen

Novel Pyroptosis-Related Gene Signatures Identified as the Prognostic Biomarkers for Bladder Carcinoma

Jia You, Huawei Li, Yuanfeng Wei, Peng Fan, Yaqin Zhao, Cheng Yi, Qing Guo and Xi Yang

Evaluation of aliphatic acid metabolism in bladder cancer with the goal of guiding therapeutic treatment

Tianbao Song, Kaixiang He, Jinzhuo Ning, Wei Li, Tao Xu, Weimin Yu, Ting Rao and Fan Cheng

Urinary exosomal long non-coding RNAs as noninvasive biomarkers for diagnosis of bladder cancer by RNA sequencing

Bingxian Bian, Li Li, Xing Ke, Hui Chen, Yi Liu, Naisheng Zheng, Yingxia Zheng, Yanhui Ma, Yunlan Zhou, Junyao Yang, Lanshu Xiao and Lisong Shen

Alpha-2-macroglobulin as a novel diagnostic biomarker for human bladder cancer in urinary extracellular vesicles

Jisu Lee, Hyun Sik Park, Seung Ro Han, Yun Hee Kang, Ji Young Mun, Dong Wook Shin, Hyun-Woo Oh, Yoon-Kyoung Cho, Myung-Shin Lee and Jinsung Park

Modified immunoscore improves the prediction of progression-free survival in patients with non-muscle-invasive bladder cancer: A digital pathology study

Uwe Bieri, Dominik Enderlin, Lorenz Buser, Marian S. Wettstein, Daniel Eberli, Holger Moch, Thomas Hermanns and Cédric Poyet

Prognostic significance and identification of basement membrane-associated lncRNA in bladder cancer

Lixiang Feng, Jun Yang, Wei Zhang, Xiong Wang, Lili Li, Min Peng and Pengcheng Luo

Systematical analysis of ferroptosis regulators and identification of GCLM as a tumor promotor and immunological biomarker in bladder cancer

Song Wang, He Wang, Shaoxing Zhu and Fangyin Li

The prognosis of bladder cancer is affected by fatty acid metabolism, inflammation, and hypoxia

Yu Xiao, Junfeng Yang, Maolin Yang, Jinjun Len and Yanhong Yu

A novel prognostic model based on cellular senescence-related gene signature for bladder cancer

Lianmin Luo, Fenghua Li, Binbin Gong, Ping Xi and Wenjie Xie

A tumor microenvironment preoperative nomogram for prediction of lymph node metastasis in bladder cancer

Zhenghao Chen, Chuan Qin, Gang Wang, Donghao Shang, Ye Tian, Lushun Yuan and Rui Cao

Label-free LC-MS/MS proteomics analyses reveal CLIC1 as a predictive biomarker for bladder cancer staging and prognosis

Weifeng Wang, Guankai Huang, Hansen Lin, Lei Ren, Liangmin Fu and Xiaopeng Mao

Comprehensive analysis of cuproptosis-related genes on bladder cancer prognosis, tumor microenvironment invasion, and drug sensitivity

Honglei Wang, Jinqiao Li, Xiaolin Zi and Xueli Yuan

Ex vivo near-infrared targeted imaging of human bladder carcinoma by ICG-anti-CD47

Haifeng Hao, Xinyu Wang, Yan Qin, Zhifang Ma, Pengyu Yan, Chao Liu, Guanying Chen and Xiaofeng Yang

Identification of endothelial-related molecular subtypes for bladder cancer patients

Deng-xiong Li, De-chao Feng, Xu Shi, Rui-cheng Wu, Kai Chen and Ping Han

Identification of a novel defined inflammation-related long noncoding RNA signature contributes to predicting prognosis and distinction between the cold and hot tumors in bladder cancer

Xi Xiong, Chen Chen, Xinxin Li, Jun Yang, Wei Zhang, Xiong Wang, Hong Zhang, Min Peng, Lili Li and Pengcheng Luo

Identifying novel biomarkers associated with bladder cancer treatment outcomes

Peris R. Castaneda, Dan Theodorescu, Charles J. Rosser and Michael Ahdoot





EDITORIAL

published: 04 July 2023

doi: 10.3389/fonc.2023.1191736

[image: image2]


Editorial: Identifying novel biomarkers in bladder cancer


Thorsten H. Ecke 1,2*, Yair Lotan 3 and Thierry Massfelder 4


1 Department of Urology, Helios Hospital Bad, Saarow, Germany, 2 Deparment of Urology, Universitätsmedizin Berlin Charité, Berlin, Germany, 3 Department of Urology, University of Texas Southwestern Medical Center, Dallas, TX, United States, 4 INSERM (French National Institute of Health and Medical Research) UMR_S1260, Université de Strasbourg, Regenerative Nanomedicine, Centre de Recherche en Biomédecine de Strasbourg, Strasbourg, France




Edited by: 

Alessia Cimadamore, Marche Polytechnic University, Italy

Reviewed by: 

Tibor Szarvas, Semmelweis University, Hungary

*Correspondence: 

Thorsten H. Ecke
 thorsten.ecke@helios-gesundheit.de 
thorsten.ecke@charite.de


Received: 22 March 2023

Accepted: 22 May 2023

Published: 04 July 2023

Citation:
Ecke TH, Lotan Y and Massfelder T (2023) Editorial: Identifying novel biomarkers in bladder cancer. Front. Oncol. 13:1191736. doi: 10.3389/fonc.2023.1191736



Keywords: bladder cancer (BCa), urology, tumor marker, urine, diagnostics


Editorial on the Research Topic 

Identifying novel biomarkers in bladder cancer


Urothelial carcinoma (UC) of the bladder is the tenth most diagnosed cancer worldwide and represents a significant cause of morbidity and mortality (1). UC is a heterogeneous disease with significant differences in management and prognosis for non-muscle invasive and muscle invasive stages (2). The increased knowledge regarding molecular changes associated with development and growth of bladder cancer has accelerated research into the disease (3). Methodological developments have contributed to a better understanding of the biology and heterogeneity of UC. This new understanding has also led to the development of new biomarkers and approaches for targeted therapy (4).

Cystoscopy and cytology are still mentioned as gold standard for the detection and surveillance of bladder cancer with unequal combined overall sensitivity and specificity. However, they have only limited sensitivity in detecting small lesions of the urinary tract and flat lesions such as carcinoma in situ that are thus particularly challenging. For such cases urine cytology is still the most used non-invasive test detecting bladder cancer during follow-up. Despite its high specificity of approximately 86%, the limitation lies in low sensitivity of only 50% (5), especially for low-grade tumors (6, 7). With the absence of reliable cost-effective urinary biomarkers, the confirmation of suspected carcinomas of the urinary tract and the subsequent life-long surveillance for relapse is nowadays still undertaken by cystoscopically examinations, which represents significant costs for healthcare systems (8).

There is a wide range of potential clinical uses for markers. Molecular markers could improve detection of disease in hematuria patients, improve surveillance for NMIBC, detect residual disease after therapy, predict response to treatment, select patients for more aggressive treatment and identify patients for targeted therapies. Markers can evaluate urine, serum, plasma and can identify alterations in proteins, DNA, RNA, epigenetic changes, cellular changes and be individual or panels. Most importantly, markers need validation and evaluation of clinical benefit.

Studies comparing different rapid tests to the gold standard, urine cytology based on the Paris system for reporting (9) and integrating clinical parameters such as haematuria, ECOG performance score, smoking behavior and others (10) are needed (11).

An incomplete understanding of tumor biology and responsiveness to current therapy strategies has led to numerous studies focusing on differentiating molecular subtypes of bladder cancer (12). Basal and luminal carcinomas have been described as the main subtypes for NMIBC and MIBC, along with tumor heterogeneity at genetic and molecular levels. Similarities exist to breast cancer subtypes, for which targeted therapies are well established (13, 14). Protein expressions of markers for basal (CK5/6, CK14, CD 40) and luminal subtypes (CK20, GATA3, ERß, Uroplakin II, HER2/neu, FGFR3) have been found. Furthermore, sub-classifications have been described and appear promising for targeted therapies as they have shown distinct differences in biological behavior and chemotherapy sensitivity (15).

For example, erdafitinib has been approved for the treatment of advanced and metastatic bladder cancer patients bearing mutations or fusions of FGFR3 (16). However, the combination of dual tyrosine kinase inhibitors targeting FGFR3 and ERBB2 has not yet investigated. Given the endogenous interplay and correlations of both pathways, this combination could provide synergistic effects, and overcome limited activity of single agent treatment.

There is a great need for further investigations of molecular markers for bladder cancer in the context of risk stratification and for developing combined targeted therapy options to prevent progression and cancer-related death. According to newer publications, FGFR3 mutation analysis study on bladder cancer patients should be performed for all stages and grades (12). There are ongoing studies of FGFR inhibitors in patients who received Bacillus Calmette-Guérin (BCG) and recurred with high-risk non-muscle-invasive bladder cancer (NMIBC) including those with intermediate risk disease (ClinicalTrials.gov Identifier: NCT04172675).

It is mandatory perceiving that marker systems are playing an important role in all fields of bladder cancer: as an alternative or additional tool for cystoscopy during follow-up, as predictor and prognostic instrument during decisions for systemic therapies or as screening tool for detecting bladder cancer in high-risk groups.

This Research Topic has the main aim of offering possibilities to publish new research results in the basic and translational research field of bladder cancer. During the editorial process of this Research Topic we have appreciated that significant progress has been recently done in bladder cancer research and that efforts should be pursued by fostering extensive cooperation between the scientific and medical communities to translate evidence-based research into clinical practice. The identification and validation of bladder cancer markers for predicting recurrence and progression will contribute to establish better treatments for the individual patient based on its predicted response and their specific genetic and molecular characteristics, and molecular staging will allow selection of tumors that will require systemic treatment.

The studies in this Research Topic cover the major areas of developing interest in bladder cancer research.

There were several novel markers evaluated in this Research Topic. Wang et al. studied ferroptosis regulators and identified GCLM as a tumor promotor and immunological biomarker in bladder cancer. Feng et al. evaluated the prognostic significance basement membrane-associated lncRNA in Bladder Cancer.

There were several articles evaluating new diagnostic markers for bladder cancer including a study by Lee et al. evaluating alpha-2-macroglobulin in urinary extracellular vesicles and a study by Bian et al. evaluating urinary exosomal long non-coding RNAs as noninvasive biomarkers for diagnosis of bladder cancer. Su et al. analyzed exosome-derived long non-coding RNAs as non-invasive biomarkers of bladder cancer.

To improve imaging of disease, Hao et al. study near-infrared targeted imaging using ICG-anti-CD47.

There were several studies evaluating bladder cancer prognosis. Wang et al. review the impact of cuproptosis-related genes on bladder cancer prognosis, tumor microenvironment invasion, and drug sensitivity. Castaneda et al. identify Novel Biomarkers associated with Bladder Cancer Treatment Outcomes. Wang et al. use proteomics analyses to identify CLIC1 as a predictive biomarker for bladder cancer staging and prognosis. Li et al. study endothelial-related molecular subtypes for bladder cancer patients, and Xiong et al. study inflammation-related lncRNAs in bladder cancer. You et al. study novel pyroptosis-related gene signatures and Xiao et al. evaluate impact of fatty acid metabolism, inflammation and hypoxia on bladder cancer.

Several studies developed prediction models for bladder cancer. Chen et al. study the tumor microenvironment to develop a nomogram to predict lymph node metastases. Bieri et al. use a modified Immunoscore to improve prediction of progression-free survival in patients with non-muscle-invasive bladder cancer. Luo et al. develop a novel prognostic model based on cellular senescence-related gene signatures for bladder cancer

A study by Song et al. evaluated aliphatic acid metabolism in bladder cancer with the goal of guiding therapeutic treatment. A study by Wang et al. studied the mechanism by which RAC3 inhibition induces autophagy to impair metastasis in bladder cancer cells via the PI3K/AKT/mTOR pathway.

All editors of this Research Topic thank all submitting authors for their work. The lead editors would like to thank all editors and reviewers for the time spent in assigning reviews, commenting on submitted manuscripts as well as reviewing. As editorial team, we hope that this special issue will prove useful in planning bladder cancer research in next future.
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Objective

As a result of the inconsistency between reports, a meta-analysis was designed to appraise the clinical implications of long non-coding RNAs (lncRNAs) in exosomes for the diagnosis of bladder cancer.



Methods

The PubMed, EMBASE, and Cochrane library databases were searched to identify the relevant literature on lncRNAs in exosomes for bladder cancer diagnosis from database inception to May 2021. The literature was screened according to the inclusion and exclusion criteria, and the Quality Assessment of Diagnostic Accuracy Studies-2 entry tool was applied to evaluate the quality of the literature, and the sources of heterogeneity were explored using meta-regression and subgroup analysis. Stata 14.0 and RevMan 5.3 software were used for statistical analysis.



Results

A total of 23 studies described in 10 articles were included, with a total of 1883 patients with bladder cancer and 1721 patients in the non-cancerous control group. The exosome-derived lncRNAs performed better in the diagnosis of bladder cancer with a pooled sensitivity of 0.74 (95% CI, 0.69-0.77), specificity of 0.76 (95% CI, 0.72-0.80), and area under the curve of 0.83. The heterogeneity between studies was partly as a result of differences in specimen type, number of lncRNAs, lncRNA expression form, and reference gene type. Subgroup analysis showed that the detection efficacy based on the combination of multiple lncRNAs (0.86, 95% CI, 0.82-0.88) was higher than that based on a single lncRNA (0.81, 95% CI, 0.78-0.85), and exosomal lncRNAs with blood as the detection sample had a high diagnostic efficacy (0.86, 95% CI, 0.82-0.86).



Conclusions

Exosome-derived lncRNAs hold great promise as non-invasive diagnostic biomarkers of bladder cancer. However, their clinical value needs to be examined in further comprehensive prospective studies.





Keywords: exosomes, lncRNAs, bladder cancer, noninvasive tests, pooled analysis



Introduction

Bladder cancer is a common malignancy in urology worldwide and ranks 11th among the most common malignancies throughout the body (1). Approximately 80% of patients with bladder cancer have non-muscle invasive bladder cancer at initial onset with a better prognosis. But they are at risk of recurrence after transurethral resection of the bladder tumor. The remaining patients have muscle-invasive bladder cancer, which is prone to distant metastasis and has a high risk of death (2). A good prognosis for bladder cancer relies on early detection. Cystoscopy and tissue biopsy are the gold standard for the diagnosis of bladder cancer. However, the invasive nature of the procedure and high cost limit its application. Non-invasive and low-cost urine exfoliation cytology is not indicated for low-grade bladder cancer (3). Other currently known bladder cancer tumor biomarkers lack diagnostic sensitivity and specificity, despite their high detection rates. Therefore, it is important to find non-invasive humoral tumor markers with high sensitivity and specificity to establish a safe and effective detection method for the early diagnosis of bladder cancer.

Exosomes are found in many types of body fluids with high abundance. They contain multiple components such as proteins and RNAs and can participate in material and information exchange between cells. Many studies have suggested that exosomes can be used as a new approach for the screening and early diagnosis of tumors. Long non-coding RNAs (lncRNAs) are longer than 200 nucleotides encoding no protein, which play key roles in gene expression, differentiation. In recent years, increasing studies have highlighted the role of lncRNAs in the carcinogenesis of bladder cancer and suggested that lncRNAs might be used as biomarkers in cancer (4, 5). An increasing number of studies have suggested that lncRNAs in exosomes may serve as potential markers for bladder cancer diagnosis. However, we found that several recent studies had discrepancies in their diagnostic accuracy when assessing the diagnostic value of lncRNAs in exosomes in bladder cancer. Chen et al. had a diagnostic specificity of 85% for bladder cancer, while Maryam et al. had a diagnostic sensitivity of 46.67% for bladder cancer (6, 7). Therefore, we performed a meta-analysis to evaluate the comprehensive diagnostic efficacy of lncRNAs in exosomes for patients with bladder cancer.



Materials and Methods


Search Strategy

The present meta-analysis was performed in accordance with the guidelines for diagnostic meta-analysis (8). The PubMed, EMBASE, and Cochrane library databases were searched to identify published studies related to the diagnosis of bladder cancer using the detection of lncRNA in exosomes from database inception to May 2021. Search terms included urinary bladder neoplasms, RNA, long non-coding, lncRNA, RNA, long non-translated, long non-coding RNA, long non-protein coding RNA, lincRNA, and exosome. A combination of subject headings and free words was used for searching, and supplementary searches of references from retrieved articles were conducted to ensure comprehensiveness.



Inclusion and Exclusion Criteria

The inclusion criteria were as follows: (1) published clinical diagnostic studies employing detection of lncRNAs in exosomes for the diagnosis of bladder cancer; (2) study subjects were patients with clinically already pathologically confirmed bladder cancer; and (3) studies provided sufficient data in the full text to calculate sensitivity and specificity. For studies with overlapping data, the study with the superior results was included. The exclusion criteria were as follows: (1) valid data (true positives, false positives, false negatives and true negatives) could not be extracted for merging; (2) non-clinical studies; and (3) reviews, case reports, and meeting abstracts.



Data Extraction

Data extraction was performed individually by two investigators, with disagreements resolved with the assistance of a third researcher. The extracted contents included: (1) basic characteristics of the study, including the first author, publication year, country of the study, sample size, specimen type, tumor type, tumor stage, tumor grade, lncRNA species, detection methods, and internal reference genes; and (2) diagnostic implications including TP, FP, FN, TN, sensitivity, and specificity.



Quality Assessment

The Quality Assessment of Diagnostic Accuracy Studies-2 (QUADAS-2) was used to evaluate the quality of the included accuracy trials. The QUADAS-2 tool consists of four evaluation domains: selection of cases, diagnostic tests to be evaluated, gold standard tests, study flow, and progress. Each evaluation area had three or four landmark issues, which were used to evaluate the risk of bias in each field. The first three parts were also used to evaluate the applicability of the documents included. A total score for the seven items of more than four points means that the quality of literature research is high (9).



Statistical Methods

The QUADAS-2 evaluation function in RevMan 5.3 was used to evaluate the quality of the included studies for diagnostic accuracy studies, and the pooled sensitivity, specificity, positive likelihood ratio (PLR), negative likelihood ratio (NLR), and diagnostic odds ratio (DOR) were calculated using Stata 14.0. The size of between-study heterogeneity was estimated using I2; a fixed effects model was used if I2 < 50%, which was considered to indicate small study heterogeneity, and a random effects model was used if I2 > 50%, which was considered to indicate substantial heterogeneity (10). The cumulative receiver operating characteristic curve (SROC) was plotted, and the area under the curve (AUC) was calculated to evaluate the diagnostic experimental value. The post-diagnostic effect after the pooled analysis was assessed using Fagan’s nomogram. Meta-regression, subgroup analysis, and sensitivity analysis were used to analyze the sources of heterogeneity. Publication bias was assessed using Deek’s funnel plot asymmetry test, with P < 0.10 indicating significant bias (11).




Results


Search Results and Included Literature

A total of 70 articles were retrieved through the search strategy; after excluding 17 duplicate articles and 15 articles after primary screening of the title, 38 articles remained for further assessment. The remaining articles were subjected to full-text assessment; 28 articles were further excluded due to ineligibility, resulting in a total of 10 articles being included in the final analysis. The literature screening process and results are shown in Figure 1.




Figure 1 | The flow diagram of this meta-analysis.





Literature Characteristics and Quality Assessment

Twenty-three studies from 10 articles published between 2017 and 2021 were included in this meta-analysis (6, 7, 12–19). The included population comprised 1883 patients with bladder cancer and 1721 control patients. In terms of sample selection, 18 studies extracted exosomes from urine, and five studies extracted exosomes from blood. Only five studies utilized multiple lncRNAs to detect bladder cancer in combination, and 18 employed a single lncRNA for detection. In terms of patient tumor stage, 20 studies included both patients with NMIBC and patients with MIBC, and all studies involved both low- and high-grade bladder cancer. In terms of lncRNA detection, 22 studies used real-time reverse transcription polymerase chain reaction (qRT-PCR) to detect the expression levels of lncRNAs and convert the lncRNA concentrations to the expression levels of internal reference genes. The basic information of the included studies is presented in Table 1.


Table 1 | Characteristics of studies included in the meta-analysis.



The results of the evaluation of the quality of articles performed using QUADAS-2 (Figure 2) showed that all 23 included studies reached medium to high quality level, but there was some bias in case selection and diagnostic tests to be evaluated. This may be due to the fact that the time of testing was not defined for some of the included samples, and most studies did not explicitly state whether the reviewers interpreted the results of the trials to be evaluated without knowing the results of the gold standard assessment.




Figure 2 | QUADAS-2 entries for evaluation of literature quality.





Diagnostic Performance

Because of significant heterogeneity (P < 0.01) among the studies in terms of sensitivity (I2 = 74.00%) and specificity (I2 = 72.11%), a random effects model was chosen to combine effect sizes. The specific results are shown in Figure 3. The pooled results across all 23 studies were: sensitivity, 0.74 (0.69–0.77) and specificity, 0.76 (0.72–0.80). The PLR was 3.3 (2.8–3.9), and the NLR was 0.33 (0.29–0.38), indicating that bladder cancer patients had 3.8 times more positive test results than healthy individuals. The DOR was 10 (8–12), indicating that lncRNAs in exosomes can be used to distinguish bladder cancer patients from controls (Table 2). The AUC was 0.83 (0.79–0.86), indicating that lncRNAs in exosomes could be a better diagnostic indicator for bladder cancer, and the results are shown in Figure 4A. According to the Fagan plot (Figure 4B), the pre-test probability was 52%, the post-test probability of a positive bladder cancer test was 78%, and the post-test probability of a negative bladder cancer test was 27%, which illustrated that the post-test probability and likelihood ratio were moderate.




Figure 3 | Forest plots of sensitivity and specificity for exosome derived lncRNAs in the diagnosis of bladder cancer.




Table 2 | Subgroup analysis of lncRNA for the diagnosis of bladder cancer.






Figure 4 | (A) SROC curve with pooled estimates of sensitivity, specificity and AUC of overall studies. (B) Fagan’s nomogram for evaluation of post-test probabilities based on pooled estimates of PLR and NLR of overall studies.





Meta-Regression and Subgroup Analysis

Potential sources of heterogeneity were explored using a meta-regression analysis. As shown in Figure 5, specimen type, number of lncRNAs, lncRNA expression form, and reference gene type were the main sources of heterogeneity in exosomal lncRNA detection in bladder cancer. Subgroup analysis was further performed according to the above factors, and the pooled results of diagnostic value in different subgroups are shown in Table 2. Among them, exosomal lncRNAs in blood samples showed higher sensitivity, DOR, and AUC (sensitivity = 0.82, DOR = 14, AUC = 0.86). The combination of multiple lncRNAs had better predictive ability than a single lncRNA (DOR = 13, AUC = 0.86).




Figure 5 | Forest plots of multivariable meta-regression analyses for sensitivity and specificity (vertical lines signify pooled estimates of sensitivity and specificity respectively).





Sensitivity Analysis and Publication Bias

Removing single studies one by one, the difference between the pooled effect size of the remaining studies and the total effect size was observed for sensitivity analysis. The results showed that the outcome measures did not change significantly after removal, which indicated that the present meta-analysis was robust (Figure 6A). Deek’s funnel plot was used to assess the potential publication bias of the included studies, and suggested that there was no publication bias in the included studies (p = 0.22) (Figure 6B).




Figure 6 | (A) Forest plots of sensitivity analysis. (B) Deeks’ funnel plot asymmetry test.






Discussion

Bladder cancer is one of the most common malignancies of the urinary system. Recently, with increased understanding of the molecular mechanisms of tumorigenesis, many studies of bladder cancer diagnosis, recurrence, and progression prediction have been conducted, mainly focusing on the abnormalities at the gene, protein, and molecular levels. Several studies have shown that nuclear matrix protein 22, telomerase, vascular endothelial growth factor, hyaluronidase, and proliferation-associated nuclear antigen Ki‐67 have some value in the diagnosis and prognosis of bladder cancer. However, all of the above markers lack sufficient sensitivity or specificity to change the current situation regarding bladder cancer diagnosis based on cystoscopy (20–22). Unfortunately, cystoscopy is an invasive examination with high cost and low patient acceptance, which makes it difficult to be widely used in clinical practice. Therefore, searching for non-invasive bladder cancer tumor markers with high sensitivity and high specificity has become the focus of current clinical attention.

Liquid biopsy is non-invasive, cost-effective, and convenient compared with traditional bladder cancer detection methods, and its sensitivity for tumor diagnosis is higher (23, 24). Exosomes are spherical or ellipsoid shaped secretory vesicles containing bioactive substances, such as nucleic acids and proteins, which are actively produced and secreted by tissue cells. There are some protein molecules on their surface that can act as ligands to specifically bind to the receptor molecules on the surface of target cells. After exosomes fuse with the target cell membrane, the bioactive substances they carry are transferred to the target cell to activate or inhibit the related signaling pathways within the target cell, ultimately affecting the biological function of the target cell (25, 26). Since Trams et al. first found that a subset of tumor cell lines and normal cell lines are able to release exosomes into culture medium, tumor-derived circulating exosomes have attracted increasing attention as a promising alternative to liquid biopsy in non-invasive cancer diagnosis and monitoring treatment response (27).

LncRNAs are non-coding RNAs longer than 200 nucleotides and have limited potential to encode proteins. Relevant studies have reported that lncRNAs account for 3.36% of the total RNA content of exosomes (28). LncRNAs derived from exosomes can mediate intercellular communication signaling molecules to regulate tumor cell proliferation, invasion, and migration, and promote cancer development. Many studies have found that lncRNAs in exosomes play an important role in the early diagnosis of tumors. Zhang et al. found that exosomal Mala T-1 expression was significantly higher in patients with NSCLC than in healthy controls, and the increased exosomal Mala T-1 expression significantly correlated with TNM stage and lymphatic metastasis (29). A study by Mustafa et al. found that lncRNA p21 in the serum exosomes could be used to discriminate between patients with prostate cancer and prostatitis (30). Therefore, an increasing number of researchers believe that lncRNAs of exosomal origin are promising novel diagnostic biomarkers for bladder cancer. We performed a meta-analysis to explore the diagnostic performance of exosome-derived lncRNAs as non-invasive diagnostic biomarkers for bladder cancer.

To the best of our knowledge, this is one of the few evidence-based meta-analyses focused on elucidating the diagnostic significance of exosome-derived lncRNAs in bladder cancer. Our report validated the potential diagnostic performance of exosome-derived lncRNAs as non-invasive biomarkers for discriminating bladder cancer from controls, with a pooled sensitivity of 74% and pooled specificity of 76%. In addition, a DOR value of 10 (8–12) indicated that patients with a positive test for lncRNA of exosomal origin had 10-fold higher odds of developing bladder cancer than controls. Because of the threshold effect between studies, the SROC curve was a better method to evaluate the pooled diagnostic accuracy for discrimination between cases and controls. The AUC of 0.83 suggested high diagnostic accuracy.

Heterogeneity is a potential concern, which affects the interpretation of pooled effects and meta-analysis results. Although we developed strict inclusion and exclusion criteria to identify eligible studies, heterogeneity still existed due to the presence of potential confounding factors. We performed meta-analysis and subgroup analyses to explore potential sources of heterogeneity. Our results showed that factors such as specimen type, number of lncRNAs, lncRNA expression form, and reference gene type all influenced pooled sensitivity and specificity, suggesting that the above factors may be major sources of heterogeneity in lncRNA detection in bladder cancer. The specimen type appeared to contribute to the heterogeneity of circulating lncRNA detection, with a pooled AUC for the diagnostic performance of blood-derived exosomal lncRNA of 0.86. This may be due to the fact that urine contains more deposits, and the heterogeneous cellular components may affect its use as a reliable biomarker. A diagnostic model consisting of multiple lncRNAs appeared to have better diagnostic performance, which may be because the development of bladder cancer was itself the result of a complex multistage process of genomic and epigenetic abnormalities, which should also be affected by multiple lncRNAs. Reference gene type appeared to be another possible source of heterogeneity, with a pooled AUC of 0.84 for GAPDH as the reference gene and 0.81 for a non-GAPDH reference gene. This may be attributed to the different sample situations and test conditions between studies. As reference gene type differences and mechanisms are not well understood, extensive investigations are warranted to further confirm whether such differences are truly present. In terms of lncRNA expression, up-regulated lncRNAs were less predictive than those which non up-regulated. It is worth mentioning that UCA1 has been cloned from human bladder TCC cell line. Xue et al. found that the expression levels of UCA1 in the exosomes of bladder cancer patients were higher. Yazarlou et al. further investigated the expression of two splicing variants of UCA1, UCA1-201 and UCA1-203, in tumor patients. The results showed up-regulation of UCA1-203 while down-regulation of UCA1-201 in TCC samples compared with normal subjects. Such different pattern of expression of these two variants might imply specific roles for them which should be assessed in future studies.

Wang et al. performed an impressive meta-analysis of the diagnostic value of lncRNAs in bladder cancer (31). They reported a pooled sensitivity of 0.76 (0.72 - 0.80) and pooled specificity of 0.77 (0.73 - 0.81) for lncRNAs of exosomal origin in their subgroup analysis. These results support our conclusions. However, in terms of heterogeneity analysis, they did not perform subgroup analysis of reference gene categories and expression forms (up - or downregulated) of lncRNAs in bladder cancer patients. In addition, we found that lncRNAs were stably present in exosomes from serum or urine in each study. The mechanism may be that the membrane structure of exosomes could act as a protective membrane to protect these molecules from degradation. Given the stability of lncRNAs in exosomes and the simplicity and repeatability of detection of serum and urine samples, we deduced that exosome-derived lncRNAs may also be used as clinical biomarkers for other diseases and might be a desirable material for basic research and clinical testing.

The present meta-analysis has several limitations that need to be addressed. First, the significant statistical heterogeneity in our analysis with respect to specimen type, number of lncRNAs, lncRNA expression form, and reference gene type will have an inevitable influence on the results. Second, a good biological marker needs to be able to distinguish cancer from other diseases with similar symptoms. However, most studies included in this meta-analysis simply tried to distinguish bladder cancer patients from healthy populations, without involving bladder cancer patients with similar symptoms. In addition, the populations included in this meta-analysis were mostly Asian with a smaller Caucasian population, with no relevant data on African populations. Finally, although all studies provided information on tumor stage and grade, most did not provide cut-off values; further comprehensive studies are needed to address this issue.



Conclusion

Our comprehensive analysis confirmed that exosome-derived lncRNAs might serve as potential clinical biomarkers for bladder cancer diagnosis with high AUC values. However, their clinical value still needs to be tested in further comprehensive prospective studies.
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Background

Bladder cancer lacks useful and robust prognostic markers to stratify patients at risk. Our study is to identify a robust prognostic marker for bladder cancer.



Methods

The transcriptome and clinical data of bladder cancer were downloaded from multiple databases. We searched for genes with robust prognosis by Kaplan-Meier analysis of the whole genome. CIBERSORT and TIMER algorithm was used to calculate the degree of immune cell infiltration.



Results

We identified OLFML2B as a robust prognostic marker for bladder cancer in five cohorts. Kaplan-Meier analysis showed that patients with a high level of OLFML2B expression had a poor prognosis. The expression of OLFML2B increased with the increase of stage and grade. We found that patients with high expression of OLFML2B still had a poor prognosis in two small bladder cancer cohorts. OLFML2B also has the prognostic ability in ten other tumors, and the prognosis is poor in high expression. The correlation analysis between OLFML2B and immune cells showed that it was positively correlated with the degree of macrophage infiltration and highly co-expressed with tumor-associated macrophage markers. Finally, the Wound-healing assay and Colony formation assay results showed that the migration and proliferation ability of bladder cancer cell lines decreased after the knockdown of OLFML2B.



Conclusions

In summary, OLFML2B is a robust risk prognostic marker, and it can help patients with bladder cancer improve individualized treatment.
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Background

Bladder cancer is the ninth most frequently diagnosed disease worldwide. In 2020, new cases of bladder cancer accounted for 3% of all cancers, and new deaths accounted for 2.1% of all cancers (1). Smoking is the most important risk factor (2). Without systematic optimal treatment, the recurrence and fatality rates are very high (3). Although surgery and other treatments have been greatly improved in the past three decades, the clinical outcome of bladder cancer has not improved substantially (4). Although molecular-related treatment guidelines have become an essential pillar of many other cancer therapies, the management of bladder cancer depends on stage and grade, neither of which accurately reflect the risk of an individual patient (5). Many studies have shown that molecular changes in bladder cancer promote tumor progression (6), suggesting that the exploration of molecular markers will be the key to successful individualized treatment.

Bladder cancer has been at the forefront of developing biomarkers, monitoring their recurrence, and predicting clinical outcomes (7). Due to the development of sequencing technology, there are many markers and molecular subtypes of bladder cancer tissue for risk stratification and treatment options (8). In the lund-subtype based on gene expression profile (9), urobasal A subtype showed a very good prognosis, while urobasal B and SCC-like prognosis was the worst. Studies have shown that the DNA damage repair gene ERCC2 can predict the response to cisplatin-based neoadjuvant chemotherapy (10). In addition, the emergence of new detection techniques and methods has accelerated the accurate treatment of bladder cancer. At present, a variety of urine biomarkers has been developed to identify bladder cancer and prognostic risk stratification, including DNA mutation, protein determination, and RNA expression level (11). Circulating tumor cells have been proposed as a prognostic tool to improve the clinical management of bladder patients (12). These new markers and techniques will become potential prognostic markers for bladder cancer. However, bladder cancer shows a high degree of cellular and molecular heterogeneity, and some markers are not sensitive enough or do not have universal application. Mining prognostic molecular markers with robust prognostic functions and the combined use of various markers are essential tasks in bladder cancer research.

In this study, we downloaded bladder cancer transcriptome data from multiple gene expression databases to identify a robust prognostic marker of bladder cancer, and to explore the carcinogenic mechanism of bio-marker in terms of genome and tumor immunity. Finally, we compared the prognostic ability of reported gene prognostic markers in multiple cohorts.



Materials and Methods


Data Download and Processing

We searched The Cancer Genome Atlas (TCGA, https://cancergenome.nih.gov/) and Gene Expression Omnibus (GEO, http://www.ncbi.nlm.nih.gov/geo/) databases for bladder cancer transcriptome data. The original RNA sequencing and clinical data of bladder urothelial carcinoma (BLCA, n = 412) were downloaded from TCGA. The raw RNA sequencing and clinical data of GSE13507 (n = 165) (13), GSE32548 (n = 146) (14), and GSE32894 (n = 308) (9) were obtained from GEO. The normalized RNA expression matrix and clinical data of E-MTAB-1803 (n = 85) (15) were downloaded from ArrayExpress (https://www.ebi.ac.uk/arrayexpress/). They are bladder cancer cohorts containing transcriptome data and clinical follow-up information, the more specific cohort information is shown in Table S1. Then, the R package “edge” was used to standardize RNA expression matrix of TCGA-BLCA, GSE13507, GSE32548, and GSE32894. And the expression data of E-MTAB-1803 was standardize by R package “affy”. Finally, we selected patients with complete RNA sequencing, survival time, and survival status to proceed to the next step of the analysis. The specific clinical information of the rest of the sample is shown in Table 1 and the cohort. The subtype data of bladder cancer were obtained from UCSC Xena (http://xena.ucsc.edu/).


Table 1 | Basic clinical information of five cohorts.





Kaplan–Meier Analysis and Cox Regression Analysis

In tumors, the Kaplan-Meier survival curve is a commonly used tool to study the relationship between drug efficacy, clinical characteristics, gene expression, and disease prognosis. The R package “survival” can be used to draw Kaplan-Meier curves. When the p-value is less than 0.05, the two curves can be distinguished, indicating differences in survival conditions between the two groups. We use the cyclic algorithm to calculate each gene of the whole genome in turn. Our analysis method belongs to multiple hypothesis testing. Because the amount of data is too large, false-positive will inevitably occur. Generally speaking, it is necessary to correct the p-value. However, we finally set that the genes with a p-value < 0.05 are statistically significant, rather than false discovery rate (FDR). Because there are many limiting factors and shortcomings in correcting genomic p-value, routine correction is not recommended (16). The reported articles on large-scale univariate survival analysis have not corrected the p-value (17, 18). The function “res.cat” of the R package “survival” was used to identify the best cut-off values. The clinicopathological factors were analyzed by univariate and multivariate Cox regression analysis by the R package “survival”.



Receiver Operating Characteristic (ROC) Curves

We used the R package “survivalROC” to plot the ROC curves of overall survival rates in 1/3/5 years and to calculate the area under the curve (AUC). It is generally believed that AUC >0.5 suggests good predictive ability; higher values suggest more accurate predictions.



Genome Alteration and DNA Methylation

CBioPortal for Cancer Genomics is an open-access open-source resource (https://www.cbioportal.org) for interactive exploration of multiple cancer genomics data sets (19, 20). We used this tool to query genome alterations of the gene. UALCAN is a comprehensive interactive Web resource for analyzing cancer OMICS data (http://ualcan.path.uab.edu/index.html) (21). This tool can be used to query the DNA methylation of genes in normal and tumor tissues.



Verification of Gene Prognostic Ability

The normalized RNA expression matrix and clinical data of GSE31684 (n = 93) (22), and GSE48075 (n = 73) (23) were obtained from Gene Ontology Consortium (GEO, http://www.ncbi.nlm.nih.gov/geo/). The online tool “Sangerbox” is a bioinformatics data integration platform that can analyze the pan-cancer of a single gene.



Compare the Prognostic Ability of Genes

In the review of “Molecular Prognostication in Bladder Cancer” (5), the prognostic markers at the molecular level of the bladder were summarized in detail. We extracted prognostic markers at the expression level (Table S2), and then performed a Kaplan–Meier analysis of these genes in multiple cohorts.



Co-Expression and Enrichment Analysis

Co-expression of genes can be queried using the web tool “cBioPortal” (19). The Metabase (http://metascape.org) was used for pathway and process enrichment analysis (24). The enrichment analysis included “KEGG Pathway, GO Biological Processes, Reactome Gene Sets, Canonical Pathways and CORUM” to evaluate the potential biological functions and pathways of these genes. We used the default screening criteria for the database: when p < 0.01, q-value < 0.05, with a minimum count of 3 and enrichment factor > 1.5. And we selected the first 20 items that meet the criteria for display.



Exploration of Immune Characteristics

The R package “CIBERSORT” was used to calculate the content of 22 kinds of immune cells in the sample (25). This is a deconvolution algorithm that can estimate the cell composition of complex tissues based on standardized gene expression data. This method can quantify the abundance of specific cell types. We used the R package “ggstatsplot” and “ggplot2” to calculate and visualize the Spearman correlations. The TIMER Web server is a comprehensive resource (https://cistrome.shinyapps.io/timer/#tab-1050-3) for systematic analysis of immune infiltration of various cancer types (26). The CellMarker database provides a comprehensive range of cell markers (http://biocc.hrbmu.edu.cn/CellMarker/) in human and mouse tissues (27), which is helpful to explore the immune cells of concern to this present study.



Cells and Culture

Human bladder cancer (BC)-derived T24 cells were obtained from the Chinese Academy of Sciences Cell Bank (China). Cells were maintained in RPMI 1640 medium (Gibco, USA) supplemented with 10% heat-inactivated fetal bovine serum (Gibco). Cells were cultured in incubators with humidified atmospheres of 5% CO2 and 95% air at 37°C.



Transfection

According to the manufacturer’s instructions, cells were transfected using Lipofectamine® 3000 (Invitrogen; Thermo Fisher Scientific, Inc., USA). Negative control siRNA, siRNA1, and siRNA2 against OLFML2B (Suzhou GenePharma Co., Ltd., China) were introduced into T24 cells at a final concentration of 10 nM, respectively. Forty-eight hours after transfection, the expression level of OLFML2B was confirmed by real-time PCR.



Patients and Tissue Samples

Eleven pairs of BC tissues and their corresponding adjacent non-cancer tissues were collected from patients who underwent operation from Jun. 2019 to Dec. 2019 at the First Hospital of China Medical University. The adjacent normal tissues were collected at a distance of more than 5 cm from tumors. All tissues were processed for the histological examination. The Research Ethics Committee approved the present study of China Medical University, and all patients signed the written informed consent (Table S3).



RNA Isolation and Quantitative Real-Time RT-PCR (qRT-PCR)

Total RNA, including RNA from cultured cells and frozen bladder tissues, was extracted using a miRNeasy Mini kit (Qiagen; GmbH), according to the manufacturer’s protocol. cDNA was synthesized using a Prime Script RT Master Mix kit (Takara Biotechnology Co., Ltd.; cat. no. RR360A). PCR reactions were performed using the SYBR Premix Ex Taq™ kit (cat. no. RR420A). ACTIN was used as internal controls. The sequences of the primers were as follows: OLFML2B (forward): 5’-GACAAGGTCAAGGCTATGTCTG-3’; OLFML2B (reverse): 5’-TGGTTTCCACGGTATAGAAGTCT-3’; ACTIN (forward): 5’-ACTTAGTTGCGTTACACCCTT-3’, ACTIN (reverse): 5’-GTCACCTTCACCGTTCCA-3’.



Colony Formation Assay

T24 cells were seeded into six−well plates at a density of 1x103 cells/well in RPMI 1640 medium supplemented with 10% heat−inactivated FBS. At one week post−seeding, images were acquired using a light microscope (magnification, x40). The number of viable colonies was defined as >50 cells/colony. Results were quantified using ImageJ 1.51v software (National Institutes of Health).



Wound-Healing Assay

T24 cells were seeded into six−well plates at the density of 6x105/well, maintained at 37˚C overnight, and transfected with negative control siRNA, siRNA1, and siRNA2 against OLFML2B. When the culture had reached ~90% confluency, the cell layer was scratched with a sterile plastic tip. The cell layer was then immediately washed twice with PBS and cultured in serum−free RPMI 1640 medium at 37˚C. At 0 and 12 h time points following scratch, wound healing was measured. The closure area of the wound was calculated as follows: Migration area (%) = (A0−A12)/A0x100, where A0 represents the area of initial wound area and A12 represents the remaining area of the wound after 12 h. The areas were quantified using ImageJ 1.51v software.



Statistical Analysis

All statistical analyses are carried out using R software (Rx64 3.5.1). All R packages are obtained from CRAN (https://cran.r-project.org) and BioConductor (http://www.bioconductor.org). The “Wilcox test” was used to compare the two groups. The “Kruskal test” was used to compare the multiple groups. We used the R package “beeswarm” and “ggstatsplot” to visualize the comparison result. P < 0.05 means statistical significance.




Results


Genome-Wide Screening of Prognostic Markers

We downloaded the transcriptome and clinical data of bladder cancer from several databases. After data preprocessing, we left 995 samples. They are TCGA_BLCA (N = 403), GSE13507 (N = 165), E-MTAB-1803 (N = 73), GSE32548 (N = 130), and GSE32894 (N = 224). All genes of the five cohorts were taken Kaplan-Meier analysis. In the analysis of each gene, the patients were divided into two groups according to the gene expression’s median value. The survival time of the two groups was analyzed by the log-rank test, it is a kind of single factor analysis. We use the cyclic algorithm to do a Kaplan-Meier analysis of each gene in each cohort, so the analysis between each cohort and each gene is independent. When p < 0.05, we define it as a prognostic gene (Table S4). We selected and intersected the prognostic genes in five cohorts and found that only OLFML2B was their common prognostic gene (Figure 1A, Table S5). To show the best predictive ability of the gene, we used the optimal cutoff value of each cohort to group separately, redraw the Kaplan-Meier curve of TCGA_BLCA (P = 0.019; Figure 1B), GSE13507 (P < 0.001; Figure 1C), E-MTAB-1803 (P = 0.024; Figure 1D), GSE32548 (P < 0.001; Figure 1E) and GSE32894 (P < 0.001; Figure 1F). All five cohorts consistently showed that the prognosis of the group with high expression of OLFML2B was worse than that of the group with low expression of OLFML2B.




Figure 1 | Kaplan–Meier analysis of OLFML2B. Venn picture of the Kaplan-Meier analysis result (A). Kaplan–Meier analysis of OLFML2B expression in TCGA-BLCA (B), GSE13507 (C), E-MTAB-1803 (D), GSE32548 (E), GSE32894 (F). The red line represents the high expression group; the blue line represents the low expression group, P < 0.05 indicates that it is statistically significant. CI represents the confidence interval.





Both ROC Curve and Cox Analysis Indicate That OLFML2B Has a Robust Prognostic Ability

ROC curves and AUC values were used to evaluate the diagnostic value of markers. Overall survival ROC curves of OLFML2B expression were drawn in five cohorts, and the AUC corresponding to each curve was calculated. The AUC of the TCGA-BLCA cohort in 1/3/5 was 0.537, 0.573, 0.577 (Figure 2A); that of GSE13507 was 0.716, 0.677, 0.635 (Figure 2B); that of E-MTAB-1803 was 0.700, 0.573, 0.572 (Figure 2C); that of GSE32548 was 0.834, 0.799, 0.737 (Figure 2D); and that of GSE32894 was 0.722, 0.796, 0.766 (Figure 2E). All AUC values greater than 0.5 indicate that OLFML2B has prediction ability in all five cohorts. Of these, OLFML2B predicted the overall survival rate of one year better in the cohorts of GSE13507, E-MTAB-1803, GSE32548, and GSE32894 (AUC ≥ 0.700). Univariate Cox analysis showed that OLFML2B was statistically significant in TCGA-BLCA, GSE13507, GSE32548 and GSE32894 cohorts (p < 0.05, Table 2). Multivariate Cox analysis showed that OLFML2B only had statistical significance in E-MTAB-1803 and GSE32894 cohorts (p < 0.05, Table 2).




Figure 2 | ROC curve of OLFML2B. ROC curve analysis of OLFML2B expression in TCGA-BLCA (A), GSE13507 (B), E-MTAB-1803 (C), GSE32548 (D), GSE32894 (E). The purple line represents the ROC curve of the one-year overall survival rate, the green line represents three years, and the red line represents five years.




Table 2 | Univariate and multivariate COX regression analysis of clinical factors and OLFML2B on overall survival of patients with bladder cancer.





OLFML2B Promotes the Clinical Progress of Bladder Cancer

We compared expression levels of OLFML2B in various grades and T stages. The wilcox.test was used to compare the two groups; the Kruskal.test was used for multi-group comparisons. There were significant differences in gene expression with different grades and T stages among TCGA-BLCA (Figures 3A, F), GSE13507 (Figures 3B, G), GSE32548 (Figures 3D, I), and GSE32894 (Figures 3E, J), except E-MTAB-1803 (Figures 3C, H). With the increase of grades and T stages, the expression of OLFML2B also increased.




Figure 3 | Expression levels of OLFML2B in various grades and T stages. The expression scatters plot of OLFML2B under different grades in five cohorts are shown in (A–E). The expression scatters plot of OLFML2B under different T stages in five cohorts are shown in (F–J). P < 0.05 indicates that the expression is statistically significant, and the expression is different in different clinical states.





Other Genomic Explorations of OLFML2B

Kruskal-test was used to compare the difference of OLFML2B expression under different subtypes. Expression levels of OLFML2B differed depending on the mRNA cluster (P < 0.001; Figure 4A). Expression levels were highest in the luminal-infiltrated cluster and were lowest in the luminal-papillary cluster. OLFML2B expression levels also differed by immune subtype (p = 0.010; Figure 4B), with the highest expression in C2 (IFN-gamma dominant) and the lowest in C4 (lymphocyte-depleted) subtype. We used cBioPortal to explore genome alterations in OLFML2B and found that it had a large genome alteration in several cohorts. OLFML2B showed more than 12% amplification in both “BLCA (TCGA 2017)” and “BLCA (Cornrll 2016)” data sets, and more than 7% mutation in “Bladder (DFCI/MSKCC 2014)” data sets (Figure 4C). According to the existence of OLFML2B genomic changes, the samples were divided into two groups for Kaplan–Meier analysis. The prognosis of the altered group was better than that of the unaltered group, although there was no significant difference (P = 0.0653; Figure 4D). The methylation status of OLFML2B in bladder cancer was queried using the web tool UALCAN. We found that OLFML2B was hypomethylated in bladder cancer (P = 0.0304; Figure 4E).




Figure 4 | Comprehensive analysis of OLFML2B. (A) Expression levels of five mRNA types which contained basal squamous, luminal, Luminal infiltrated, luminal papillary, and neuronal subtypes, respectively. (B) The expression levels of the five immunophenotypes were C1 (wound healing), C2 (IFN-gamma dominant), C3 (inflammatory), C4 (lymphocyte depleted), C6 (TGF-b dominant). (C) A bar chart of the proportion of genomic changes in four cohorts of OLFML2B. (D) According to the Genome alteration of OLFML2B, the patients were divided into two groups for Kaplan–Meier analysis. (E) Comparison of methylation levels of OLFML2B in normal and tumor tissues. P < 0.05 indicates that it is statistically significant.





OLFML2B Was Validated Successfully in Two Small Cohorts

We found that prognosis of patients with high expression levels of OLFML2B was worse than those with low expression levels in E-MTAB-1803 (N = 93; P = 0.012; Figure 5A) and GSE4807 (N = 73; P = 0.019; Figure 5B), suggesting that OLFML2B was successfully verified in these two smaller cohorts. This result strongly validates the ability of OLFML2B to predict prognosis.




Figure 5 | Survival verification. The Kaplan–Meier curve of OLFML2B in the GSE31686 cohort (A), GSE48075 cohort (B). The red line represents the high expression group, and the green line represents the low expression group, P < 0.05 indicates that it is statistically significant.





OLFML2B Showed Poor Prognosis Under High Expression in Other 10 Kinds of Cancer

To explore whether OLFML2B has the same prognostic ability in other cancers, the Kaplan-Meier analysis of OLFML2B in 33 cancers can be queried in the web tool “SangerBox.” We found that OLFML2B had statistical significance in adrenocortical carcinoma, bladder urothelial carcinoma, breast invasive carcinoma, kidney renal clear cell carcinoma, kidney renal papillary cell carcinoma, lung adenocarcinoma, ovarian serous cystadenocarcinoma, sarcoma, stomach adenocarcinoma, thyroid carcinoma, and uveal melanoma (P < 0.05; Supplementary Figure S1). And all of them were poor prognosis in the high expression group.



Comparison of Published Prognostic Genes for Bladder Cancer

According to the Mitra’s review, there are 30 prognostic markers for bladder cancer in terms of expression level. We refer to genes predicting poor prognosis at high expression levels as risk genes, and the genes predicting poor prognosis under low gene expression as protective genes. There were 20 risk genes and ten protective genes. The 30 markers were analyzed using the Kaplan–Meier method in seven cohorts (Figure 6). Among the 20 risk genes, BIRC5, IL6, MMP2, and MMP9 had the strongest prognostic ability and were successfully predicted in four different cohorts. Among the ten protective genes, CDKN2A and CDH1 had stronger prognostic ability and were successfully predicted in three different cohorts. Among these genes, we found genes that are opposed to the previously reported results, such as MDM2, VEGFA, and THBS1. We counted the results of these two groups of genes to compare their overall prognostic ability. Among the risk genes, 28.57% of results were successful, and 7.14% of results were opposite to the reported results. Among the protective genes, 18.46% of results were successful, and 15.38% of results were opposite to the reported results. Based these two indicators, the success rate of risk gene verification was higher and more stable than that of protective gene verification.




Figure 6 | Kaplan–Meier analysis results of OLFML2B and 30 markers. The uppermost band represents the effect of gene expression on prognosis in the reported articles. The color of the square represents the results of the Kaplan–Meier analysis. Gene names have different colors, indicating the primary function of genes.





Enrichment Analysis of Co-Expressed Genes to Explore the Potential Function of OLFML2B

In the “BLCA (TCGA 2017)” cohort of web tool “cBioPortal”, 561 genes were found to be positively related to OLFML2B with Spearman correlation more than 0.6. These genes were inputted into the web tool “Metascape” for enrichment analysis. The first three terms of enrichment were “extracellular matrix organization”, “blood vessel development”, and “integrin cell surface interactions” (Figure 7), all of which are related to the tumor microenvironment.




Figure 7 | Enrichment analysis. The bar chart is the results of Metascape enrichment analysis. Larger the-log10 (P) implies greater significance.





The Expression of OLFML2B Is Proportional to the Infiltration Level of Macrophage

Because bladder cancer is an immunologically invasive cancer, we explored the relationship between OLFML2B and immune cell infiltration. First, the “CIBERSORT” algorithm was used to calculate the proportion of 22 types of immune cell in each sample in the TCGA-BLCA cohort (Table S6). Then, the Spearman correlations between OLFML2B expression and the immune cells were calculated (Figure 8A). There were positive correlations with macrophages M1 and macrophages M0 (cor > 0.3; P < 0.05) and negatively correlated with B memory cells and activated dendritic cells (cor <-0.3; P < 0.05). We drew a scatter plot of the relationships between OLFML2B and macrophages M1 as an example (Figure 8B). Then the relationships between OLFML2B and six types of immune cell were queried using the web tool “TIMER”. We found that the correlation between OLFML2B and macrophage was the highest (cor = 0.432; P = 4.77E-18; Figure 8C). Because both analyses showed that OLFML2B was positively correlated with macrophage content, we input cancer-related macrophage markers into the web tool “CellMarker” and obtained experimentally verified markers: CD14, CD68, CD163, CSF1R, ITGAM, and MRC1. The correlation scatter diagrams (Figure 8D) between OLFML2B and these six genes were drawn using the TIMER database. Except for low correlations with CD68 (cor = 0.378; P < 0.001), there were high correlations with the other five markers (cor >0.65; P < 0.001).




Figure 8 | Exploration of immune characteristics of OLFML2B. (A) The Spearman correlation between OLFML2B and 22 kinds of immune cells. (B) The correlation scatters diagram of OLFML2B and Macrophage M1. (C) In the TIMER database, the correlation scatters diagram between OLFML2B and six kinds of immune cells. (D) The co-expression scatter map of OLFML2B and six types of macrophage markers. P < 0.05 indicates that it is statistically significant.





OLFML2B Is Expressed at Higher Levels in BC Tissues and Promotes the Migration and Proliferation Ability of BC Cells

A total of 11 pairs of human BC tissues and their corresponding normal tissues were analyzed for OLFML2B expression by RT-qPCR. The results showed that OLFML2B was overexpressed in patients with bladder cancer (Figure 9A). Then, we used small interference RNA to reduce the expression level of OLFML2B in bladder cancer cell line T24 (Figure 9B). The wound-healing assay showed that the migration ability of cells decreased significantly after OLFML2B gene knockdown (Figure 9C). The clone formation assay showed that the proliferation ability of cells decreased significantly after OLFML2B gene knockdown (Figure 9D).




Figure 9 | OLFML2B is expressed at higher levels in bladder cancer tissues and promotes bladder cancer cells’ migration and proliferation ability. (A) Higher expression levels of OLFML2B in BC tissues compared with corresponding normal tissues. (B) The relative mRNA levels of normal control and si-OLFML2B of T24 cells. (C) The Wound-healing assay results showed decreased migration ability of T24 cells treated with si-OLFML2B. (D)The results of the Colony formation assay showed decreased proliferation ability of T24 cells when treated with si-OLFML2B. The T-test is used for the differences between groups. “*” means P<0.05; “**” means P<0.01.






Discussion

Bladder cancer is a disease with complex molecular characteristics, as well as high morbidity and mortality. Mining robust molecular markers will help to stratify the risk of patients to facilitate individualized treatment. In this study, Through the screening of genome-wide prognostic markers, we found OLFML2B with robust prognostic ability in multiple cohorts. Kaplan–Meier analysis of OLFML2B in seven cohorts showed that the prognosis of patients with significantly higher expression levels was worse.

OLFML2B successfully predicted the prognosis of patients with bladder cancer in seven cohorts. We downloaded transcriptome and clinical data of TCGA, GSE13507, E-MTAB-1803, GSE32548, and GSE32894 from multiple databases. Kaplan-Meier analysis of all genes showed that OLFML2B had a very stable prognostic ability in these five cohorts, and the prognosis was poor in the case of high expression of OLFML2B. The result was also confirmed by ROC curve, univariate Cox, and multivariate Cox. Finally, in two independent cohorts (GSE31684 and GSE48075), we successfully verified the prognostic ability of OLFML2B. The seven cohorts used in this study come from GEO, TCGA, and ArrayExpress databases, which are the three largest transcriptome databases at present, with real and reliable data sources and high authority. The sample sources of the seven cohorts are geographically diverse, three from North America, three from Europe and one from Asia, suggesting that this gene is applicable in a wide geographic area. The scale of our research is polycentric, cross-regional, and large-scale, suggesting that our results are authentic and reliable.

Olfactomedin-like 2B (OLFML2B) is an extracellular matrix protein containing the olfactomedin (OLF) domain, also known as photomedin-2 (28). Proteins containing OLF domains may participate in neurogenesis, intercellular adhesion, and tumorigenesis (29). OLFML2B is rich in Ser/Thr in the region upstream of the OLF domain, which is a difference from other OLF family proteins (30). OLFML2B is expressed in the retina and many other tissues (31). One of the important biological functions of OLFML2B is its ability to bind chondroitin sulphate-E and heparin selectively to regulate the binding of CS-E to growth factors (32). OLFML2B is a key factor in the perineural infiltration-related protein network of head and neck squamous cell carcinoma (33). Patients with high expression of OLFML2B had poorer prognosis in gastric cancer (34). In this study, we found that expression levels of OLFML2B increased with increased stage and grade, suggesting that OLFML2B promotes the progression of bladder cancer and increases the risk of invasion and deterioration of bladder cancer. OLFML2B is a potential oncogene of bladder cancer

OLFML2B also showed a robust prognostic ability in Kaplan-Meier analysis of pan-cancer. The prognosis of patients with high expression of OLFML2B was poor in eleven cancers including bladder cancer, which indicates that OLFML2B mainly plays a role in promoting cancer. OLFML2B has strong robustness in pan-cancer, which is very rare in gene markers. The prognostic ability of OLFML2B was only reported in gastric cancer (34), so it has great research potential in other cancers.

We sorted out 30 reported prognostic markers related to the expression level of bladder cancer from Mitra’s review (5) and then performed Kaplan–Meier analysis in seven bladder cancer cohorts. Among the 30 prognostic markers, BIRC5, IL6, MMP2, MMP9, had the most robust prognostic ability, which was successfully verified in four cohorts. BIRC5 (survivin), a member of the apoptosis inhibitor family, was associated with high specific mortality rate in 226 bladder cancer patients (35). Interleukin 6 (IL6) is a cytokine associated with poor prognosis of many cancers. It was reported that the expression of plasma IL6 in patients with bladder cancer before surgery is an independent predictor of disease-specific survival (36). Both MMP2 and MMP9 belong to the family of metalloproteinases. It was reported that the 5-year survival rate of MMP-2 positive cases was significantly lower than that of MMP-2 negative cases using immunohistochemical staining of 54 bladder cancer samples (37). MMP9 is associated with high-grade and distant metastasis of bladder cancer (38). After comparing the overall results of the two groups of genes, the proportion of successful verification of risk genes was higher than that of protective genes, while the opposite proportion was lower than that of protective genes. These two indicators suggest that risk genes are more stable in terms of prognostic ability than are protective genes, and OLFML2B happens to be a risk gene.

OLFML2B may be involved in the crosstalk between bladder cancer cells and macrophages. In the enrichment analysis of OLFML2B co-expression genes, we found that these genes were related to the tumor microenvironment, suggesting that OLFML2B may play an important role in the tumor microenvironment of bladder cancer. Bladder cancer has strong immune characteristics, and the use of checkpoint inhibitors are promising treatments for it (39). Therefore, we explored the relationship between OLFML2B and immune cells. The results of CIBERSORT and TIMER analysis showed that there was a positive correlation between OLFML2B and infiltration levels of macrophage. OLFML2B was highly co-expressed with tumor-associated macrophage markers such as CD14, CD163, CSF1R, ITGAM, and MRC1. Macrophages are highly plastic cells, and when they accumulate around the tumor, we call them tumor-associated macrophages (TAM) (40). TAM is an inhibitory immune cell that can receive tumor-derived signals to inhibit the infiltration of CD8+ T cell around tumor cells (23). TAM can also interact with extracellular matrix to promote cancer cell proliferation and invasion (41). We speculate that bladder cancer cells may secrete OLFML2B into the extracellular matrix and interact with TAM markers to guide TAM to work for itself. OLFML2B may be an immune target for TAM-related therapy.

Our experiments showed that OLFML2B was overexpressed in cancer tissues, and si-OLFML2B could significantly reduce the migration and proliferation of bladder cancer cell lines. These results suggest that OLFML2B is a potential marker and therapeutic target for patients with bladder cancer. However, our study has some limitations. First of all, we conducted genome-wide multiple hypothesis tests, but we did not correct the P-value because we did not find a suitable correction method and corresponding reference support. Secondly, more bladder cancer cohorts are needed to prove the possibility of OLFML2B as a marker, and more in-depth mechanism experiments are needed to prove the carcinogenicity of OLFML2B.



Conclusions

In summary, OLFML2B successfully predicted bladder cancer prognosis in multiple cohorts with strong robustness and more potently than other reported genes. Our research is by far the largest cohort of studies on the prognosis of a single gene in bladder cancer and has important clinical significance. OLFML2B may be involved in the crosstalk between bladder cancer cells and tumor-associated macrophages, and is a potential immune therapeutic target. OLFML2B is a new prognostic marker for the individualized treatment of bladder cancer in the future.
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Background

Bladder cancer (BCa) is one of the most frequent malignant tumors globally, with a significant morbidity and mortality rate. Gene expression dysregulation has been proven to play a critical role in tumorigenesis. Ras-related C3 botulinum toxin substrate3 (RAC3), which is overexpressed in several malignancies and promotes tumor progression, has been identified as an oncogene. However, RAC3 has important but not fully understood biological functions in cancer. Our research aims to reveal the new functions and potential mechanisms of RAC3 involved in BCa progression.



Methods

We explored the expression level of RAC3 and its relationship with prognosis by publicly accessible BCa datasets, while the correlation of RAC3 expression with clinicopathological variables of patients was analyzed. In vitro and in vivo proliferation, migration, autophagy, and other phenotypic changes were examined by constructing knockdown(KD)/overexpression(OE) RAC3 cells and their association with PI3K/AKT/mTOR pathway was explored by adding autophagy-related compounds.



Results

Compared with non-tumor samples, RAC3 was highly expressed in BCa and negatively correlated with prognosis. KD/OE RAC3 inhibited/promoted the proliferation and migration of BCa cells. Knockdown RAC3 caused cell cycle arrest and decreased adhesion without affecting apoptosis. Inhibition of RAC3 activates PI3K/AKT/mTOR mediated autophagy and inhibits proliferation and migration of BCa cells in vivo and in vitro. Autophagy inhibitor 3MA can partially rescue the metastasis and proliferation inhibition effect caused by RAC3 inhibition. Inhibit/activate mTOR enhanced/impaired autophagy, resulting in shRAC3-mediated migration defect exacerbated/rescued.



Conclusion

RAC3 is highly expressed in BCa. It is associated with advanced clinicopathological variables and poor prognosis. Knockdown RAC3 exerts an antitumor effect by enhancing PI3K/AKT/mTOR mediated autophagy. Targeting RAC3 and autophagy simultaneously is a potential therapeutic strategy for inhibiting BCa progression and prolonging survival.
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Introduction

BCa is one of the most common cancers worldwide, with 573278 new cases and 212536 deaths reported in 2020 worldwide (1). The incidence is higher in Western societies (2), with more than 81000 new cases and 17000 deaths annually in the United States alone (3). NMIBC (non-muscle invasive bladder cancer) accounts for nearly 70% of newly diagnosed BCa, whereas MIBC (muscle-invasive bladder cancer) and metastatic disease account for the remaining 30% (2, 4). Around 15% to 20% of NMIBC patients develop MIBC, which is more likely to migrate to lymph nodes and other organs (5). Lymph node metastasis will be found in about 25% of MIBC and 8% of high-risk NMIBC patients at the time of implementing radical cystectomy. Patients with this type of cancer usually have a dismal prognosis, with a relative 5-year OS of 15% (6). Surgery, radiotherapy, chemotherapy, and immunotherapy are the primary treatment modalities for BCa patients. Unfortunately, their efficacy is limited, and as a result, clinical outcomes remain far from ideal. The large-scale cancer sequencing efforts promote the advances of targeted therapy (7), help to find and study the core genes leading to the occurrence and development of BCa, and are of great significance in guiding the targeted therapy and prognosis of BCa. As members of the Ras superfamily, Rho GTPases are essential regulators of cellular function (8). Neoplastic biological activities involving Rho GTPase are indispensable for the progression of malignancies, including BCa (9). RAC is a member of the Rho GTPase subfamily (10), including three isoforms of RAC1, RAC2, and RAC3, and their homology exceeds 90% (11). There is substantial evidence that RAC proteins are involved in various cellular processes (12–15). Among them, RAC3 is overexpressed and is involved in the initiation and progression of different types of cancers, including brain tumors (16), lung cancer (17), breast cancer (18–21), prostate cancer (22), esophageal cancer (23) and ovarian cancer (24). There are several studies of RAC3 in BCa, including bioinformatics analysis based on sequencing data from publicly available databases (25–29), analysis based on the HPA database (29) and surgically derived BCa tissue samples (30), and also including findings of cell proliferation and migration phenotypes (31). However, a more comprehensive in vitro and in vivo experiment exploring how RAC3 contributes to BCa progression and its mechanism is still lacking.

Cancer metastasis is the leading cause of cancer-related death, and many lines of evidence indicate that autophagy is closely related to cancer metastasis (32–34). There is controversy in the study of the autophagy process in tumors, either inhibiting cancer cell survival or promoting cell proliferation (35–38). Autophagy is a multistep lysosomal degradation process that degrades and recycles proteins and organelles to maintain cellular homeostasis, a process that is important in a broad array of both physiological and pathological processes, including tumor growth. Multiple gene-mediated changes in autophagy flux are associated with cell proliferation and migration alterations, which may involve changes in PI3K/AKT/mTOR pathway activity (39–41). Although the autophagy process and PI3K/AKT/mTOR pathway seem to play a vital role in BCa progression, it is still unclear whether RAC3 is involved and what the underlying mechanisms are. Our study aims to fill the gap in the mechanism of RAC3 action on BCa metastasis and progression, which may lay the foundation for developing novel therapeutic strategies for BCa.

In this study, we comprehensively investigated the expression of RAC3 in multiple independent cohorts of BCa patients and determined the correlation of RAC3 expression with clinicopathological features and its prognostic value. We then used BCa cell lines and animal models to systematically investigate the functional roles of RAC3 in BCa cell proliferation, migration, and autophagy. We found that RAC3 knockdown in BCa cells increased autophagy flux via the PI3K/AKT/mTOR pathway. Manipulation of autophagy with multiple compounds shows that RAC3 interferes with the biological behavior of BCa cells by affecting autophagy flux. In conclusion, this study reports a novel role of RAC3 in mediating autophagy via the PI3K/AKT/mTOR pathway, providing new insights into the potential mechanism by which RAC3 promotes BCa genesis and metastasis.



Material and Methods


Bioinformatics Analysis

TCGA (42), GTEx (43), GEO (44) (GSE13507, GSE37815, GSE121711, GSE32849), and CCLE (45) databases were the sources of the transcriptome data of tumor samples, non-tumor samples, and cell lines. Differences between groups and survival analysis were performed. The patient characteristics of Bladder Urothelial Carcinoma (BLCA) from TCGA were summarized in Table 1.


Table 1 | Relationship between different expression groups of RAC3 and clinical characteristics in bladder cancer in TCGA.





Cell Culture and Reagents

The cell lines used in the study were listed in Supplementary Table S1. Lentiviruses for RAC3 knockdown and overexpression were purchased separately from Tsingke Co. Ltd. (Chongqing, China) and GenePharma Co. Ltd. (Shanghai, China). Oligonucleotides used for cloning were listed in Supplementary Table S2. Rapamycin (S1039), 3-Methyladenine (3-MA, S2767A) Bafilomycin A1 (Baf-A1, S1413) were purchased from Selleck Chemicals (Shanghai, China). MHY1485 (B5853) was purchased from APExBIO Technology (Houston, TX, USA).



Immunohistochemistry (IHC) and Immunofluorescence(IF)

IHC and IF were performed as previously described (46). The protein expression was detected and scored as a Histochemistry score (H-Score). H-Score=∑(pi×i)=(percentage of weak intensity×1)+(percentage of moderate intensity×2)+(percentage of strong intensity×3). pi represents the percentage of positive signal pixel area/cell number; i stands for dye intensity).

Red-conjugated phalloidin (Actin-Tracker Red, Beyotime, China) and mCherry-GFP-LC3B plasmid were used in IF assay to detect F-actin and LC3 puncta. Images were acquired with a Zeiss fluorescence microscope (Axio Imager M2, Germany).



RNA-Sequencing Study and Enrichment Analysis

Sequencing analysis (https://www.ncbi.nlm.nih.gov/bioproject/PRJNA824682) was performed on three biological replicates of 5637-shNC and 5637-shRAC3 cells (Tsingke Co. Ltd. Chongqing, China). Online website Metascape (47) was used to execute functional enrichment on differentially expressed genes (DEGs), including Kyoto Encyclopedia of Genes and Genomes (KEGG), HALLMARK, and Gene Ontology (GO, including Biological Process, Molecular Function, and Cellular Component groups) sets. Only terms with P<0.01, a minimum count of 3, and an enrichment factor >1.5 were considered significant.



Cell Proliferation and Migration Assay

CCK-8 and colony formation assay were used for the proliferation test. Wound-healing and transwell migration assay were used for the migration test (48).



Cell Adhesion

Cells in matrigel (BD Biosciences, California, USA)-coated plates were monitored by Lionheart FX Automated Live Cell Imager (Agilent Technologies, Inc. USA). Cells were digested into single cells and replaced in Matrigel-coated plates. The cells gradually adhere to the plate wall and spread, and can be distinguished from non-adherent (spherical or ellipsoidal) cells. Time-lapse videos were captured and shown in Supplementary Video 1.



Tumourigenicity Assays and In Vivo Metastasis Assay

Tumourigenicity assays: 1x106 of 5637-shNC/shRAC3 cells (50μl) were injected into the forelimbs of four-week-old nude mice. The tumor volumes were assessed every 5–8 days as follows: Volume (mm3) = (length × width2)/2 (49). 53 days after, all mice were sacrificed by cervical dislocation injection. The tumors were dissected, followed by IHC staining.

In vivo tumor metastasis assay: 2x106 of 5637-shNC or 5637-shRAC3 cells (100μl) were tail-vein injected into the four-week-old NOD-SCID mice. 55 days later, all mice were sacrificed. The lungs were dissected for H&E staining. All animal studies were performed according to the guidelines approved by the Laboratory Animal Welfare and Ethics Committee of the Third Military Medical University (Chongqing, China).



Western Blot Analysis, Flow Cytometry, and Transmission Electronic Microscopy (TEM)

We performed WB assay (48), flow cytometry (50), and TEM assay (51) as previously described. The antibodies were listed in Supplementary Table S3. Flow cytometry was used to analyze the cell cycle and apoptosis. Images of TEM assay were acquired using an electron microscope (TECNAI 10, Philips, Netherlands).



Statistical Analyses

Statistical results were calculated using R software (version 3.6.3). The data shown are representative of three independent experiments and expressed as mean ± SD. Student’s t-test or Wilcoxon rank-sum test by ggplot2 package was used to analyze intergroup differences. The survival probability was evaluated with the Kaplan–Meier method (log-rank test) by survminer and survival packages. ROC curve was plotted, and the area under the curve (AUC) was calculated using the pROC package. Groups for clinical-pathological variables were analyzed with chi-squared tests. P < 0.05 was considered statistically significant.




Results


Analysis of GTEx+TCGA+GEO Datasets Indicates That RAC3 Is Highly Expressed and Predicts a Poor Prognosis of BCa Patients

Sequencing data analysis of GTEx+TCGA showed the RAC3 mRNA was higher in most tumors than that in non-tumor tissues, whether in all samples (Figure 1A) or paired samples (Figure 1B). RAC3 expression in BCa tissues was higher than that in normal bladder tissues (Figure 1C, P=3.7-e-11).




Figure 1 | TCGA+GETx analysis: RAC3 is highly expressed and predicts poor prognosis of BCa patients. (A) mRNA expression of RAC3 in various cancers from the TCGA and GETx database (unpaired samples). (B) mRNA expression of RAC3 in various cancers from the TCGA database (paired samples). (C) mRNA expression of RAC3 in BLCA (unpaired samples). (D) mRNA expression of RAC3 in BLCA (paired samples). (E). Diagnostic efficacy testing by AUC-ROC analysis in BLCA. (F) Overall Survival curve of tumor and normal groups in BLCA. (G) Disease Specific Survival curve of tumor and normal groups in BLCA. (H) Progress Free Interval curve of tumor and normal groups in BLCA. Bars/Boxes represent the median, 25th and 75th percentiles. ns, not significant. *P < 0.05, **P < 0.01, ***P < 0.001. ACC, Adrenocortical carcinoma; BLCA, Bladder Urothelial Carcinoma; BRCA, Breast invasive carcinoma; CESC, Cervical squamous cell carcinoma and endocervical adenocarcinoma; CHOL, Cholangiocarcinoma; COAD, Colon adenocarcinoma; DLBC, Lymphoid Neoplasm Diffuse Large B-cell Lymphoma; ESCA, Esophageal carcinoma; GBM, Glioblastoma multiforme; HNSC, Head and Neck squamous cell carcinoma; KICH, Kidney Chromophobe; KIRC, Kidney renal clear cell carcinoma; KIRP, Kidney renal papillary cell carcinoma; LAML, Acute Myeloid Leukemia; LGG, Brain Lower Grade Glioma; LIHC, Liver hepatocellular carcinoma; LUAD, Lung adenocarcinoma; LUSC, Lung squamous cell carcinoma; MESO, Mesothelioma; OV, Ovarian serous cystadenocarcinoma; PAAD, Pancreatic adenocarcinoma; PCPG, Pheochromocytoma and Paraganglioma; PRAD, Prostate adenocarcinoma; READ, Rectum adenocarcinoma; SARC, Sarcoma; SKCM, Skin Cutaneous Melanoma; STAD, Stomach adenocarcinoma; TGCT, Testicular Germ Cell Tumors; THCA, Thyroid carcinoma; THYM, Thymoma; UCEC, Uterine Corpus Endometrial Carcinoma; UCS, Uterine Carcinosarcoma; UVM, Uveal Melanoma.



We also analyzed the expression of RAC3 in subgroups from different clinical characteristics (Figures S1A-F, J) and found that RAC3 expression progressively increases with cancer progression. The more serious the disease, the higher RAC3 expressed. Considering individual differences, the analysis of 19 paired samples also showed that RAC3 expression in BCa tissues was higher (Figure 1D, P=4.2e-07). The mRNA level of RAC3 had good diagnostic accuracy, with an AUC of ROC reached 0.944 (Figure 1E, 95% CI = 0.910-0.978), which could better discriminate tumor and non-tumor samples. Survival analysis showed that Overall Survival (Figure 1F, P=0.001), Disease Specific Survival (Figure 1G, P=0.001), and Progress Free Interval (Figure 1H, P<0.001) were significantly shorter in patients with high RAC3 expression than in those with low expression. Chi-square tests confirmed differences in terms of Smoking history, Pathologic stage, Histologic grade, OS event, DSS event, PFI event (P<0.05, Table 1). A comparison of RAC3 expression between different prognoses illustrated the worse survival outcome accompanied by higher RAC3 expression (Figures S1G-I). In other words, highly expressed RAC3 in BCa is associated with heavier smoking history, higher grade, higher stage, and worse prognosis. We searched multiple GEO datasets assisted in the validation of the above results. Differential analysis in Figure 2A (GSE13507, P=4.2e-04), Figure 2D (GSE37815, P=0.02), Figure 2E (GSE121711, P=3.6e-04) validated that RAC3 was highly expressed in BCa. Survival analysis of Overall Survival (Figure 2B, P=0.003) and Cancer Specific Survival (Figure 2C, P<0.001) from GSE13507, as well as Cancer Specific Survival (Figure 2F, P<0.001) provided by GSE32849 validated the poor outcome of patients with high RAC3 expression.




Figure 2 | GEO and cell lines analysis: RAC3 is highly expressed in BCa samples and cells and predicts poor prognosis (A) mRNA expression of RAC3 in GSE13507 (unpaired samples) (B) Overall Survival curve of tumor and normal groups in GSE13507. (C) Cancer Specific Survival curve of tumor and normal groups in GSE13507. (D) mRNA expression of RAC3 in GSE37815 (unpaired samples) (E) mRNA expression of RAC3 in GSE121711 (paired samples). (F) Cancer Specific Survival curve of tumor and normal groups in GSE32849 (G) mRNA expression of RAC3 in CCLE database (H) Western blotting analysis of RAC3 basal protein expression in 8 BCa cell lines and 1 ureteral epithelium cell (SV-HUC-1); Tubulin was used as a loading control (I) Western blotting analysis of RAC3 protein expression in 5637 and SW1710 cells transfected with siNC and siRAC3 #1, #2. GAPDH was used as a loading control (J) Western blotting analysis of RAC3 protein expression in 5637 and SW1710 cells infected with shNC and shRAC3 lentivirus. GAPDH was used as a loading control.





Knockdown RAC3 Inhibits the Proliferation of BCa Cells In Vitro and In Vivo

CCLE database analysis (Figure 2G) and WB test (Figure 2H) detected RAC3 expression in multiple BCa cell lines and found that the mRNA level was consistent with protein level. 5637 and SW1710 cells with higher RAC3 expression were picked out to be transfected with two siRNAs/shRNAs, specifically targeting RAC3 to inhibit its expression (Figures 2I and S2A), and the maximum knockdown efficiency was observed with sh#2 (hereafter referred to as shRAC3) and was used for all subsequent studies (Figure 2J). CCK8 assay indicated that knockdown RAC3 could inhibit the proliferation of 5637 and SW1710 cells (Figures 3A, B and S2B). The Colony formation assay results further confirmed the inhibitory effect (Figures 3C, D). A small amount of 5637 cell lysate was used as a positive control to detect the three cell lines with low expression of RAC3 (Figure S3A). J82 infected with overexpressing RAC3 lentivirus (Figure S3B) produced a proliferation-promoting effect (Figure S3CD). Overexpress RAC3 in shRAC3 cells confirmed that the defects of cell proliferation in shRAC3 cells is not due to the off-target effects (Figure S2AB).




Figure 3 | Knockdown RAC3 inhibits proliferation of BCa cells in vitro and in vivo. (A, B) CCK8 assay comparing the proliferation of 5637 (A) and SW1710 (B) cells. 103 cells were seeded per well in 96-well plates. Absorbance at 450 nm was detected with 10% CCK-8, which incubated for 2 hours each day for five days. Cell viability was assessed as a percentage of Ctr (Day0). Significance is indicated versus shNC groups. (C, D) Colony formation assay comparing the proliferation of 5637 (C) and SW1710 (D) cells. 103 cells per well were seeded in 6-well plates and cultured for ten days. Plates were washed and fixed with 4% paraformaldehyde, stained with crystal violet for 30 min. colony-formation rate (%)= (number of the cells seeded−number of the colons counted at day 10)/number of the cells seeded × 100%. (E-H) Images of the xenograft tumors from 5637-shNC or 5637-shRAC3 cells subcutaneously injected nude mice (E). Nude mice weight curves (F) and tumor growth curves (G) were plotted. Tumor weights were compared between 5637-shNC and 5637-shRAC3 groups (H). (I-K) Representative images of IHC staining of RAC3 and Ki67 in tumor xenografts (I), protein expressions of RAC3 (J) and Ki67 (K) were compared in 5637-shNC and 5637-shRAC3 groups based on the H-score. ns, not significant. **P < 0.01, ***P < 0.001.



Based on the in vitro results, the in vivo proliferation suppressive effect of RAC3 depletion was determined in a xenograft tumor model by subcutaneous injection of 5637-shNC/shRAC3 cells (Figure 3E). Without affecting the body weight of the node-mice (Figure 3F), the tumor volume (Figure 3G) and weight (Figure 3H) were significantly reduced in the 5637-shRAC3 group. In addition, IHC staining showed that compared with 5637-shNC, the 5637-shRAC3 group had a lower Ki67 protein level (Figures 3I-K). In summary, knockdown RAC3 inhibited the proliferation of BCa cells.



Knockdown RAC3 Attenuated the Migration and Adhesion of BCa Cells

The sequencing results of 5637-shNC/shRAC3 showed 692 DEGs among two groups, which were enriched into the EMT process in the HALLMARK dataset (Figure 4A). Transwell migration assay found that compared with 5637-shNC/SW1710-shNC, the number of 5637-shRAC3/SW1710-shRAC3 cells passing through the chamber was significantly reduced (Figures 4B, C). The wound-healing assay revealed that 5637-shRAC3/SW1710-shRAC3 cells migrated significantly slower (Figures 4D, E). Further in vivo experiments showed that the lung metastasis rate and the area of metastatic nodules in the 5637-shRAC3 group were significantly reduced by tail-vein injection of 5637-shNC/shRAC3 cells into NOD-SCID mice, which further confirmed the anti-metastatic effect in vitro (Figures 4F–H). WB analysis of hallmark molecules of EMT also demonstrated that snail and slug proteins decreased, and a concomitant E-cadherin protein increased in 5637-shRAC3/SW1710-shRAC3 cells (Figures 4I and S10A). To sum up, these data suggest that RAC3 attenuation inhibits the migratory ability of BCa cells. Correspondingly, promotion of migration was observed in J82-RAC3 cells (Figure S3E). Overexpress RAC3 in shRAC3 cells confirmed that the defects of cell migration in shRAC3 cells is not due to the off-target effects (Figures S2A, B).




Figure 4 | Knockdown RAC3 attenuated the migration of BCa cells. (A) HALLMARK analysis showing DEGs between 5637-shNC and 5637-shRAC3 cells were enriched in EPITHELIAL MESENCHYMAL TRANSITION process. (B, C) Comparison of the migration of 5637 and SW1710 cells using transwell compartments. 1x105 5637 cells and 0.5x105 SW1710 cells were resuspended in 200 μl serum-free medium using the transwell compartments (Corning, USA), 800 μl complete medium was added in the lower chamber. The cells on the chamber’s upper surface were washed, while those on the lower surfaces were fixed with 4% paraformaldehyde and stained with crystal violet after 12h for SW1710 cells and 36h for 5637 cells. (D, E) Comparison of the migration 5637 and SW1710 cells using Wound-healing assay. cells were seeded into the Culture-Inserts 2 Well system (Ibidi GmbH, Germany). The images were acquired at 0h and 12h after the removal of the inserts. Wound-healing area (%) = (area of the scratch at 0h−area of the scratch at 12h)/area of the scratch at 0h×100%. (F-H) Lung tissues and HE staining Images from 5637-shNC or 5637-shRAC3 cells tail-vein injected NOD-SCID mice (F) Area of lung metastatic nodules were compared between 5637-shNC and 5637-shRAC3 groups (G). Lung metastasis rate from two groups (H)(I) Western blotting analysis of the E-cadherin, Slug, Snail protein expression in 5637-shNC/shRAC3 and SW1710-shNC/shRAC3 cells. GAPDH was used as a loading control. Quantification of protein expression is shown in Figure S10A.



In addition, GO analysis of DEGs from sequencing data exhibited pronounced enrichment of regulation of cell adhesion, extracellular matrix, collagen binding, cell adhesion molecule binding, which were closely related to metastasis (Figure S4A). With the Automated Live Cell Imager, we did observe that the adhesion of 5637-shRAC3/SW1710-shRAC3 cells was weaker (Video 1). IF staining of F-actin revealed a cytoskeleton rearrangement of 5637-shRAC3/SW1710-shRAC3 cells with a marked reduction in filopodia and lamellipodia (Figure S4B), which may be one of the mechanisms contributing to the weakened cell migration.



RAC3 Is a Regulator of the PI3K/AKT/mTOR Pathway, and Knockdown RAC3 Promotes Autophagy in BCa Cells

Flow cytometry analysis indicated that knockdown RAC3 caused cycle arrest with a significant increase in the G2 phase cells (Figure S5A) and no significant difference in apoptosis rate (Figure S5B), suggesting that it is not apoptosis caused proliferation and migration inhibition in 5637-shRAC3/SW1710-shRAC3 cells. KEGG analysis of DEGs suggested significant alteration of the PI3K/AKT pathway (Figure 5A). The effect of RAC3 on the pathway was confirmed by reduced p-PI3K, p-AKT protein levels in 5637-shRAC3/SW1710-shRAC3 cells (Figures 5B and S10B). Analysis of TCGA-BLCA corroborated that AKT/mTOR is indeed positively correlated with RAC3 expression (Figure S6). Further WB experiments found that RAC3 knockdown downregulated mTOR, p-mTOR and, conversely, increased LC3II (Figures 5C and S10B). It is suggested that RAC3 is a regulator of the PI3K/AKT/mTOR pathway. TEM assay showed more AVs in the cytoplasm of 5637-shRAC3/SW1710-shRAC3 cells compared to the shNC groups (Figure 5D). The mCherry-GFP-LC3B fusion assay also found that the number of autophagosomes and autolysosomes were both higher in shRAC3 cells than shNC cells (Figure 5E). Moreover, we used Baf A1 to perform an autophagy flux assay and observed that LC3II protein expression levels were further increased by Baf A1 (Figure S7). These data suggest that RAC3 knockdown can increase the formation of autophagosomes upstream of the lysosomes. Collectively, our data demonstrated that knockdown RAC3 positively regulates autophagy. Nevertheless, inconsistent with expectation, overexpression of RAC3 positively affected J82 cells (Figures S3B–E), but no significant changes were found in PI3K/AKT/mTOR/P62/LC3 proteins (Figure S3F). Our data suggest that knockdown RAC3 promotes autophagy in BCa cells.




Figure 5 | RAC3 is a regulator of the PI3K/AKT/mTOR pathway, and knockdown RAC3 promotes autophagy in BCa cells. (A) KEGG analysis showing DEGs between 5637-shNC and 5637-shRAC3 cells were enriched in PI3K/AKT pathway. (B) Western blotting analysis of the PI3K, p-PI3K, p-AKT, and AKT protein expression in 5637-shNC/shRAC3 and SW1710-shNC/shRAC3 cells. GAPDH was used as a loading control. Quantification of protein expression is shown in Figure S10B. (C) Western blotting analysis of the p-mTOR, mTOR, P62, and LC3 protein expression in 5637-shNC/shRAC3 and SW1710-shNC/shRAC3 cells. GAPDH was used as a loading control. Quantification of protein expression is shown in Figure S10B. (D) Representative electron micrographs of autophagic vesicles in 5637-shNC/shRAC3 and SW1710-shNC/shRAC3 cells. The number of autophagic vacuoles (AVs), including autophagosomes and autolysosomes, in each cell was quantified. (E) The mCherry-GFP-LC3B fusion assay. Immunofluorescence images of 5637-shNC/shRAC3 and SW1710-shNC/shRAC3 cells transfected with mCherry-GFP-LC3B plasmids for 24h. The number of yellow LC3 puncta (representing autophagosomes) and red LC3 puncta (representing autolysosomes) were quantified.





Suppress Autophagy Protects BCa Cells From Proliferation and Migration Inhibition Induced by RAC3 Knockdown

We used 3MA, an inhibitor of autophagy, to evaluate whether the inhibition of proliferation and migration observed in 5637-shRAC3/SW1710-shRAC3 cells was caused by the upregulation of autophagy. WB showed that 3MA significantly decreased RAC3 inhibition-dependent LC3II protein expression (Figures 6A and S10C). Wound healing and transwell migration assays revealed that the metastasis suppressing effect resulting from RAC3 inhibition was reversed (Figures 6B–D). CCK8 assay revealed that 3MA could reverse the proliferation attenuation phenotype of 5637-shRAC3/SW1710-shRAC3 cells (Figure 6E). The above results indicated that autophagy inhibition reverses the anti-metastatic and anti-proliferative effects induced by RAC3 knockdown. Thus, our results suggest that knockdown RAC3 leads to migration and proliferation inhibition of BCa cells by promoting autophagy.




Figure 6 | Inhibition of autophagy protects BCa cells from proliferation and migration inhibition induced by RAC3 knockdown. 5637-shNC/shRAC3 and SW1710-shNC/shRAC3 cells were in the presence or absence of 3MA (5mM) for 2h. (A) Western blotting analysis of P62 and LC3 protein expression. GAPDH was used as a loading control. Quantification of protein expression is shown in Figure S10C. (B) Comparison of the migration using transwell compartments as described in Figure 4. (C, D) Wound-healing assay comparing the motility of cells as described in Figure 4. (E)CCK8 assay comparing the cell viability as described in Figure 3 ns, not significant. *P < 0.05, **P < 0.01.





RAC3 Regulates Autophagy Through mTOR

Considering the relationship between RAC3, mTOR, and autophagy, we then investigated whether targeting RAC3 and mTOR in combination would further impair BCa cells’ malignancy. We observed that Rapamycin, an mTOR inhibitor, further increased LC3II protein expression based on RAC3 knockdown compared with 5637-shNC/SW1710-shNC cells (Figures 7A and S10D). Consistent with the effect of RAC3 knockdown, Rapamycin alone resulted in decreased cell migration. Rapamycin could further enhance the inhibitory effect of RAC3 knockdown (Figures 7B–D). CCK8 assay found that Rapamycin alone inhibited the proliferation of 5637. The mTOR inhibition further attenuated the proliferation of 5637-shRAC3/SW1710-shRAC3 cells, resulting in a synergistic anti-proliferative effect (Figure 7E). The above results demonstrated that combined inhibition of RAC3 and mTOR significantly increased autophagy activity, resulting in synergistic anti-metastatic and anti-proliferative effects in 5637 and SW1710 cells. Moreover, we used MHY1485, a TOR activator, to evaluate whether mTOR activation could rescue the autophagy and migration phenotype in RAC3-knockdown cells (Figure S8). WB showed that MHY1485 significantly decreased RAC3 inhibition-dependent LC3II protein expression (Figure S8A). Transwell assay revealed that the migration suppressing effect was partially rescued by MHY1485 (Figure S8B). The above results indicated that mTOR activation results in autophagy inhibition and reverses the anti-migration effects induced by RAC3 knockdown. To verify the direct effect of RAC3 on mTOR, we used immunofluorescence to determine whether RAC3 and mTOR colocalize (Figure S9). The colocalization was dispersed in the cytoplasm and slightly aggregated around the perinuclear region (but not at the plasma membrane), which would support a possible direct regulation of mTOR by RAC3. Upon RAC3 knockdown, the anti-RAC3 staining weakened as expected, but no significant changes were observed in mTOR localization. Combined, we suggest that the RAC3 inhibition induces autophagy to impair the migration of bladder cancer cells via the PI3K/AKT/mTOR pathway.




Figure 7 | Dual inhibition of RAC3 and mTOR enhances autophagy and exerts synergistic anti-metastatic and anti-proliferative effects on BCa cells. 5637-shNC/shRAC3 and SW1710-shNC/shRAC3 cells were in the presence or absence of Rapamycin (100nM) for 24h. (A) Western blotting analysis of P62 and LC3 protein expression. GAPDH was used as a loading control. Quantification of protein expression is shown in Figure S10D. (B) Comparison of the migration using transwell compartments as described in Figure 4. (C, D)Wound-healing assay comparing the motility of cells as described in Figure 4. (E)CCK8 assay comparing the cell viability as described in Figure 3. ns, not significant. **P < 0.01, ***P < 0.001.






Discussion

This study demonstrated the effects and possible mechanisms of RAC3 in BCa progression. Multiple datasets and cell experiments confirmed that RAC3 was highly expressed in BCa tissues and cells. Moreover, the high expression of RAC3 was associated with higher grading/staging and poor prognosis, indicating a potential correlation with the carcinogenesis of BCa. Further in vitro and in vivo models confirm that knockdown RAC3 inhibits autophagy-mediated proliferation and migration of BCa cells through the PI3K/AKT/mTOR pathway. Rearrangement of the cytoskeleton, reduction of lamellipodia and filopodia, and cell cycle arrest were observed in 5637-shRAC3/SW1710-shRAC3 cells, which have not previously been reported. All these results indicate that RAC3 is a valuable biomarker of BCa.

Studies have suggested that knockdown RAC3 promotes apoptosis in lung cancer cells (52, 53). However, no difference in apoptosis was observed when proliferation and migration were impaired in RAC3 knockdown BCa cells, which prompted us to consider whether knockdown RAC3 induced non apoptosis-dependent cell death. DEGs between 5637-shNC and 5637-shRAC3 groups were used to conduct the KEGG analysis and showed an enrichment of the PI3K/AKT/mTOR pathway, suggesting that RAC3 may affect BCa progression by regulating autophagy. In most cases, autophagy is a survival mechanism, and uncontrolled activation of autophagy can lead to cell disassembly with death (54, 55). Furthermore, this form of death can be apoptosis and necroptosis independent (56). Despite discovering different individuals involved in the autophagy process and regulation, the whole picture of autophagy regulation remains a mystery. Identifying RAC3 as an autophagy regulator has opened up new avenues for autophagy research. For example, autophagy was induced by RAC3 knockdown in HCT116, HeLa, MDA-MB-231, PC3, U87 (57), and HUVEC (58) cells, but whether RAC3 was involved in the tumourigenesis of BCa and the underlying mechanism was not clear.

In our study, knockdown RAC3 impaired AKT activation, but the AKT activator SC-79 did not rescue the anti-proliferative/anti-migratory effect of RAC3 knockdown cells (data not shown), which may be explained by the inability of SC79 to activate AKT when PI3K is inhibited (59). Decreased p-mTOR and increased LC3II protein levels, and increased numbers of AVs and LC3 puncta, characteristic of autophagy pathway activation, were detected in 5637-shRAC3/SW1710-shRAC3 cells. The effect of RAC3 inhibition on BCa cells’ proliferation and migration was partially reversed by the autophagy inhibitor 3MA, confirming the role of autophagy in these processes. Several studies have suggested that the incapacitation of autophagy is essential for tumorigenesis (34). Autophagy is a tumor-suppressive mechanism that maintains genomic integrity and suppresses tumorigenesis (60, 61), as occurs with RAC3 knockdown cells. Activation of PI3K/AKT/mTOR, an important pathway regulating autophagy, is prevalent in many cancers and may be responsible for reducing cytoprotective autophagy and deregulated proliferation (62). Studies have confirmed that targeting autophagy in combination with other treatment strategies is generally more effective than monotherapy (63). Experiments demonstrated that dual inhibition of RAC3 and mTOR enhanced autophagy and exerted synergistic anti-metastatic and anti-proliferative effects on BCa cells compared to either mode of inhibition alone. Therefore, this combined targeting is a potential strategy for BCa treatment. Furthermore, mTOR agonists reduced the LC3II protein level and rescued the anti-metastatic effects on shRAC3 cells. mTOR and RAC3 were colocalized aggregated around the perinuclear region (but not at the plasma membrane), which would support a possible direct regulation of mTOR by RAC3. Upon RAC3 knockdown, the anti-RAC3 staining weakened as expected, but not like the effect of RAC1 on mTOR (64), no significant changes were observed in mTOR localization. Combining all the results, we suggest that RAC3 functions are associated with the regulation of mTOR activation and autophagy formation. Our finding that autophagy manipulation affects the migration of shRAC3 cells updates the study by Wan Long Zhu et al. (57), who found that RAC3 expression levels negatively correlate with basal autophagy levels. However, it is also important to note that Rapamycin inhibited the proliferation of 5637-shNC cells and 3MA inhibited the proliferation of 5637-shNC/SW1710-shNC cells, again confirming that sustainable cell growth can be achieved only with appropriate autophagy intensity (65). Also, let us realize that autophagy regulation in BCa cells is highly context-specific. This dependency can be understood as cancer cells being sensitive to autophagy induction at a basal level and more sensitive to inhibition at higher autophagy levels. The effects of autophagy differ in different cancer types and different cell lines. Various opposing explanations challenge the effect of autophagy on the proliferation of tumor cells. Such as inhibition of autophagy leading to regression of pancreatic cancer (66) and lung cancer (67) suggests a role for autophagy in sustaining tumor growth. While the induction of autophagy in renal cell cancer (68), colorectal cancer (69) inhibits cell proliferation, suggesting that excessive autophagy can limit cell growth. Our data and others suggest that significant deviations from the physiological set point of basal autophagy, either high or low, can lead to cellular toxicity. This result enables us to understand the necessity of identifying autophagy regulatory factors in pursuing tumor-targeted therapy. RAC signalling may also have many crosstalk and connections with the Wnt pathway, the Ras pathway, etc. Extensive studies are needed to delineate the complete RAC3 signalling in autophagy regulation. Identifying RAC3 has vital implications for understanding RAC isoform-specific functions and identifying therapeutic targets.

EMT is critical for tumor metastasis, which is a process of reprogramming from an epithelial phenotype to an invasive mesenchymal-like phenotype. There is evidence that autophagy impairs EMT by promoting snail degradation (70). In our study, the EMT enrichment and E-cad/snail/slug protein changes suggest that the autophagy induced by RAC3 reduction contributes to the EMT impairment of BCa cells. However, the mechanism still needs to be deeply investigated. The experiment revealed pseudopodia and skeletal alterations in 5637-shRAC3/SW1710-shRAC3 cells, accompanied by poor cell adhesion, which was previously corroborated in breast cancer (18, 19). Focal adhesion signalling at the leading edge of pseudopodia is the initiating step in migration (71). Autophagy degradation of focal adhesion proteins leads to weaker migration (72). Taken together, the enhanced autophagy by knockdown of RAC3 may affect the BCa cells migration through multiple factors mentioned above. Collectively, our findings uncover a more detailed mechanism by which RAC3 promotes BCa progression.

However, this study also has certain limitations. First, there are already some studies showing that the active RAC3 form affects oncogenesis (21, 73–75), and it is reasonable to speculate that the downstream signal transmission will be affected if the activation state of RAC3 is altered in BCa cells, but it still needs proper validation. Second, additional studies are needed to confirm when does RAC3 begin to promote and to what extent it promotes bladder cancer occurrence (or progression). The selective expression and differentiated function of RAC3 in different biological backgrounds have important guiding significance for when to intervene, how to intervene, and how much to intervene on BCa patients. Further studies are required to make up for the limitations and fully elucidate these concerns.



Conclusion

RAC3 is overexpressed in BCa tissues and cells. High expression of RAC3 is associated with advanced tumor characteristics and poor prognosis. We identified a novel mechanism underlying BCa cells’ proliferation and migration: the RAC3 negatively regulated PI3K/AKT/mTOR mediated autophagy. Combined targeting of RAC3 and mTOR provides a new option for the therapy of BCa patients.
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Background

Bladder carcinoma (BLCA) is a common malignant tumor with high morbidity and mortality in the urinary system. Pyroptosis is a pattern of programmed cell death that is closely associated with progression of tumors. Therefore, it is significant to probe the expression of pyroptosis-related genes (PRGs) in BLCA.



Methods

The differentially expressed genes in normal and BLCA tissues were first obtained from the Cancer Genome Atlas (TCGA) database analysis, as well as PRGs from the National Center for Biotechnology Information (NCBI) database, intersecting to obtain differentially expressed pyroptosis-related genes (DEPRGs) in BLCA. With the construction of a prognostic model of pyroptosis by regression analysis, we derived and validated key genes, which were ascertained as a separate prognostic marker by individual prognostic and clinical relevance analysis. In addition, we gained six immune cells from the Tumor Immune Evaluation Resource (TIMER) website and analyzed the relationship between pyroptosis prognostic genes and immune infiltration.



Result

Our results revealed that 31 DEPRGs were available by comparing normal and BLCA tissues with |log2 (fold change, FC)| > 0.5 and FDR <0.05. Four key genes (CRTAC1, GSDMB, AIM2, and FOXO3) derived from the pyroptosis prognostic model were experimentally validated for consistent expression in BLCA patients. Following risk scoring, the low-risk group of BLCA patients had noticeably higher overall survival (OS) than the high-risk group (p < 0.001). Risk score was still an independent prognostic factor (HR = 1.728, 95% CI =1.289–2.315, p < 0.001). In addition, we found remarkable correlations among the expression of pyroptosis-related prognostic genes and the immune infiltration of CD4+ T cells, CD8+ T cells, B cells, dendritic cells, macrophages, and neutrophils.



Conclusion

Genes (CRTAC1, GSDMB, AIM2, and FOXO3) associated with pyroptosis are potential BLCA prognostic biomarkers that act as an essential part in the predictive prognosis of survival and immunotherapy of BLCA.





Keywords: bladder carcinoma, pyroptosis, prognostic biomarkers, immune infiltration, Lasso-Cox regression



Introduction

Bladder carcinoma (BLCA) is the prevalent malignancy of the urinary tract and the fourth most common malignancy in men, with a high mortality and morbidity rate (1, 2). In 2020, the number of new BLCA cases was predicted to be about 81,400, and the number of new deaths was calculated to be about 17,980 in the United States (3). Of these, non-muscle invasive bladder carcinoma (NMIBC), which is prone to recurrence, accounts for approximately 75%, and muscle invasive bladder carcinoma (MIBC) and metastatic disease, which are more aggressive, account for 25% (4, 5). Currently, cisplatin-based chemotherapy remains the first-line treatment option for advanced BLCA, but the response period to chemotherapy is limited and the prognosis of patients remains dismal, with a 5-year relative overall survival rate of only 15% for metastatic disease (5, 6). Moreover, studies have indicated that the wild-type TP53 gene expression profile was resistant to neoadjuvant chemotherapy in MIBC tumors (7). The highly heterogeneous and genomically unstable nature of BLCA have also been identified by an increasing number of studies (8, 9). The genetic prognostic biomarkers of BLCA have been emerging in recent years. An example was minichromosome maintenance protein 5 (MCM5), a biomarker of cell proliferation, which is expressed in normal urinary epithelium only in cells within the basal proliferative lumen and can be used to diagnose BLCA (10). A clinical trial demonstrated that the detection of MCM5 in urine sediment was a biomarker for predicting BLCA recurrence and prognosis. However, it was not widely used in clinical practice because its false-positive rate was higher than that of cystoscopy (11). Thus, searching for gene expression characteristics of BLCA patients and identifying newly effective prognostic markers are essential procedures for personalized treatment strategies to improve clinical outcomes.

Pyroptosis is a novel non-apoptotic mode of programmed cell death (PCD) mediated by the gasdermin family, characterized by pore formation on the cytoplasmic membrane, cell swelling, and rupture, and accompanied by the efflux of cell contents. Currently, the gasdermin family comprises six human homologs, gasdermin A–D (GSDMA–D), gasdermin E (GSDME, alternatively known as DFNA5), and Pejvakin (PJVK, alternatively known as DFNB59) (12). Pyroptosis can be induced by both the classical inflammasome pathway, which is activation of caspase-1 cutting the GSDMD protein, and the non-classical inflammasome pathway, which is bacterial lipopolysaccharide binding to caspase-4/5/11 cutting the GSDMD protein (13, 14). In addition, it was recently found that the serine protease granzyme A (GZMA) in cytotoxic lymphocytes could access target cells via perforin and evoke cancer cells to undergo pyroptosis by cleaving activated GSDMB protein, as well as activate immune response (15). Meanwhile, emerging lines of evidence also suggested that selective delivery of active gasdermin protein to cancer cells or targeted cleavage of GSDME by granzymes can inspire potent antitumor immunity (16, 17). Produced during pyroptosis, IL-1β and IL-18 can impair the recruitment of neutrophils, whereas GSDMD acted as an anti-inflammatory agent to stimulate neutrophil death (18). Moreover, GSDMD also increased cleavage in activated CD8+ T cells and enhanced their cytolytic ability (19). Indeed, immune infiltration of natural killer (NK), M1 macrophages, CD8+ T, and type 1 T helper (Th1) cells typically represented a good prognosis, while high-level infiltration of neutrophils, M2 macrophages, MDSCs, Treg cells, and Th2 cells was frequently correlated with a poor prognosis (20, 21). Interestingly, Hou J et al. demonstrated that GSDMC expression was correlated with breast cancer survival prognosis (22).

These studies have demonstrated that pyroptosis was inextricably bound to tumorigenesis, invasion, and tumor immune microenvironment, implicating that induction of tumor cell pyroptosis would be a potential strategy to strengthen the efficacy of anti-cancer therapy. Moreover, it has been determined that pyroptosis-related genes (PRGs) have been developed as markers of tumor prognosis in a variety of carcinomas, such as lung cancer (23), hepatocellular carcinoma (24), and breast cancer (25), by establishing prognostic models of pyroptosis genes. However, there was relatively less research on its specific functions in BLCA. Hence, we systematically researched and validated the expression levels of genes associated with pyroptosis in normal bladder and BLCA tissues to study the prognostic value of these genes. We also analyzed the relationship between PRGs and tumor immune microenvironment by the TIMER website.



Materials and Methods


Data Collection

As shown in the flowchart (Figure 1), search for the word “pyroptosis” AND “Homo sapiens” on the NCBI database (https://www.ncbi.nlm.nih.gov/gene/) to retrieve PRGs. About 80 pyroptosis genes were screened by this method. We obtained transcriptome data and relevant clinical profile of BLCA and normal samples from the TCGA database (https://portal.gdc.cancer.gov/).




Figure 1 | Workflow chart. Detailed data analysis workflow chart. Create BioRender.com.





Enrichment Analysis of Differentially Expressed Pyroptosis-Related Genes

The condition |log2 (fold change, FC)| > 0.5 and FDR < 0.05 was established with R software to calculate the DEPRGs of BLCA vs. normal samples. Biological properties were analyzed by means of functional analysis, including Gene Ontology (GO) and the Kyoto Encyclopedia of Genes and Genomes (KEGG). We conducted biological process (BP), cellular component (CC), and molecular function (MF) enrichment analysis of DEPRGs using the R package “clusterprofler”. The same approach was also used for the enrichment analysis of KEGG. The p-value of less than 0.05 was statistically valid.



Construction of Pyroptosis Prognosis Model Based on Pyroptosis-Related Genes

The DEPRGs expression signatures were intersected from the TCGA and NCBI databases. Univariate Cox regression analysis was applied to probe and identify the DEPRGs associated to survival of BLCA patients with a threshold value of p < 0.05 by the R package “survival”. Subsequently, the pyroptosis prognostic mode was structured and optimized to filter the key genes. Next, the risk score of individual patients was computed by the following equation: risk score = ∑X J * coef J, where coef J means coefficient, and X J means correlative expression of each DEPRGs normalized by Z-score. Finally, the median risk score categorized BLCA cases into two groups: high risk and low risk.



Validation of the Key PRGs by Immunohistochemistry

To validate the pyroptosis prognosis model, we collected BLCA samples and adjacent non-cancerous bladder tissue from BLCA patients with primary surgical resection at Taizhou People’s Hospital. The Clinical Research Ethics Committee of Taizhou People’s Hospital has confirmed the tissues used in this study. Paraffin-embedded sections were stained for IHC analysis at 4 µm thickness. IHC was conducted with antibodies for CRTAC1 (1:200, bs-12948R, bioss), GSDMB (1:200, 12885-1-AP, Proteintech), AIM2 (1:200, PB9683, Boster), and FOXO3 (1:200, PB9196, Boster). Immunohistochemistry analysis was used following the manufacturer’s protocol. Then, two experienced pathologists, blinded to detailed information, would randomly select five regions and evaluate the immunostaining score.



Prognostic Mode Evaluation and Clinical Relevance Assessment

Kaplan–Meier (K-M) survival and risk profile were depicted through the R package comparing the survival of the two groups. Next, we screened for separate prognostic factors by assessing the association between clinicopathological features and risk scores with the R package “Survival”. Finally, the ROC curve was calculated with the R package “survivalROC”, where the ROC area under the curve (AUC) value was analyzed to ascertain the prediction accuracy of the model. For clinical relevance, the scatter plot was pictured with the R package “beeswarm”. According to clinicopathological characteristics, key pyroptosis genes and risk value were analyzed to forecast the biological markers for the prognosis of BLCA.



Analysis of Immune Cells Infiltration in PRGs of BLCA Patients

Systematic assessment of various immune cell infiltrations and their clinical influences can be conducted by TIMER (https://cistrome.shinyapps.io/timer/) (26). The relevance between PRG levels and immune cells infiltration was valued using the “Gene module”. For clinical outcomes, relevance to immune cells infiltration and PRG expression would be estimated by “Survival module”.




Results


Identification of DEPRGs Between Normal and BLCA Tissues

Gene expression profiles of 19 normal and 414 BLCA tissue samples and consequent clinical information were derived from the TCGA. Based on the search terms “pyroptosis” AND “Homo sapiens” in the Gene database, we identified 80 PRGs. Then, we found that 31 DEPRGs (Additional file 1) met the criteria of FDR < 0.05 and |log2(FC)| > 0.5 by R language screening, including 17 upregulated genes (CTSV, CAPN1, GSDMB, MIR25, PYCARD, TFAM, GSDMD, AIM2, NLRP7, IL36G, AGER, CDKN2B-AS1, METTL3, CASP3, TREM2, CASP8, and BSG) and 14 downregulated genes (VIM, PRDM1, TUBB6, MEG3, PECAM1, TXNIP, CRTAC1, KLF3-AS1, NEK7, NLRP3, EEF2K, FOXO3, NFE2L2, and NLRP1) (Figures 2A, B).




Figure 2 | DEPRGs in BLCA versus non-cancerous samples. (A) Heatmap and (B) a volcano plot.





Functional Enrichment Analysis of DEPRGs

We scanned and analyzed the above 31 DEPRGs in BLCA with GO and KEGG to explore their potential signaling pathways. As shown in Figure 3A, BP indicated that DEPRGs were mainly enriched in the positive regulation of IL-1 and IL-1β production, response to LPS, etc. Among the CC, the most significantly altered pathway was the inflammasome complex. As for MF, cysteine-type endopeptidase activity, scaffold protein binding, and death receptor binding were significantly enhanced. The top 10 enriched signaling pathways with significant relevance in KEGG analysis were in the circle diagram (Figure 3B), including the NLR signaling pathway, apoptosis, necroptosis, and the C-type lectin receptor signaling pathway. Briefly, the analysis indicated a significant relevance between DEPRGs and the development of BLCA.




Figure 3 | GO and KEGG enrichment analysis. (A) GO analysis of 31 DEPRGs. (B) The top 10 most enriched KEGG pathways analysis of 31 DEPRGs.





Construction and Evaluation of Pyroptosis Prognosis Model in BLCA

Based on univariate Cox regression analysis, we gained 12 genes associated with prognosis and structured a pyroptosis prognostic model (Figure 4A). The differential expression of 12 genes was displayed in the box plot of Figure 4B. Furthermore, the model was optimized by multivariate Cox regression analysis, and four key genes (CRTAC1, GSDMB, AIM2, and FOXO3) were obtained (Table 1). A heat map indicated the gene expression profiles of high- and low-risk groups in normal and BLCA (Figure 5A). Using K-M survival curve analysis, the 3- and 5-year survival rates for patients in the high- and low-risk group were 34.8% and 65.2%, and 31.1% and 54.8%, respectively. In a word, patients in group L had significantly higher survival rates relative to group H (p < 0.001) (Figure 5B). Risk score was computed for each patient based on the expression levels and risk factors of PRGs, and as shown in the risk curve results, the higher the risk score was, the shorter the survival time would be for BLCA patients (Figures 5C, D). It was suggested that these four DEPRGs may be potential prognostic indicators for BLCA.




Figure 4 | Regression analysis to select pyroptosis genes related to prognosis of BLCA. (A) Forest map of pyroptosis genes analyzed by univariate cox regression. (B) Boxplot of pyroptosis genes analyzed by LASSO regression. “N” stands for “Normal” and “T” stands for “Tumor”.




Table 1 | Genes included in prognostic gene signature.






Figure 5 | Structure of pyroptosis prognosis model in BLCA. (A) Heatmap displaying the expression patterns of those 4 key genes (B) K-M survival curve analysis. (C) Risk score distribution for BLCA cases. (D) OS for BLCA patients.





Expression Level of the Key PRGs in BLCA Tissues

IHC analysis confirmed that CRTAC1 and FOXO3 proteins were highly expressed in adjacent non-cancerous bladder tissues, 59.26% and 51.85%, respectively, while GSDMB and AIM2 proteins were highly expressed in BLCA tissues, 59.26% and 85.19%, respectively (Figure 6). Interestingly, it was consistent with the results of bioinformatics analysis, except that FOXO3 protein was also highly expressed in BLCA.




Figure 6 | The expression protein of CRTAC1 FOXO3, GSDMB, and AIM2 in BLCA tissues and non-cancerous tissues (IHC).





Correlation Between Pyroptosis-Related Prognostic Genes and Clinicopathological Characteristics

The relationship between clinicopathological features and hazard scores was investigated by single and multifactorial Cox independent prognostic analyses. Univariate Cox regression analysis revealed that age, stage, T stage, N stage, and risk score were remarkably associated with BLCA OS (Figure 7A). The risk score was retained after multifactorial Cox regression analysis (Figure 7B). Furthermore, the accuracy of the model was assessed by combining risk scores with clinicopathological characteristics to picture ROC curves (Figure 7C). The larger the area under the ROC curve was, the more precise the prognostic model was structured.




Figure 7 | Evaluation of pyroptosis prognosis model in BLCA. (A) Univariate cox regression analysis. (B) Multiple cox independent prognosis analysis. (C) ROC curve of clinicopathological features.



Furthermore, we investigated the association of four prognostic genes (CRTAC1, GSDMB, AIM2, and FOXO3) and risk scores with clinical characteristics by independent samples t-test. As demonstrated in the scatter plot of Figure 8, decreased expression of CRTAC1 and GSDMB was significantly associated with advanced pathological T3–4, N1–3, and M1 stages, stages III and IV, and high grade (Figures 8A–J). Instead, high expression of FOXO3 and AIM2 was notably correlated with high grade, and overexpression of FOXO3 was also strongly correlated with stages III and IV and T3–4 (Figures 8K–N). Finally, we observed that higher risk values occurred in advanced pathological T3–4, late N1–3 stage, and higher stage (III and IV) (Figures 8O–R).




Figure 8 | The clinical relevance analysis in BLCA. (A–E) CRTAC1 expression in ages, grade, pathological stages, pathological T and N stages. (F–J) GSDMB expression in grade, pathological stages, pathological T, N, and M stages. (K–M) FOXO3 expression in grade, pathological stages, pathological T stages. (N) AIM2 expression in grade. (O–R) Risk scores expressed in grades of pathological T and N stages.





Immune Cells Infiltration of Pyroptosis-Related Prognostic Genes in BLCA

It was demonstrated that pyroptosis participated in the modulation of the inflammatory response and tumor immune microenvironment. Therefore, we proceeded to comprehensively probe the association between DEPRGs in BLCA and immune cells infiltration. The results indicated that CRTAC1 expression was negatively relevant with the infiltration of CD8+ T cells (p = 2.51e−05), neutrophils (p = 1.89e−05), and dendritic cells (p = 2.70e−10) and positively relevant with the infiltration of B cells (p = 2.01e−02) (Figure 9A). Similarly, the expression of GSDMB was negatively associated with the infiltration of CD8+ T cells (p =7.25e−10), macrophages (p = 8.86e−05), and dendritic cells (p =3.47e−05) and positively associated with the infiltration of B cells (p = 6.05e−04) and CD4+ T cells (p = 3.05e−02) (Figure 9B). There was a positive relevance between FOXO3 expression and CD4+ T cells, CD8+ T cells, B cells, macrophages, dendritic cells, and neutrophils, all p < 0.05 (Figure 9C). In addition, there was a negative relevance between AIM2 expression and the infiltration of macrophages (p = 5.90e−04) and a positive association between AIM2 expression and the infiltration of CD8+ T cells (p = 1.06e−05), CD4+ T cells (p = 6.06e−09), neutrophils (p = 5.58e−24), and dendritic cells (p = 1.05e−23) (Figure 9D). Interestingly, FOXO3 and AIM2 showed opposite correlations with macrophages, which may be related to the lack of detailed typing of macrophages (M1 macrophages behaved as tumor suppressors, whereas M2 macrophages behaved as tumor promoters). In short, the infiltration of six types of immune cells (CD4+ T cells, CD8+ T cells, B cells, macrophages, dendritic cells, and neutrophils) was remarkably relevant with the expression of pyroptosis-related prognostic genes.




Figure 9 | The relevance between pyroptosis-related prognostic genes and immune cell infiltration. The correlation between the abundance of immune cells and the expression of (A) CRTAC1, (B) GSDMB, (C) FOXO3, (D) AIM2 in BLCA.






Discussion

Pyroptosis is a lysis form of programmed death triggered by inflammasome and can rapidly release cellular contents such as pro-inflammatory molecules (IL-1β and IL-18) and antigens into the tumor microenvironment to activate the immune response of the body (27). A recent study has identified GSDM-mediated pyroptosis as a mechanism of cytotoxic lymphocyte killing to potentiate antitumor immunity (15). It was also confirmed that GSDME-mediated pyroptosis could promote T-cell recruitment through the release of relevant cytokines and trigger the activation of T cells to stimulate T-cell infiltration into tumor tissues (28). However, GSDME was often silenced in tumor tissues with promoter methylation, thus avoiding the occurrence of chemotherapeutic drug-induced pyroptosis and resisting antitumor effects (27, 29, 30). Hence, it is worthwhile to clarify the expression of PRGs in tumor tissues, and inducing pyroptosis in tumor cells would be possible and deemed as a robust method to promote the effect of oncotherapy.

With the development of bioinformatics and high-throughput sequencing technologies, it has become a reality to predict the prognosis of BLCA by assessing their risk level. For example, the risk models constructed based on m6A-related non-coding RNAs (31), pyroptosis-related non-coding RNAs (32), and ferroptosis-related genes (33), respectively, have evaluated the prognosis of BLCA patients or the response to immunotherapy. These models were constructed from different mechanisms to predict the prognosis of BLCA, yet unfortunately, the prognostic relationship and immune infiltration characteristics of pyroptosis-related mRNAs with BLCA patients were not considered.

In our study, we first explored the DEPRGs in normal and BLCA tissues, in which 31 genes were differentially expressed compared to normal tissue. These data suggested that differentially expressed genes may exert an underestimated role in the tumorigenesis and progression of BLCA. Then, we highlighted the function of DEPRGs using GO and KEGG pathway enrichment analysis. Predictably, we discovered that these genes were primarily relevant to the NLR signaling pathway, necroptosis, and regulation of IL-1β production. NLRs played an important regulatory role in inflammation-associated tumorigenesis. NLRs can specifically and sensitively recognize pathogen-associated molecular patterns, and activate caspase-1 or caspase-11, enhancing the production and release of IL-1β and IL-18 to recruit immune cells and promote the pyroptosis process (34, 35). Moreover, a study indicated that activation of the NF-κB/NLRP3/Caspase-1 pyroptosis signaling pathway exerted antitumor effects by increasing GSDMD levels and inhibiting cell proliferation and epithelial–mesenchymal transition progression (36). Therefore, DEPRGs may be potential targets for therapeutic and prognostic markers of BLCA.

Next, the expression of four key genes (CRTAC1, GSDMB, AIM2, and FOXO3) has been confirmed to be consistent with the bioinformatics analysis by IHC. However, the absence of difference in FOXO3 expression in cancerous and non-cancerous tissue may be related to both small sample size and the possibility that the FOXO3 gene was not transcribed in some adjacent non-cancerous bladder tissue. After that, they were screened to be associated with prognostic survival in BLCA by univariate and multifactorial Cox regression analysis. In addition, patient risk scores were calculated from mRNA expression levels and risk factors of each patient to obtain risk curves and K-M survival curves. Single- and multi-factor independent prognostic and clinical relevance analyses were conducted using the pyroptosis prognostic model to identify the relationship between gene expression levels and clinical prognosis. It was indicated that these genes were correlated with age, sex, grade, stage, and TNM subtype in the clinicopathological features (p < 0.05) and could be treated as a predictor of BLCA prognosis.

Cartilage acidic protein 1 (CRTAC1) is a glycosylated extracellular matrix molecule of human articular cartilage secreted by chondrocytes (37). They used gene expression data analysis from public databases to find that CRTAC1 expression was lower in lung adenocarcinoma (LUAD) than in normal tissues, demonstrating that the CRTAC1 gene was a protective gene in LUAD, and the high expression of CRTAC1 gene had a better prognosis (38). Equally, our study indicated that high expression of CRTAC1 was associated with earlier T (T1–2), N (N0) subtype, earlier stage (I and II), and low grades in BLCA patients. It suggested that the CRTAC1 gene could also be regarded as a protective gene in BLCA. Presently, there were no studies of CRTAC1 in BLCA or the relationship between CRTAC1 and pyroptosis, but our studies may provide new findings on prognostic markers in BLCA. The mechanism of CRTAC1 also needs further validation in BLCA.

GSDMB, as a member of the GSDM family, has also been observed to resemble the pyroptosis feature (39). However, the mechanism of GSDMB-induced pyroptosis was not quite clear and consistent. It was found that GSDMB-induced pyroptosis may be achieved by caspase-1 cleavage of GSDMB protein in 293T cells (40, 41). In contrast, Chen et al. demonstrated that GSDMB induced a conformational change in caspase-4 protein, which, in turn, increased caspase-4 enzyme activity and accelerated the cleavage of GSDMD, consequently causing non-canonical pyroptosis (42). In addition, the association between the high or low expression of GSDMB in normal and tumor tissues and prognosis was also controversial. Based on several studies (39, 43–45), hyperexpression of GSDMB in hepatocellular carcinoma, gastric cancer, and cervical cancer was considered as an oncogene that would appear to be involved in cancer invasion and metastasis. However, Shao Feng’s team indicated that CTLs could mediate target cell pyroptosis through GZMA cleavage of GSDMB in target cells. Respectively, they engrafted CT26 cells and B16-F10 cells with recombinant human GSDMB into mice subcutaneously, and found that GZMA/GSDMB pathway-mediated pyroptosis strengthened tumor clearance in the mouse model by enhancing the therapeutic efficacy of antitumor immunity. Meanwhile, they revealed that high GSDMB expression was relevant with OS benefit in BLCA patients (15). This is consistent with our findings. Our research also indicated that GSDMB was highly expressed in BLCA and hyper-expression of GSDMB was associated with low risk, low-grade infiltration, early stage (I and II), no lymph node infiltration (N0), and no distant metastasis (M0) of BLCA patients, all p < 0.05. Thus, GSDMB could serve as a protective prognostic biomarker for BLCA.

The forkhead box O class (FOXO) family is a widely expressed transcription factor, mainly including FOXO1, FOXO3, FOXO4, and FOXO6. The FOXO family is involved in several biological processes that were related to cell metabolism, cell proliferation, and apoptosis (46). Among them, FOXO3, also known as FOXO3a, plays a significant role in the regulation of cellular processes by targeting the expression and activity of effector genes. Meanwhile, the FOXO3 activity can be inhibited by an imbalance between kinases and phosphatases, significantly affecting cellular processes and even inducing carcinogenesis (47). The expression of FOXO3 in various tumors exhibited variable pro-carcinogenic and anti-carcinogenic effects. Qian et al. demonstrated that high expression of FOXO3 was relevant with the progression of glioblastoma, suggesting a poor prognosis for patients with glioblastoma (48), the same result for triple-negative breast cancer (49) and hepatocellular carcinoma (50). However, downregulation of FOXO3 promoted DNMT3B overexpression, leading to tumor growth in lung cancer, while clinical findings also showed that there was a high DNMT3B, low FOXO3a, and high MDM2 expression associated with low survival rates in lung cancer patients (51). Moreover, transcriptional inhibition of the FOXO3 gene directly and downregulation of FOXO3 protein phosphorylation promoted proliferation and migration of uroepithelial cancer cells in vivo and in vitro (52). Overexpression of circular RNA FOXO3 suppressed the proliferation, migration, and invasion of BLCA cell lines as well as promoted their apoptosis (53, 54). In contrast to our findings, FOXO3 was an indicator of poor prognosis in BLCA because it was enriched in high-risk groups, and the mechanism remains to be investigated. The study showed that downregulation of FOXO3 could inhibit NLRP3 inflammasome-mediated endothelial cell pyroptosis (55). However, the relationship between FOXO3 and pyroptosis in tumors has been rarely reported. Therefore, it is essential to further explore the regulation of FOXO3 on tumor cell pyroptosis.

Absent in melanoma 2 (AIM2), a typical receptor for cytoplasmic DNA contained a positively charged HIN-200 structural domain that recognized the sugar-phosphate backbone of host ectopic negatively charged double-stranded DNA (dsDNA) forming an electrostatic attraction (56). Host ectopic dsDNA activated AIM2 inflammasomes that drove the secretion of proinflammatory cytokines IL-18 and IL-1β, inducing cellular pyroptosis (57). AIM2 exhibited both growth inhibitory effects in colon, hepatoma, nasopharyngeal, and lung cancers, and proliferation-promoting effects in cutaneous squamous cell carcinomas (SCCs) and endometrial cancers (57–60). Compared with normal tissues, components of NLRP3 and AIM2 inflammasomes were highly expressed in nasopharyngeal carcinoma tissues, which correlated with an increased chance of survival in nasopharyngeal carcinoma (58). On the other hand, the absence of AIM2 inhibited the growth of cutaneous SCC (59). Therefore, the role of AIM2 in tumorigenesis was bipartite, and its outcome depended on the type of cancer. According to our findings, AIM2 appeared to be an oncogenic gene, as it was highly expressed in BLCA tissues and significantly upregulated in high-grade BLCA.

Briefly, all four genes (CRTAC1, GSDMB, FOXO3, and AIM2) were prognostic indicators of BLCA pyroptosis, with CRTAC1 and GSDMB suggesting a better prognosis, and FOXO3 and AIM2 suggesting a poor prognosis.

PRGs worked through cell membrane pore formation to activate pyroptosis, enhance antitumor immunity, and inhibit tumor growth. Expression of pyroptosis genes strengthened phagocytosis of tumor cells by tumor-associated macrophages (TAM), as well as the count and function of tumor-infiltrating NK cells (17). However, TAM infiltration in BLCA disrupted the adaptive immune response and promoted tumor vascularization, which, in turn, led to tumor progression (61). Meanwhile, one study described that BLCA can be stratified as high or low risk on the basis of immune cells status (62). It was evident that the infiltration of immune cells was of great importance to the survival prognosis of BLCA. It was shown that BLCA recruited more T cells than normal bladder cells, and that infiltrating T cells increased the proliferation and invasion of BLCA cells by modulating the ERβ/c-MET or ERβ/IL-1/c-MET signaling pathways, promoting metastasis (63). Neutrophils may promote tumor aggressiveness and progression in BLCA owing to their stimulation of excessive inflammation, release of growth factors to malignant cells, and secretion of human neutrophil polypeptides (64). Within the present research, we indicated a remarkable relevance between the expression of PRGs (CRTAC1, GSDMB, FOXO3, and AIM2) and the infiltration of six types of immune cells, including CD4+ T cells, CD8+ T cells, B cells, macrophages, dendritic cells, and neutrophils, implying that these genes not only could serve as prognostic indicators, but also may reflect the immune status.

Chen et al. (65) have previously constructed a pyroptosis-related prognostic model to predict survival in BLCA patients, although their study contained only 53 pyroptosis genes compared with 80 pyroptosis genes in our study. Moreover, there was a lack of experimental validation in their study. Unfortunately, our study also has some limitations. It is unclear how these DEPRGs in the prognostic model we constructed modulate the underlying mechanisms of the BLCA process. A further exploration of their biological functions is required by elaborate experiments. Furthermore, this was a retrospective study, and we would like to conduct further well-designed prospective studies to confirm our findings.



Conclusion

In summary, our study has constructed a prognostic model based on pyroptosis in BLCA and identified four key prognostic genes (CRTAC1, GSDMB, FOXO3, and AIM2), which also reflected immune status. We expect that our findings will provide new insights into emerging immunotherapeutic targets, identify biomarkers to more precisely predict survival in BLCA patients, and provide data to support clinical formulation of personalized treatment plans.
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Urothelial bladder cancer (BLCA) is a common internal malignancy with a poor prognosis. The re-programming of lipid metabolism is necessary for cancer cell growth, proliferation, angiogenesis and invasion. However, the role of aliphatic acid metabolism genes in bladder cancer patients has not been explored. The samples’ gene expression and clinicopathological data were obtained from the Cancer Genome Atlas (TCGA) and the Gene Expression Omnibus (GEO). Univariate, multivariate, and LASSO Cox regression were used to develop a BLCA prognostic model. GSVA was used to assess function, whereas pRRophetic was used to assess chemotherapeutic drug sensitivity. The twelve-gene signature may define the tumor immune milieu, according to the risk score model. We compared the expression of aliphatic acid metabolism genes in malignant and non-cancerous tissues and chose 90 with a false discovery rate of 0.05 for The Cancer Genome Atlas cohort. The prognostic risk score model can effectively predict BLCA OS. A nomogram including age, clinical T stage, gender, grade, pathological stage, and clinical M stage was developed as an independent BLCA prognostic predictor. The halfmaximal inhibitory concentration (IC50) was used to assess chemotherapeutic medication response. Sorafenib and Pyrimethamine were used to treat patients with low risk scores more sensitively than patients with high risk scores. Immunotherapy candidates with CMS1 exhibited higher risk ratings. The aliphatic acid prognostic risk score model can assess metabolic trends. Clinical stage and molecular subtype may be used to categorize individuals using the risk score.With this new paradigm, future cancer treatment and immunotherapy may be tailored to the patient’s exact requirements.
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Introduction

Bladder cancer is the tenth most frequent kind of cancer globally, with an expected 549 393 new cases and 199 922 deaths from bladder cancer in 2018 (1). The majority of bladder cancers are urothelial carcinomas and are classified as per their therapeutic implications as non-muscle invasive bladder cancers (NMIBC) or muscle invasive bladder cancers (MIBC) (2). Tobacco use and occupational exposures (e.g. arylamines) are the primary risk factors for developing urothelial bladder cancer in the United States of America, and they also enhance the likelihood of recurrence (3). Transurethral resection of the bladder tumor (TURBT) is commonly advised in individuals with superficial bladder cancer, with or without intravesical therapy (3). The primarystay of therapy for muscle-invasive bladder cancer is radical cystectomy (RC) (4). The degree of bladder wall invasion is strongly linked with the clinical therapy of bladder cancers (5) Around 75% of individuals initially diagnosed with bladder cancer have NMIBC, with around 10% progressing to MIBC or metastatic bladder cancer (6). The expenditures of bladder cancer therapy, monitoring, and managing treatment-related side effects are significant (7). Despite advancements in early detection and systematic treatment of bladder cancer, some people continue to have recurrence or metastatic bladder cancer illness. As a result, it is critical to determine early diagnostic along with prognostic indicators of BLCA proliferation, as well as to develop novel ways for BLCA diagnosis and treatment, in order to optimize therapeutic results.

Fatty acids (FAs), a broad class of molecules made up of hydrocarbon chains with various lengths and degrees of desaturation, are the starting point for the synthesis of many lipids. FAs make up the hydrophobic tails of phospholipids, glycolipids, and cholesterol, which together make up a significant portion of biological membranes. In addition, second messengers that are produced in response to external stimuli, such as diacylglycerol (DAG) and phosphatidylinositol- 3,4,5-trisphosphate (PIP3), are also produced by membrane lipids. FAs may also be combined to form triacylglycerides (TAGs), nonpolar lipids that are produced and stored during periods of high nutritional availability and that, when broken down, release a significant amount of energy. In the majority of cancers, the tumor microenvironment is mostly composed of tumor cells and a variety of tumor stromal cells, cytokines and chemokines, immune cells, along with their mediators (8). Not only cytogenetics is involved in the tumor microenvironment, but also a knowledge of tumor activity in the surrounding milieu (9). Controlling tumor development and spread requires changing tumor cells and their microenvironment (10). The tumor microenvironment (TME) is pivotal for cancer prevention and immune suppression (11). Low oxygen levels in TME caused by an irregular tumor blood supply, high metabolic demand of the tumor, and even inflammation cause cells in the TME to switch to anaerobic metabolism (12). In the TME, tumor cells rely heavily on glucose metabolism for energy generation (13). For example, typical cells use glycolysis to convert the majority of glucose to pyruvate, and glycolysis in concert with oxidative phosphorylation in the mitochondria generates a large amount of energy. Nonetheless, since cancer cells catabolize glucose into lactate and produce inadequate energy, they need a greater glucose concentration for growth (14). The reprogramming of lipid metabolism in the TME is required for the formation of solid tumors (15). Recent research has shown a link between alterations in lipid metabolism and bladder cancer. Overexpression of aliphatic acid synthase (FASN) has been associated with a negative relationship between OS and recurrence. Additionally, blocking the AKT/mTOR signaling pathway resulted in a substantial reduction in BLCA cell proliferation and invasion when FASN expression was lowered. FASN may have a role in chemotherapeutic resistance development (16–21).

The genetic data from 414 BLCA samples were analyzed to provide a comprehensive knowledge of the aliphatic acid metabolic pattern and to create a prediction risk score model for aliphatic acids. The predictive risk score model accurately estimated the survival outcome of BLCA patients independently and effectively distinguished patients with BLCA who were resistant to several chemotherapeutic treatments. Furthermore, we investigated the relationship of the prognostic risk score model with the TME cell-infiltrating properties. The prognostic risk score model accurately classified BLCA patients as immunotherapy candidates, demonstrating that aliphatic acid metabolism is crucial for creating unique TME characterizations. These findings may provide fresh insight on the metabolic mechanism of BLCA and its treatment.



Materials and procedures


Data processing

The TCGA database’s raw RNA sequencing (RNA-seq) data patterns (https://www.cancer.gov/about-nci/organization/ccg/research/structural-genomics/tcga) were abstracted using the High Throughput Sequencing (HTSeq)-fragments per kilobase of transcript per million mapped reads (FPKM) workflow type, which included 414 BLCA and 19 normal bladder tissue samples. Additionally, we utilized the TCGA database to collect clinical data on 414 BLCA samples, consisting of gender, AJCC TNM stage, age, prognostic information along with pathological stage. GEO: Microarray data profiles for GSE13507 based on platform GPL6102 were abstracted from the GEO data resource (https://www.ncbi.nlm.nih.gov/geo/). We converted the Entrez Gene IDs of every sample into their respective gene symbols via the annotation platform. When several probes were used to target the same Entrez Gene ID, the mean value was utilized. Additionally, clinical data were gathered from the GEO database for each sample in GEO: GSE13507. Previously, 310 genes involved in aliphatic acid metabolism were identified. 310 common genes were picked from these genes in the TCGA, as well as GEO cohorts.



DEG enrichment analyses in normal and cancerous tissue

The “limma” R package was adopted to discover differentially expressed genes involved in aliphatic acid metabolism between normal and malignant tissue samples. Genes having an FDR of 0.05 were regarded statistically significant. After that, the R package “org.Hs.eg.db” was adopted to transform the symbol gene for each DEG to an Entrez Gene ID. The study of GO and KEGG pathway enrichment on DEGs was performed using the R package “clusterProfiler” in order to determine the major biological features along with the cell function pathways. A difference that is statistically significant was regarded as having a p value (q value) of 0.05. Finally, we employed the R packages “enrichplot” and “ggplot2” to illustrate the results of the enrichment study.



Devised and verified an approach for assessing prognostic risk

The training set included samples from the TCGA cohort, while the test set included samples from GEO: GSE13507. Using the samples’ unique identity, the expression levels of differentially expressed aliphatic acid metabolism-linked genes were first merged with the appropriate predicted outcomes. Genes associated with prognosis were identified from differentially expressed aliphatic acid metabolism-linked genes using univariate Cox regression assessment on the training set. We picked genes with a 0.05 p value. The “maftools” R package was adopted to determine gene mutations and correlations in BLCA samples from the training set. LASSO Cox regression was done to further analyze the genes related with prognosis in order to create a predictive risk score model for estimating OS in BLCA samples using the “glmnet” R package. A tenfold cross-verification was used to assess the model’s penalty parameter (λ). The approach outlined below was adopted to determine the risk score for every sample. . The “Coef” column includes non-zero regression coefficients determined via the LASSO Cox approach, and the “ExpGene” column provides the expression levels of genes included in the predictive risk score model. To classify all samples into low-, as well as high-risk score categories, the median value of risk scores was employed. Kaplan-Meier approach along with the log-rank test was adopted to compare the OS of low-risk and high-risk score groups. To assess the predictive accuracy of the predictive risk score model, a time-dependent receiver operating characteristic (ROC) curve was generated using the R package “survivalROC”. Finally, the test set was adopted to examine the prognostic risk score model’s reliability and applicability.



Principal component analysis (PCA) was compared before to and during the construction of a prognostic risk score

The limma R package was adopted to perform PCA on gene expression profiles before to and after the training set’s predictive risk score model in order to grasp the significant difference between low and high-risk score groups. PCA was first used to analyze the expression patterns of all differentially expressed genes linked with aliphatic acid metabolism. PCA was then employed to assess the expression patterns of genes in the predictive risk score model. Finally, utilizing two-dimensional diagrams structured around the first two fundamental components, the ggplot2 tool was utilized to illustrate the PCA results.



Comparative analysis of risk scores and clinical features

Using the R tool “CMScaller,” all samples in the TCGA cohort were categorised into CMSs on the basis of their features. The risk score for every sample was merged with the related clinical features using the sample ID. The limma R software was used to examine the relationship of the risk scores with clinical data, consisting of gender, pathological stages, CMS, age, as well as AJCC TNM stages. Additionally, the TCGA database was utilized to ascertain the level of immunological checkpoint expression (PD-1, PD-L1, and CTLA4). The levels of expression of immunological checkpoints were then compared between groups with low and high-risk scores. Clinical data on CRC from the GEO cohort were evaluated to determine the relationship between risk scores and clinical features. This included the presence of TP53, TTN, KMT2D, MUC16, ARID1A and KDM6A mutations. To explore disparities in risk scores across samples, they were separated into two groups on the basis of their clinical features. The Wilcoxon rank-sum along with the Kruskal-Wallis (K-W) tests were utilized to compare two groups and more than two groups. A p value of 0.05 was judged statistically significant.



GSVA

The “GSVA” R tool was adopted to compare biological processes between low- and high-risk score groups. GSVA is a non-parametric along with unsupervised technique for analyzing changes in biological pathways or processes using an expression matrix sample. The reference gene sets were generated from the molecular signatures data resource’s “c2.cp.kegg.v7.1.symbols” gene sets (https://www.gsea-msigdb.org/gsea/msigdb). FDR0.05 signified a statistically remarkable enrichment cascade. The IC50 of 5-FU was estimated in each sample using a typical comparison of the low- with the high-risk score groups using the pRRophetic R program. The IC50 number indicates a substance’s capacity to inhibit certain biological or metabolic processes. To determine the extent of immune-linked invasion in every sample from the TCGA cohort, ssGSEA was carried out in the R packages “GSEABase” along with “GSVA”. The gene sets were compiled in order to evaluate immune-linked aspects in TME from prior research, and they covered a diverse range of human immune cell sub-types, as well as immune-linked behaviors, for instance CD8+ T cell, B cell, and T cell co-stimulation (Table S1). The ssGSEA method calculated enrichment scores based on the relative frequency of expression of each immune-linked characteristic in every sample. The enrichment scores of people with low- and high-risk scores were compared. Additionally, the link between genes associated with prognosis and immune cells was investigated. A p value of 0.05 signified statistically significant.



PPI network

We began by examining the RNA-seq data patterns of low- along with high-risk score groups using the limma R tool. DEGs were classified as genes having a 0.05 corrected p-value. The DEGs were evaluated using the STRING online data resource (version 11.0; https://string-db.org/), which yielded PPI network data with a median confidence level of more than 0.40. (Table S2). Following that, Cytoscape was utilized to do further analysis and visualization of the PPI network data (v3.7.2). The Cytoscape plugin cytoHubba (v0.1) was adopted to search for hub genes across all DEGs using topological approaches. Following that, the genes that were differently expressed between normal and BLCA colorectum tissue were discovered. The R clusterProfiler resource was adopted to analyze the genes for GO and KEGG enrichment. Finally, on the bsais of the median expression level of the hub genes, all samples were stratified into low-, as well as high-expression groups. To assess whether there was a difference in survival between the two groups, Kaplan-Meier assessment was utilized. Immune cell invasion into hub genes linked to prognosis were compared.



A nomogram has been designed for the purpose of estimating OS

A nomogram for BLCA OS prediction was created using the R package “rms” with the TCGA cohort. It included age, pathological stage, gender, as well as predictive risk score. Using time-dependent calibration curves, the nomogram’s accuracy was projected. Additionally, multivariate Cox regression assessment was adopted to investigate if the predictive risk score model could be used as an independent predictor of OS in colorectal cancer patients. The AUC was then determined via the online ROC curves to determine the nomogram’s prognostic value.



HPA dataset

The Human Protein Atlas (HPA), a data resource that offers immunohistochemistry-based expression data for around 20 most prevalent kinds of malignancies, 12 individual tumors in each cancer type, was utilized to assess the protein contents of the 5 hub genes in human healthy and BLCA tissues (22).



Conducts statistical analysis

The two groups were compared via the Wilcoxon rank-sum test. Three or more groups were compared via the K-W test. The survival differences between the low- and high-risk score groups were examined through the Kaplan-Meier approach. The independent determinants of OS in BLCA were identified through multivariate Cox regression. To determine the predictive ability of the prognostic risk score model and nomogram, receiver operating characteristic curves were performed. All the statistical analyses were implemented in R v4.0.0, with p<0.05 signifying statistical significance.




Results


Analysis of normal and malignant tissue samples for enrichment

The article’s flow chart is given in Figure 1A. We compared the expression levels of genes participating in aliphatic acid metabolism in non-tumorous and cancer tissue samples, and 90 genes with an FDR 0.05 were chosen for inclusion in the TCGA cohort. In cancer tissue samples, 58 genes were elevated and 32 were downregulated. The differentially expressed genes are given in Figures 1B, C. (DEGs). The DEGs were then analyzed for Gene Ontology (GO) enrichment. Among the biological processes, aliphatic acid metabolism, organic acid biosynthetic, carboxylic acid biosynthetic, and aliphatic acid derivative metabolic process were substantially enriched GO keywords (Figure S1A). The findings of an enrichment study using the KEGG revealed that aliphatic acid metabolism, aliphatic acid degradation, metabolism of arachidonic acid, tryptophan metabolism, and were all significantly enriched KEGG keywords (Figure S1B). These findings indicate that aliphatic acid metabolism harbors an indispensable role in the development of BLCA.




Figure 1 | Comparing bladder cancer with non-tumorous tissue samples from the TCGA cohort. (A)The article’s flow chart. (B) A heat map of 90 differentially expressed genes involved in aliphatic acid metabolism. (C) The volcano map of 90 differentially expressed genes involved in aliphatic acid metabolism.





Development of a prognostic risk score model using the training set

The training set was constructed using TCGA cohort samples. Univariate Cox regression was used to assess 90 differentially expressed aliphatic acid metabolism genes. A total of 17 genes involved with prognosis were identified with a p value of 0.05. (Figure 2A and Table 1). We began by summarizing the somatic mutation profile of 17 genes involved in aliphatic acid metabolism related with poor prognosis. As illustrated in Figure 2B, a total of 55 of 412 BLCA samples had mutations in genes involved in aliphatic acid metabolism, representing a 13.55% frequency. FASN was mutated more frequently than SLC27A2. DECR1, on the other hand, did not exhibit any changes in BLCA samples. Additional analyses established a correlation between the CYP1B1 and SLC27A2 mutations, as well as the DHCR24 and ACLY mutations (Figure 2C). The number of genes was then reduced using Cox regression analysis with the least absolute shrinkage and selection operator (LASSO). Finally, twelve genes (CYP1B1, FADS1, CPT1B, EPHX1, ACSBG2, FASN, ACLY, NUDT19, SCD, PTGIS, DECR1, and SLC27A2) were used to develop a predictive risk score model (CYP1B1, FADS1, CPT1B, EPHX1, ACSBG2, FASN, ACLY, NUDT19, SCD, PTGIS, DECR1, and SLC27A2) (Figures 2D, E). The risk score for each sample was calculated as follows: Risk score = (0.051627765239571) * CYP1B1+(0.069487777237826) * FADS1+(-0.284173428370957) * CPT1B+(0.102797313048634) * EPHX1+(-0.40870133580594) * ACSBG2+(0.177530542982211) * FASN+(0.228151304346159) * ACSL6. The risk score model was utilized to fully identify low- and high-risk BLCA samples (Figures 2F, G).




Figure 2 | Model development for prognostic risk assessment (A) Forrest plot of 17 genes involved in aliphatic acid metabolism associated with prognosis. (B) Mutation frequency of 17 genes involved in aliphatic acid metabolism in 412 individuals with BLCA from the TCGA cohort. (C) Co-occurrence along with exclusion analysis of mutations in 17 genes involved in aliphatic acid metabolism. Green indicates co-occurrence; purple indicates exclusion. (D) LASSO coefficients for the 17 genes involved in aliphatic acid metabolism. (E) Gene discovery with the purpose of developing a predictive risk score model. (F) Principal component analysis of all BLCA genes involved in aliphatic acid metabolism. (G) Principal component analysis using a risk score for aliphatic acid metabolism to differentiate cancers from non-malignant tissue samples in the TCGA cohort. The green group designated high-risk patients, whereas the red group designated low-risk individuals. *p < 0.05.




Table 1 | The unicox results of aliphatic acid metabolism related genes in BLCA.





The correlation between the risk score and clinical characteristics

The cutoff value was chosen at the median of the risk assessments in the training set. On the basis of the threshold value above, the sample risk scores were sorted and categorized into low (n = 203) and high (n = 203) risk score categories. In the TCGA, samples with a high-BLCA risk score had a worse prognosis than samples with a low risk score (p<0.001; Figure 3A). Using the training set’s threshold value, test group samples from GEO: GSE13507 were divided into low-BLCA (n = 85) and high -BLCA (n = 80) risk score groups to verify the predictive risk score model. The high-BLCA risk group’s samples had a poorer prognosis than the low-BLCA risk group’s samples (p=0.043; Figure 3B), indicating that the prognostic risk score model may reliably predict OS in BLCA. Only the risk score and clinical T stage were independent predictors of OS in multivariate analysis among the criteria linked to OS in univariate analysis, which included lymph node status, clinical stage, T stage, and risk score (Figures 3C, D). There was a strong link between PFS (progression-free survival) and risk score in the TCGA-BLCA cohort (p0.001; Figure 3E). To verify the predictive risk score model’s accuracy, a time-dependent ROC curve was drawn at 1, 3, and 5 years (Figure 3F). The AUC indicated that the risk score (AUC = 0.745) was more predictive of survival than age (AUC = 0.608), pathological stage (AUC = 0.674), clinical T stage (AUC = 0.658), and clinical N stage (AUC = 0.633; Figure 3G). We investigated the distribution of risk scores in matched samples by age, gender, grade, pathological stage, and AJCC TNM Classification of Malignant Tumors (TNM) stage. Although there were no significant associations between risk scores and gender, advanced pathological stages, or AJCC-T (tumor invasion) (Figures 3I, K, L), higher risk scores were associated with increased age (p=0.011; Figure 3H), grade (p<0.001; Figure 3J), AJCC-M (distal metastasis) (p = 0.011; Figure 3M), and AJCC-N (lymphoid metastasis) (Figure 3N).




Figure 3 | The estimation efficacy of the aliphatic acid metabolism score model in predicting BLCA patients’ survival status. (A, B) Comparison of OS in the training and test sets between low- BLCA and high- BLCA risk score groups. (C, D) The forest plot depicts the data of the TCGA data set univariate along with multivariate Cox regression.(E) Comparison of progress-free survival (PFS) in the TCGA cohort between low- BLCA and high-BLCA risk score groups. (F) The estimation potential of the risk score as determined by ROC curves in the 1,3,5-year TCGA cohort. The AUC values are 0.725, 0.724, and 0.745, respectively. (G) Receiver operating characteristic curves for the TCGA cohort’s aliphatic acid metabolism score along with clinico-pathological features. (H–N) The relationship of the risk score with clinicopathological characteristics, such as age (H), gender (I), grade (J), clinical stage (K), clinical T stage (L), clinical N stage (M), and clinical M stage (N).





The creation of a nomogram for survival prediction

For OS prediction in BLCA samples, a nomogram with integrated age, grade, pathological stage, clinical T stage, clinical M stage, gender, and clinical N stage, as well as a predictive risk score model, was built (Figure 4A). Calibration curves at one-year, three-years, as well as five-years exhibited that the nomogram successfully estimated the OS of CRC patients, as seen in Figures 4B. The AUC indicated that the nomogram (AUC = 0.807) was more predictive of survival than a single indication, such as risk (AUC = 0.773) or clinical stage (AUC = 0.674) (Figure 4C). Cox regression study, both univariate and multivariate, demonstrated that Nomogram is an independent prognostic predictor of BLCA (Figures 4D, E).




Figure 4 | The estimation potential of the aliphatic acid metabolism score in conjunction with clinicopathological features in patients from the TCGA cohort with regard to overall survival. (A) Nomogram for estimating OS in TCGA cohort participants. (B) The nomogram’s calibration plots. The x axis depicts expected survival, whereas the y axis designates the actual survival. (C) Receiver operating characteristic curves for the TCGA cohort’s aliphatic acid metabolism score, clinical pathological features, and nomogram. (D, E) Analysis of the nomogram using univariate coupled with multivariate Cox regression. *p < 0.05, ***p < 0.001.





Analyses of gene set variation (GSVA)

To investigate the biological behaviors of the two groups, GSVA enrichment was performed via the gene sets “c2.cp.kegg.v7.2” retrieved from the Molecular Signatures Database (MSigDB). The high-risk score enriched the majority of metabolic pathways, including aliphatic acid metabolism, and the majority of signaling pathways (Figure 5A). Additionally, individuals with TP53, TTN, KMT2D, MUC16, ARID1A, or KDM6A mutations had a nonsignificant risk value compared to those without the mutation. (See Figures 5B–G).




Figure 5 | GSVA and mutation analysis of a model of aliphatic acid metabolism. (A) Heatmap depicting the enrichment of GSVA in low- BLCA and high- BLCA risk score categories. (B–G) Differences in lipid metabolism score between several kinds of gene mutations, including TP53 mutation (B), TTN mutation (C), KMT2D status (D), MUC16 status (E), ARID1A status (F), and KDM6A status (B, G).





Chemotherapy reaction

Given the association of the risk score with dismal prognosis, the link of the risk score with chemoresistance was investigated. The halfmaximal inhibitory concentration (IC50) was used to estimate treatment response to several chemotherapeutic drugs in the TCGA cohort using the R package “pRRophetic”. Low-risk score samples were more susceptible to Vinorelbine, Tubastatin A, Sorafenib, and Pyrimethamine, which are more generally recommended for advanced BLCA treatment. Thapsigargin, Sunitinib, S-Trityl-L-cysteine, and Rapamycin were more sensitive to high-risk score samples, which were more generally recommended for treating terminal BLCA (Figures 6A–P).




Figure 6 | A model of aliphatic acid metabolism in the context of chemotherapy. The relationship between patient risk scores and predicted IC50 values, as well as the response variations between the low- BLCA and the high- BLCA risk score groups for several chemotherapeutic agents. (A–D) Vinorelbine, (E, F) Thapsigargin (G, H) Saracatinib, S-Trityl-L-cysteine (I, J), Sorafenib (K, L), Rapamycin (M, N), and Pyrimethamine (O, P).





Characteristics of the immune system in the low- BLCA and high- BLCA risk score groups

Additionally, individuals with the CMS1 phenotype who were immunotherapy candidates had higher BLCA risk scores (Figure 7A), demonstrating that quantifying the aliphatic acid metabolism risk score is an unique and robust biomarker for assessing prognosis along with clinical responsiveness to immunotherapy. The group was extremely densely infiltrated with immune-suppressive cells, including CD8 T cells, T cell follicular helper cells, T cell regulatory cells (Tregs), M2 macrophages, and activated dendritic cells, corresponding with the high- BLCA risk group’s survival disadvantage (Figure 7B). Additionally, para-inflammatory, APC co-inhibition, HLA, APC co-stimulation, CCR, check-point cytolytic activity, pro-inflammatory, T cell co-inhibition, along with T cell co-stimulation were activated in the high-risk group, showing that individuals with suppressed immunity may react to immunotherapy (Figure 7C).




Figure 7 | Model of aliphatic acid metabolism in relation to immunotherapy. (A) The difference in risk scores between CMS subtypes. (B) The difference in immune infiltration between high- BLCA risk and low- BLCA risk scores. (C) The difference in the known function linked with immune modulation between subjects with a high- BLCA risk score and those with a low- BLCA risk score. (D) Cytoscape-processed PPI network (red): DEGs with a high level of expression in the high- BLCA risk score group; blue: DEGs with a low level of expression in the low-BLCA risk score group. (E) cytoHubba’s top ten hub genes. *p < 0.05, **p < 0.01, ***p < 0.001.





Network of DEGs with protein-protein interactions (PPIs) in low- BLCA and high- BLCA risk score groups

The STRING online data resource was utilized to examine the DEGs’ expression patterns in low-BLCA and high- BLCA risk groups. Figure S2A illustrates how the PPI network was created utilizing the DEGs. The PPI network data were generated and visualized through the Cytoscape program. DEG interaction is given in Figure 7D, with upregulated genes in the high- BLCA risk score group highlighted in red and downregulated genes in the low-BLCA risk score group highlighted in blue. Cytoscape’s cytoHubba plug-in was adopted to deduce the hub genes from the DEGs. As seen in Figure 7E, a total of ten genes were chosen from the network. The degree approach was used to rank FN1, COL1A2, MMP9, COL3A1, SPP1, ITGAM, DCN, ACTA2, LOX, and CXCL12. The changes in gene expression between healthy and malignant tissues were then compared. To get a better understanding of the function of eight distinct hub genes, we carried out GO along with KEGG analyses using the R package “GOplot.” The genes were shown to be participate in organization of the extracellular matrix, cornification, extracellular structure organization, skin development, keratinization, epidermal cell differentiation, epidermis development, and keratinocyte differentiation (Figure 8A). According to KEGG, these genes were enriched in the following categories: Focal adhesion, ECM receptor cross talk, Proteoglycans in cancer, PPAR signaling cascade, Dilated cardiomyopathy, Arrhythmogenic right ventricular cardiomyopathy, Complement and coagulation cascades, and Hypertrophic cardiomyopathy (Figure 8B). We examine the top five HUB genes in this section. The survival study revealed a significant association between FN1, MMP9, COL1A2, COL3A1, and SPP1 mRNA expression of the hub genes and the prognosis of BLCA patients (Figures 8C, K; Figures S2A, S2C, S2E). Additionally, expression levels rise with increasing age, grade, clinical M stage, and clinical N stage (Figures 8D–J). The expression of FN1 was shown to be related with a bad prognosis. The difference in TME immune cell invasion between patients with high and low FN1 expression was investigated using the FN1 median expression potential as a threshold value. Tumors expressing high levels of FN1 demonstrated considerably greater infiltration of M2 macrophages, activated dendritic cells, follicular T cells, and M0 macrophages, than tumors expressing low levels of FN1 (Figure 8S). Also, the expression of MM9, COL1A2, COL3A1 and SPP1 was shown to be related with a bad prognosis (Figures 8K–R; Figure S3). The results of immune infiltration of MMP9, COL1A2, COL3A1 and SPP1 were showed in Figure 8T; Figures S2B, S2D, S2F. Additionally, we used the HPA database to explore the protein levels of these three genes. The findings indicated that BLCA tissues included significantly greater levels of FN1, MMP9, COL1A2, COL3A1, and SPP1 (Figures 9).




Figure 8 | Hub gene prognosis and immunological analysis. (A, B) GO along with KEGG enrichment analysis findings for hub genes. (E) Survival study of patients classified into subgroups based on FN1 mRNA expression. (D–J) The difference in FN1 mRNA expression between patients with various clinical features. (K) Survival analysis for patients classified into subgroups based on MMP9 mRNA expression. (L–R) The difference in MMP9 mRNA expression between distinct clinical features. (S–T) The number of cells invading the TME in patients with varying levels of FN1 and MMP9 mRNA expression. *p < 0.05, **p < 0.01, ***p < 0.001.






Figure 9 | Validation of hub gene protein expression levels.






Discussion

One of the hallmarks of cancer is metabolic re-programming, and each metabolic state has a unique molecular signature that reflects a varied prognosis (23). Alterations in food metabolism in tumor stroma are being recognized as a critical component of cancer-linked metabolic reprogramming (24). It is commonly accepted that several oncogenic mechanisms may trigger glucose metabolic reprogramming (25). The Myc protein acts as a critical regulator of metabolism, participating in metabolic re-programming processes for instance glucose and glutamine metabolic re-programming, as well as serine synthesis, all of which contribute to cancer cell proliferation (26). Over the past two decades, remarkable advancements have been achieved in diagnosing and treating BLCA. While the majority of bladder cancers are non-muscle invasive upon diagnosis, the high relapse rate and risk of progression to invasive disease need periodic surveillance cystoscopy, resulting to bladder cancer being one of the most costly types of cancer to treat (27). Relapse of bladder cancer, emergence of resistance to drugs, along with a high rate of disease progression are significant obstacles to bladder cancer treatment, underscoring the fundamental need for the identification of novel biomarkers in the clinical diagnosis along with treatment of bladder cancer (28). This is the first research to investigate the link between genes involved in aliphatic acid metabolism and BLCA. Cox regression with univariate LASSO and Cox regression with univariate Cox Using 90 differentially expressed aliphatic acid metabolism-linked genes from TCGA and GEO tumor and normal BLCA tissue samples, we created a predictive risk score model. To get a better comprehension of the involvement of these genes in BLCA, we employed a predictive risk score model to estimate OS in the training set of BLCA patients. There were disparities in survival between patients with a low-risk BLCA score and those with a high-risk BLCA score. In the test set, the same result was obtained, exhibiting that the predictive risk score model is capable of identifying individuals at risk of poor survival. In multivariable analysis, the predictive risk score model was revealed as the independent predictive factor. Additionally, the predictive ability of the predictive risk score model was enhanced by including a few chosen clinicopathological characteristics into a risk-assessment nomogram. To get a better understanding of the predictive risk score model’s involvement in BLCA, we compared the responsiveness of patients with low- and high-risk ratings to pharmacological therapy. As previously reported, the risk score was favorably related with chemoresistance to various chemotherapeutic treatments. Patients harboring higher risk scores in the BLCA group had a shorter PFS, showing that the aliphatic acid predictive risk score model may be used to tailor BLCA therapy to individual patients. Patients harboring a high-risk score had a strong activation state of the stroma, indicating chemoresistance. It was thought that individuals with a high-risk score would not benefit from immunotherapy due to the development of chemoresistance. As a result, it is critical to identify immunotherapy candidates in clinical practice. Patients with a high-risk score had a higher concentration of inhibitory immune cells, such as Tregs and others, as well as immune-inflamed cells. Additionally, individuals with a high-risk score had activation of check-point cytolytic activity, PC co-inhibition, CCR, HLA, pro-inflammatory, para-inflammatory, APC co-stimulation, T cell co-inhibition, and T cell co-stimulation, suggesting that they are immunotherapy candidates. Due to the significant disparities in risk scores between the low-risk and high-risk groups, the distinct genes in the two groups were further investigated.

FN1 is a glycoprotein present in the extracellular matrix, as well as on the cell surface that stimulates cell adhesion along with migration, both of which are important in the onset and progress of cancer (29). In oral squamous cell carcinoma, upregulated FN1 was linked to a dismal prognosis and resulted in lymphangiogenesis, along with lymph node metastases (30). Overexpression of the FN1 gene has been implicated as a significant predictor of thyroid cancer aggressiveness and has also been shown in gastrointestinal carcinoma, renal carcinoma, hepatocellular carcinoma, and head/neck cancer (30, 31). MMP9 is a matrix metalloproteinase that aids cancer infiltration, metastasis, as well as angiogenesis (32). In tongue squamous cell carcinoma, MMP9 expression is elevated in neoplastic cells along the infiltration front, and MMP9 expression in histologically negative surgical margins of oral squamous cell carcinoma (OSCC) is a predictor of tumor recurrence (33). MMP9 overexpression is required for the advancement of a variety of tumor kinds, consisting of esophageal squamous cell carcinoma, bladder cancer, and intrahepatic cholangiocarcinoma (34). COL3A1, the extracellular matrix gene, which was first identified as a cause of autosomal dominant Ehlers-Danlos disease, was subsequently reported to be dramatically changed in individuals with melanoma (35). COL3A1 expression is related with a worse OS rate in patients with epithelial ovarian cancer in four primary tissue types (36). COL3A1 has been found to be over-expressed in a range of cancers, such as bladder cancer, glioblastoma, and gastric cancer, in addition to its normal expression in connective tissues (37). Collagen factors COL1A1, COL1A2, and COL3A1 were often implicated in carcinogenesis or metastasis in a variety of tumor types, for instance breast cancer, gastric cancer, and cervical cancer (38). The molecules controlled by COL1A2 are also related with cellular behaviors, as well as signaling cascades in CRC, which may be a significant factor in the high rate of relapse and dismal prognosis seen in individuals with CRC with reduced COL1A2 expression (39). SPP1 is over-expressed in a variety of malignant neoplasms, consisting of medullary thyroid cancer, HCC, as well as colorectal cancer, and is involved in metastasis and tumorigenesis (40). SPP1 acts as a CD44 ligand in glioma, promoting the production of the oncogene EPAS-1 and aggresive glioma development. SPP1 expression is related with poor survival in colorectal cancer patients with positive venous invasion and advanced TNM stage (41). Further research, however, will be necessary to determine the therapeutic use of these five hub genes in human bladder cancer. In this study, transcriptome profiling associated with aliphatic acid metabolism was carefully examined, and a risk-predictive signature based on survival and genes associated with aliphatic acid metabolism in BLCA patients was developed. However, there are still a few limitations that should be taken into account when interpreting the findings. The included genes were identified using information about their involvement in the illness’ development that was already known, but prospective data are needed to prove their clinical importance. In order to determine whether the signature has any potential therapeutic applications, independent external validation is still required. The signature was produced and confirmed using retrospective datasets that were made accessible to the public.



Conclusions

The aliphatic acid predictive risk score model may be utilized to decipher the patterns of aliphatic acid metabolism. Individuals may be classified using the risk score based on their clinicopathological characteristics, such as clinical stage and molecular subtype. Additionally, the risk score is related to patient prognosis and may be used to forecast therapy sensitivity. As a result, clinical practice may be more effectively guided by risk score and clinical stage, resulting in a more tailored approach to clinical follow-up. These results provide a unique, efficient, as well as accurate prognosis and response prediction model for chemotherapy and immunotherapy, paving the path for future tailored cancer chemotherapy and immunotherapy.
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Introduction

Cystoscopy is the standard methodology for diagnosis of bladder cancer (BC), but it is invasive and relatively expensive. Previous studies have found that urinary exosomal long non-coding RNAs (lncRNAs) may act as potential noninvasive biomarkers for diagnosis. Here we identified urinary exosomal lncRNAs that are differentially expressed between BC and controls, and established a panel for diagnosis of BC.



Methods

We performed RNA sequencing in urinary exosomes of 7 controls and 7 patients, subsequently the differentially expressed lncRNAs were detected in training cohort (50 controls and 50 patients) and validation cohort (43 controls and 43 patients). The diagnostic power of lncRNAs for BC was calculated by the area under curve (AUC). The panel for diagnosis of BC was calculated by logistic regression.



Results

The results of RNA sequencing in urinary exosomes showed that 240 upregulated lncRNAs and 275 downregulated lncRNAs were differentially expressed. The levels of MKLN1-AS, TALAM1, TTN-AS1 and UCA1 in BC patients were higher than that in controls in the training and validation cohort by real-time PCR. Using logistic regression, with the combination of these four lncRNAs and NMP22, we identified a panel of five parameters capable of classifying BC patients versus controls on the basis of the training cohort (AUC=0.850). Moreover, the performance of the panel exhibited better performance than either single parameter in the validation cohort.



Conclusion

Collectively, this study confirmed the diagnostic value of lncRNAs for BC by high-throughout urinary exosomal RNA sequencing.
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Introduction

Bladder cancer (BC) is the tenth common diagnosed cancer worldwide (3% of total cases). In man, it is the sixth common diagnosed cancer (4.4% of total cases) and ninth leading cause of cancer death (2.9% of total cases) (1). On average, approximately 70% of bladder cancers (Ta, T1 and CIS) are classified as non-muscle invasive bladder cancer (NMIBC) at diagnosis, and the remainders are defined as muscle invasive bladder cancer (MIBC) (2). In patients of NMIBC at low risk, the 5-year progression free survival rate is 93% (3), whereas in patients of metastatic MIBC, the 5-year relative survival is 5% (distant) to 36% (regional) (4). Therefore, it is important to identify the biomarker for early diagnosis of BC.

Cystoscopy is the standard methodology for diagnosis of BC, but it is invasive and relatively expensive (5). Urine cytology has a sensitivity of 84% in high-grade tumors, but low sensitivity (16%) in low-grade tumors (6). In a recent meta-analysis, the pooled sensitivity and specificity was reported as 0.42 (0.36–0.48) and 1 (0.98–1), respectively (7). Additionally, some biomarkers, such as bladder tumor antigen (BTA), nuclear matrix protein 22 (NMP22) and UroVysion FISH (8–10) are currently commercially available, however wide use of these assays in clinical practice does not seem to have happened due to the lack of diagnostic specificity and sensitivity.

Extracellular vesicles (EVs) can be released by a wide variety of cells as part of their normal physiology and during acquired abnormalities, and exosomes are EVs with a size range of 40 to 160nm in diameter with an endosomal origin (11). Exosomes are initially thought to be a way for cells to excrete waste, however, it has been found that exosomes participate in a variety of physiological and pathological processes such as immune response, antigen presentation, cell differentiation, tumor invasion and so on. Exosomes contain many substances including lipids, nucleic acids and proteins, and the types of nucleic acids include microRNA, rRNA, DNA, lncRNA and so on. Among these bioactive compositions, noncoding RNAs (ncRNAs) are enriched and stable in exosomes, and have drawn much attention about their important roles in cancer development and potential application over the past few years (12). LncRNA is a class of RNA molecules greater than 200nt in length and lacking protein-coding function (13, 14). Moreover, the exosomal membrane can protect lncRNAs from being degraded, and their excellent stability makes exosomal lncRNAs ideal biomarkers for tumor diagnosis (15).

Previous studies found the expression profiles of lncRNAs were significantly different between BC tissues and adjacent normal tissues, which confirmed that lncRNAs could be used as tumor markers for screening BC (16, 17). Duan’s study found that lncRNA was detectable in the serum of BC patients and identified a three-lncRNAs panel for BC diagnosis (18). Beckham’s study confirmed that BC cells released exosomes into urine and lncRNA was stable in exosomes (19). Berrondod’s study found that urinary exosomes from patients with high-grade muscle-invasive urothelial BC (pT2-pT4) disease were enriched in lncRNA HYMA1, LINC00477, LOC100506688 and OTX2-AS1 by RNA-sequencing urinary exosomes from 8 patients and 3 controls, however it lacked the diagnostic performance analysis of these lncRNAs in BC (20). Therefore urinary exosomal lncRNAs showed significant potential as noninvasive biomarkers for diagnosis. Here we identified urinary exosomal lncRNAs that were differentially expressed in BC by RNA sequencing, and established a panel for diagnosis of BC.



Methods


Study design and subjects

A total of 100 patients of BC and 100 healthy controls who visited Xin Hua Hospital, Shanghai Jiao Tong University School of Medicine from May 2019 to November 2021 for medical inspection were recruited into this study. Patients with BC were diagnosed pathologically and didn’t undergo surgery, radiotherapy or chemotherapy before urine collection. The staging system to stratify patients of BC is the 2002 UICC TNM classification system, and WHO 2004 grading system is used to classify high-grade vs low-grade disease. Controls who received physical examination were selected with similar age and gender proportions to the patients of BC, and they were chosen to ensure they had no history of cancer. All the participants were randomly divided into three cohorts (screening, training and validation cohorts). The study was approved by Xinhua Hospital Ethics Committee. Informed consents were obtained from the participants.



Urine process

Morning urine of the participants was processed within 4 hours after voiding. We centrifuged urine at 1000rpm for 10 minutes, followed by 2500rpm for 10 minutes to remove any residual debris or bacterial cells. The supernatant was transferred to fresh tubes and stored at -80°C.



Western blot

Western Blot was performed to verify three markers (HSP70, CD63 and CD81) to confirm successful exosome isolation. Exosomal proteins were isolated according to the instruction of Urine Exosome RNA Isolation Kit (47200, Norgen Biotek, Canada), and 80μl of Cell lysis buffer for Western and IP (P0013, Beyotime, China) and 20μl 5×SDS-PAGE Sample Loading Buffer (P0015, Beyotime, China) were used to resolve exosomal proteins. The mixtures containing exosomal proteins (approximately 20 μl total volume) were heated to 100°C on thermocycler for 5 minutes to fully denature the proteins. The process of western blot was performed according to the standard steps and the PVDF membranes were incubated with primary antibody anti-HSP70 antibody, anti-CD9 antibody and anti-CD81 antibody (EXOAB-KIT-1, SBI, USA) at 4°C overnight and subsequently with goat anti-rabbit IgG H&L secondary antibody (ab175773, Abcam, UK) at room temperature for one hour. The fluorescence detection was performed on the the Li-COR Odyssey Infrared Imaging System (Li-COR Biosciences, USA).



Transmission electron microscopy

Extracted exosomes were resuspended in 2% PFA, and subsequently 5μl exosome suspension was added to the Cu grid coated with carbon-Formvar. Finally, Cu grid was placed on a 50μl uranium dioxate droplet of ph 7 for 5 minutes and a 50 μl methyl cellulose droplet for 10 minutes. The morphology and size of the exosomes were imaged by the JEM-1230 transmission electron microscope (JEOL, USA).



Nanoparticle tracking analysis

NTA was used to measure the exosome particle size and concentration using ZetaView PMX 110 (Particle Metrix, Germany) and the software ZetaView 8.04.02. The ZetaView system was calibrated by polystyrene particles (110 nm). Exosome samples were diluted in 1× PBS buffer and analyzed at 11 positions.



Isolation of RNA

The 50ml supernatant was enriched to 10ml by using Amicon Ultra 15ML 3K Nmwl (UFC900396, Merck Millipore, Germany). Then total RNA was isolated from above 10ml supernatant by using Urine Exosome RNA Isolation Kit according to the manufacturer’s specifications. This kit provided a spin column procedure for the purification of exosomes and the subsequent isolation of exosomal RNA from urine samples.



RNA sequencing

The ribosomal RNA was firstly removed from the extracted total RNA using the RNase H reagents. After the magnetic beads purified the reaction product, the RNA was fragmented into small pieces by divalent cations for a period of time at appropriate temperature. Subsequently, random primers and reverse transcriptase from the MGIEasy RNA Directional Library Prep Kit were added to the interrupted samples to synthesize the first strand cDNA, and then the second strand cDNA with the dUTP was synthesized by DNA Polymerase I and Rnase H. The cDNA product was subsequently added with a single “A” base and ligated with the adapter. The ligation product was amplified, and the PCR product was thermally denatured into single chains, then a single stranded circular DNA library was obtained by single strand DNA circularization with a bridge primer. The distribution of the library fragments size was detected using the Agilent 2100 bioanalyzer, while the library concentration was quantified using real-time quantitative PCR (TaqMan Probe). The qualified libraries were sequenced on the BGISEQ-500/MGISEQ-2000 System (BGI-Shenzhen, China).



Reverse transcription-polymerase chain reaction

Total RNA was reverse-transcribed using PrimeScript™ RT reagent Kit (RR037A, Takara, China) in a total volume of 120μl with the following components: 5×PrimeScript Buffer (for Real Time), PrimeScriptRT Enzyme Mix I, Oligo dT Prime (50uM), Random 6 mers (100uM), Total RNA. The RT mixture was incubated at 37°C for 15 minutes, inactivated at 85°C for 5 seconds, and held at 4°C. Real-time PCR was performed using SYBR Premix Ex Taq II (RR820A, Takara, China) in a total volume of 10μl with the following components: SYBR Premix Ex Taq II, PCR forward primer, PCR Reverse Primer, ROX Reference Dye, cDNA and dH2O. The real-time PCR was performed at 95°C for 30 seconds, followed by 95°C for 5 seconds, 60°C for 34 seconds and 95°C for 15 seconds, 60°C for 60 seconds. All tests were performed in triplicate.



Statistical analysis

Comparisons of age were performed by independent t-test and comparisons of gene expressions were performed by non-parametric Mann-Whitney test. Receiver operator characteristic (ROC) curves were generated by changing the thresholds. For each potential threshold, sensitivity, specificity, positive likelihood ratio (PLR) and negative likelihood ratio(NLR) were calculated. Based on the Youden index analysis, we selected the value providing the best tradeoff between sensitivity and specificity. ROC curves were used to evaluate the diagnostic value of single parameter or combinations of different parameters for BC. The diagnostic power was calculated by the area under curve (AUC). The panel of several parameters was calculated by logistic regression. GAPDH was used as housekeeping genes, and 2-ΔΔct was used for relatively quantitation of different expression level. The prognostic value of lncRNAs in BC was analyzed in TCGA by using an online tool GEPIA2. The value of P<0.05 was considered statistically significant. The “limma” package of R (4.1.0, The R Project for Statistical Computing) was employed to calculate the RNA sequencing data. Other statistical analyses were performed using MedCalc 20 (MedCalc Software, Belgium) and GraphPad Prism 9 (GraphPad Software, USA).




Results


Baseline characteristics

The study consisted of screening, training and validation cohorts, and clinical parameters were summarized in Table 1. There was no significant age and sex difference between controls and patients in three cohorts (all P>0.05). Ta, T1 and CIS were classified as NMIBC, whereas T2,T3 and T4 were classified as MIBC.


Table 1 | Clinical characteristics of participants in screening, training and validation cohorts.





Characterization of exosomes

Western blot analysis revealed several typical exosomal markers such as HSP701, CD63 and CD81, which were found in urinary exosomes but not in exosome-depleted urine supernatant (Figure 1A). TEM demonstrated an acceptable isolation according to the cup-shape morphology and size range (Figure 1B). NTA was performed to detect the size distribution of the exosomes, and the results showed similar size ranges of particles with TEM (Figure 1C).




Figure 1 | Characterization of exosomes. (A) Transmission electron microscopy (TEM) of exosomes (B) Western blot for HSP70, CD63 and CD81 in two exosomes and two negative controls (C) the exosome particle size and concentration measured by nanoparticle tracking analysis (NTA).





RNA sequencing

RNA sequencing was performed in urinary exosomes of 7 controls and 7 patients, and a total of 9247 lncRNAs were observed. Among them, 240 upregulated lncRNAs and 275 downregulated lncRNAs were differentially expressed (/log2fold change(log2FC)/>1). 13 most significantly upregulated lncRNAs (LINC02001, MKLN1-AS, ZBED3-AS1, LINC01612, FLJ22447, HORMAD2-AS1, GRM7-AS3, LOC105371240, DNMBP-AS1, TALAM1, TTN-AS1, UCA1 and ITGA9-AS1) and 13 most significantly downregulated lncRNAs (TP53TG1, INO80B-WBP1, LOC102724902, IDI2-AS1, LOC107985976, LOC105379549, GATA2-AS1, LOC105372310, LOC101929572, LOC105370333, LINC01510, LOC100507412 and CTC-338M12.4) were selected for further analysis. The log2FC and primers of these lncRNAs and GAPDH were listed in Table S1.



Real-time PCR

These 26 lncRNAs were detected in 23 controls and 23 patients. Only the significantly differentially expressed lncRNAs were selected to be analyzed in another cohort. Then four lncRNAs were further detected in another cohort of 27 controls and 27 patients. The levels of MKLN1-AS, TALAM1, TTN-AS1 and UCA1 in patients were higher than that in controls (all P<0.0001, Figure 2). Subsequently, ROC curve was performed to confirm the capacity of these lncRNAs to distinguish patients of BC from controls. For MKLN1-AS, TALAM1, TTN-AS1 and UCA1, the AUC was 0.773 (0.679-0.851), 0.770 (0.675-0.848), 0.800 (0.709-0.874), 0.813(0.723-0.884) with a sensitivity of 92%, 96%, 94%, 92% and a specificity of 52%, 48%, 52%, 56%, respectively (Figures 3A–D and Table S2).




Figure 2 | Relative expressions of lncRNAs in the training and validation cohorts. (A) MKLN1 in the training cohort (B) TALAM1 in the training cohort (C) TTN-AS1 in the training cohort (D) UCA1 in the training cohort (E) MKLN1 in the validation cohort (F) TALAM1 in the validation cohort (G) TTN-AS1 in the validation cohort (H) UCA1 in the validation cohort.






Figure 3 | ROC curve analysis of lncRNAs for the diagnosis of bladder cancer from controls. (A) MKLN1 in the training cohort, AUC=0.773 (B) TALAM1 in the training cohort, AUC=0.770 (C) TTN-AS1 in the training cohort, AUC=0.800 (D) UCA1 in the training cohort, AUC=0.813 (E) MKLN1 in the validation cohort, AUC=0.798 (F)TALAM1 in the validation cohort, AUC=0.752 (G)TTN-AS1 in the validation cohort, AUC=0.808 (H)UCA1 in the validation cohort, AUC=0.759.



In the validation, the four lncRNAs were detected for further analysis by real-time PCR in 43 controls and 43 patients. For MKLN1-AS, TALAM1, TTN-AS1 and UCA1, the AUC was 0.798 (0.697-0.877), 0.752 (0.647-0.839), 0.808 (0.709-0.885), 0.759 (0.655-0.845), with a sensitivity of 79.07%, 90.7%,76.74%, 90.7% and a specificity of 67.44%, 55.81%, 76.74%, 90.7%, respectively (Figures 3E–H and Table S3).



NMP 22

NMP 22 is an abundant component of the nuclear matrix proteins, which may exist in urine of persons with risk factors or symptoms of BC or with a history of bladder cancer. All participants included in the study were tested for NMP22 as well. The AUC of NMP22 for the diagnosis of BC was 0.650 (0.548-0.743), 0.698 (0.589-0.792) with a sensitivity of 42%, 48.84% and a specificity of 88%, 90.7% in the training and validation cohort, respectively (Figure S1).



Establishment of the panel

Using logistic regression, with the combination of these four lncRNAs and NMP22, we identified a panel of five parameters (MKLN1-AS, TALAM1, TTN-AS1, UCA1 and NMP22) capable of classifying patients versus controls on the basis of the training cohort. The predictive probability was calculated using the following equation: logit(P)=-1.0756-0.0837*(MKLN1-AS)+0.0056*(TALAM1)+0.0822*(TTN-AS1)+0.0735*(UCA1)+1.3699*(NMP22). The AUC of the panel was 0.850 (0.764-0.913) with a sensitivity of 72% and a specificity of 82% (Figure 4A and Table S4), which exhibited better performance than either single parameter.




Figure 4 | ROC curve analysis of the panel for the diagnosis of bladder cancer from controls. (A) The panel in the training cohort, AUC=0.850 (B) The panel in the validation cohort, AUC=0.823 (C) The panel for the diagnosis of NMIBC from controls, AUC=0.802 (D) The panel for the diagnosis of MIBC from controls, AUC=0.881 (E) The panel for the diagnosis of low grade bladder cancer from controls, AUC=0.768 (F) The panel for the diagnosis of high grade bladder cancer from controls, AUC=0.850.





Validation of the panel

The parameters extracted from the training set were used to predict the probability of classifying patients versus controls. ROC analysis was performed to evaluate the performance of the panel in the validation cohort. Similarly, the AUC was 0.823 (0.726-0.897) with a sensitivity of 86.05% and a specificity of 65.12% (Figure 4B), which exhibited better performance than either single parameter in the validation cohort. Furthermore, we evaluated the performance of the panel in different subgroups of all participants. The AUC of the panel was 0.802 (0.730-0.861) with a sensitivity of 73.77% and a specificity of 74.19% when classifying Ta-T1 patients versus controls (Figure 4C). Meanwhile, the AUC of the panel was 0.881 (0.811-0.932) with a sensitivity of 78.12% and a specificity of 84.95% when classifying T2-T4 patients versus controls (Figure 4D). Subsequently, the AUC of the panel was 0.768 (0.681-0.841) with a sensitivity of 95.83% and a specificity of 50.54% when classifying low grade patients versus controls (Figure 4E). Furthermore, the AUC of the panel was 0.850 (0.786-0.901) with a sensitivity of 82.61% and a specificity of 74.19% when classifying high grade patients versus controls (Figure 4F).



The prognostic value of lncRNAs

To further investigate the prognostic value of above lncRNAs, we analyzed related data of TCGA by using an online tool GEPIA2. The results showed high MKLN1-AS group was associated with a poorer overall survival (OS) compared with low MKLN1-AS group (Figure 5A). Meanwhile, there was no significant correlation between OS and TTN-AS1 or UCA1 (Figures 5B, C). Furthermore, high TTN-AS1 group was associated with a poorer DFS (disease free survival) compared with low TTN-AS1 group (Figure 5E). Meanwhile, there was no significant correlation between these DFS and MKLN1-AS or UCA1 (Figure 5D, F). The TALAM1-related data was not found in the database.




Figure 5 | Survival analysis of lncRNAs in bladder cancer was analyzed by using an online tool GEPIA. (A) MKLN1-AS for overall survival (OS) (B) TTN-AS1 for OS (C)UCA1 for OS (D) MKLN1-AS for disease free survival(DFS) (E) TTN-AS1 for DFS (F) UCA1 for DFS.





The correlations between clinical parameters and lncRNAs

The relationships between four lncRNAs and clinical parameters were further explored in the whole cohorts. Significant correlations were found between tumor stage and two lncRNAs (MKLN1-AS and UCA1), whereas no significant correlation was found between tumor stage and TALAM1 or TTN-AS1 (Table 2). We next evaluated the relationship between tumor grade and these lncRNAs, and found no significant correlation (all P>0.05). Meanwhile, there was no significant correlation between these five lncRNAs and sex or age.


Table 2 | The correlations between clinical parameters and lncRNAs.






Discussion

In this study, we performed high-throughout sequencing in the screening cohort and found 240 upregulated lncRNAs and 275 downregulated lncRNAs were differentially expressed. 13 most significantly differentially upregulated lncRNAs and 13 most significantly differentially downregulated lncRNAs were selected for further analysis. Subsequently, we found four lncRNAs (MKLN1-AS, TALAM1, TTN-AS1 and UCA1) were significantly higher in BC than in controls in the training and validation cohort.

Urothelial carcinoma associated 1 (UCA1) was firstly reported in the tissue and urine in 2006 and the results showed that UCA1 was highly specific and sensitive in the diagnosis of BC (21). UCA1 was involved in BC progression through the activation of the oncogenic PI3K-AKT-mTOR pathway, positively regulating glutaminase 2 (GLS2) expression, upregulating expression of high mobility group protein B1 (HMGB1) and downregulating p21 expression (22). Yazarlou et al. found urinary exosomal LINC00355, UCA1-203 and MALAT1 were significantly higher in BC compared to controls, whereas UCA1-201 was significantly decreased, and discovered a panel of these lncRNAs for the diagnosis of BC (23).

Some previous studies also focused on the diagnostic value of urinary exosomal lncRNAs for BC by RNA sequencing. For instance, Huang et al. conducted RNA sequencing of BC tissue, selected differential lncRNAs between tumor tissues and normal tissues for further analysis, and finally demonstrated the urinary exosomal mRNAs and lncRNAs (MIR205HG and GAS5) panel exhibited a good performance in the diagnosis of BC (24). However, to our known, we investigated the diagnostic value of TTN-AS1, MKLN1-AS and TALAM1 for BC by high-throughout urinary exosomal RNA sequencing for the first time.

TTN-AS1 is a lncRNA that binds to titin mRNA and has pro-oncogenic effects in many cancers. Overexpression of TTN-AS1 correlates with poor prognosis in different cancers (25). For instance, TTN-AS1 promoted proliferation and invasion of breast cancer cells by interaction with the miR-139-5p/ZEB1 axis (26). Recent studies reported knocking down TTN-AS1 resulted in inhibiting the ability of proliferation and invasion of BC cells, which supported TTN-AS1 as a biomarker for BC (27). However, the diagnostic role of TTN-AS1 in BC had not been reported.

MKLN1-AS was reported to aggravate hepatocellular carcinoma progression by functioning as a molecular sponge for miR-654-3p, thereby promoting hepatoma-derived growth factor expression (28). In another study, MKLN1-AS intensified proliferation, migration and invasion of hepatocellular carcinoma cells via YAP1 (29). However, the diagnostic role of MKLN1-AS in BC had not been reported.

Down-regulation of TALAM1 was shown to greatly impact on the capacity of breast cancer cells to migrate in vitro or to populate the lungs of immunocompromised mice (30). TALAM1 is a broadly expressed natural antisense transcript at the MALAT1 locus, and positively regulates MALAT1 levels by promoting the 3’ end cleavage and maturation of MALAT1 (31). A panel consisting of three lncRNAs (MALAT1, PCAT-1 and SPRY4-IT1) which had been reported to play functional roles in tumorigenesis possessed considerable clinical value in the diagnosis (15), whereas the diagnostic role of TALAM1 in BC had not been reported.

NMP 22 Bladder Check Test is based on the detection of a nuclear mitotic apparatus protein which is secreted from dead cells. The AUC of the traditional biomarker was 0.650 with a sensitivity of 42% and a specificity of 88%, which was similar with the results of previous studies (32). Therefore, considering its weak performance, we combined it with four lncRNAs and found a panel of five parameters with good performance (AUC=0.850). The performance of the panel in the validation was similarly with the results in the training cohort.

In the subgroup, the diagnostic value of the panel was still satisfactory for NMIBC (AUC= 0.802), which meant the early diagnosis and a better prognosis of BC. For the MIBC, the diagnostic value of the panel was excellent (AUC=0.881). In addition, we investigated the correlations between clinical parameters and four lncRNAs. We found significant correlations were found between tumor stage and two lncRNAs (MKLN1-AS and UCA1), which indicated the level of two lncRNAs could reflect the cancer severity and play a role in the prognostic value for BC. But when we evaluated the relationship between tumor grade and these lncRNAs, no significant correlation was observed. To some extent, this was due to fewer low grade BC patients included in our study.

There are limitations to this study. Firstly, our study discovered four BC-related lncRNAs. UCA1 was reported to involve in BC progression through a few pathways and act as a diagnostic biomarker for BC. However, MKLN1, TALAM1 and TTN-AS1 was still needed to be studied for the mechanism of involvement in BC progression and the diagnostic value in BC. Secondly, significant correlations were found between tumor stage and two lncRNAs (MKLN1-AS and UCA1), which tentatively revealed the relationship between lncRNAs and the degree of the disease. Further large cohort studies are still needed to confirm the relationship between urinary exosomal lncRNAs and prognosis of BC. Thirdly, this is a single-center study, and further large multi-center studies are needed to evaluate the diagnostic value of urinary exosomal lncRNAs in BC.



Conclusion

Collectively, the levels of MKLN1-AS, TALAM1, TTN-AS1 and UCA1 in patients were higher than that in controls. Hence we identified a panel consisting of MKLN1-AS, TALAM1, TTN-AS1, UCA1 and NMP22, which exhibited good performance for the diagnosis of BC from controls. Further large cohort studies are necessary to evaluate the prognostic value of these lncRNAs in BC.
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Extracellular vesicles (EVs) derived from urine are promising tools for the diagnosis of urogenital cancers. Urinary EVs (uEVs) are considered potential biomarkers for bladder cancer (BC) because urine is in direct contact with the BC tumor microenvironment and thus reflects the current state of the disease. However, challenges associated with the effective isolation and analysis of uEVs complicate the clinical detection of uEV-associated protein biomarkers. Herein, we identified uEV-derived alpha-2-macroglobulin (a2M) as a novel diagnostic biomarker for BC through comparative analysis of uEVs obtained from patients with BC pre- and post-operation using an antibody array. Furthermore, enzyme-linked immunosorbent assay of uEVs isolated from patients with BC (n=60) and non-cancer control subjects (n=23) validated the significant upregulation of a2M expression in patient uEVs (p<0.0001). There was no significant difference in whole urine a2M levels between patients with BC and controls (p=0.317). We observed that compared to classical differential centrifugation, ExoDisc, a centrifugal microfluidic tangential flow filtration device, was a significantly more effective separation method for uEV protein analysis. We expect that our approach for EV analysis will provide an efficient route for the identification of clinically meaningful uEV-based biomarkers for cancer diagnosis.
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Introduction

Bladder cancer (BC) is the second most common genitourinary tract malignancy worldwide (1). Currently, BC is diagnosed via cystoscopy and urine cytology. However, cystoscopy is invasive as well as painful (2), and it may overlook carcinoma-in-situ or flat lesions (3). While urine cytology is non-invasive, it has low sensitivity, especially for low-stage/low-grade BC (4). To overcome the limitations of current diagnostic approaches, novel urine-derived BC biomarkers have been identified (4, 5). However, none of these have exhibited superior diagnostic accuracy when compared to cystoscopy and urine cytology.

Extracellular vesicles (EVs) are membrane-bound organelles secreted by cells and contain different types of molecular cargo (e.g., RNA, proteins, and metabolites) (6). EVs are released into the extracellular space and can be found in various types of bodily fluids, including the blood, urine, cerebrospinal fluid, and saliva. As mediators of intercellular communication, EVs regulate a wide range physiological responses and pathological processes (7, 8). Cancer cells secrete more EVs than normal, and tumor cell-derived EVs are involved in cancer progression (9, 10). Since EVs isolated from urological cancers contain cancer-specific proteins and nucleic acids, they may hold potential as cancer biomarkers, allowing for the non-invasive diagnosis and monitoring of urological malignancies (11–15). Following the discovery of urinary EVs (uEVs) in human urine in 2004 (16), several studies have been performed for the identification of uEV biomarkers in various renal, urogenital, and systemic diseases (17, 18).

In theory, since urine is in direct contact with the urothelium, uEVs may reflect the status of the latter, carrying the molecular cargo derived from urothelial cells and thus indicating the presence or absence of BC. Several previous studies have suggested the potential of uEV-based markers for BC diagnosis. For example, a previous study reported that EGF-like repeat and discoidin I-like domain 3 levels from uEVs of patients with high-grade BC were significantly higher than those from the uEVs of healthy controls (19), and uEV-derived periostin was associated with the prognosis of muscle-invasive BC (20). Other studies have suggested the potential of uEV-derived lncRNA (HOX transcript antisense RNA) (21) and miRNA as biomarkers in BC (22).

Although uEVs hold promise for BC diagnosis, only a few studies have clinically validated uEV markers. In order to identify clinically accurate uEV-derived protein biomarkers for BC, we integrated a number of approaches for comprehensive EV analysis. First, we employed uEV isolation via ExoDisc, a centrifugal microfluidic tangential flow filtration system, in order to obtain sufficient uEV-derived protein (23, 24). We subjected uEVs from BC patients to antibody array-based proteome analysis, as opposed to analyzing the culture medium from BC cell lines, as mostly done in previous related studies (19–22). Further, we compared pre- and post-operative uEV proteomes of the same patients in order to avoid the inter-individual variability among urine specimens reported in previous studies (25–27). Finally, we validated the putative diagnostic biomarker in a real BC patient cohort. The combination of these approaches represents a practical approach for the discovery of novel uEV biomarkers for non-invasive BC diagnosis.

Alpha-2-macroglobulin (a2M) is a large protein found in the blood. Its elevated levels are seen in clinical conditions such as chronic liver disease, inflammatory joint diseases, multiple sclerosis, and nephrotic syndrome. Decreased levels are seen in rheumatoid arthritis in women (28). However, changes of the a2M in EVs have not been studied much in diseases yet. In this study, to the best of our knowledge, a2M in uEVs was identified as a biomarker in bladder cancer for the first time.



Materials and methods


Human samples and data collection

Urine samples were obtained from study participants at Eulji University Hospital (Daejeon, Republic of Korea) between July 2018 and October 2020. In collecting BC urine samples, no predefined selection criteria were present. If the patients agreed to urine sample collection and provided informed consent to the study protocol, urine samples of them were obtained and stored in the biobank of our hospital. To identify optimal EV isolation methods, urine samples from one non-cancer control and one BC patient were collected. Further, in order to screen candidate uEV protein biomarkers, pre- and post-operative urine samples from four BC patients (two high-grade, two low-grade; total eight samples) were analyzed using an antibody array. Moreover, to assess the potential of several candidate uEV protein biomarkers as a BC diagnostic marker, urine samples of 20 BC patients and 10 non-cancer controls collected at an early stage of the study (July 2018 to March 2019) were used for a pilot test using an enzyme-linked immunosorbent assay (ELISA). Finally, 83 urine samples (23 non-cancer control, 28 low-grade BC, 32 high-grade BC) were collected to validate the diagnostic value of the selected uEV protein biomarker through ELISA for the final study. First-morning urine samples of control or BC patients were obtained before transurethral resection as well as at the post-operative 3-month follow-up cystoscopy. Supernatants were separated from urine samples through centrifugation at 2,000 g for 10 min, filtered through a 0.8 μm syringe filter, and immediately stored at -80°C until use (29). For non-cancer controls, urine samples were collected at the outpatient clinic and processed in the same manner. BC was staged based on the 2010 TNM staging system (30) and graded according to the 2004 World Health Organization grading system (31). Procedures involving urine sample collection and analysis for this study were approved by the Institutional Review Board of Eulji University Hospital (No. 2018-07-010 and 2019-05-027-002) and conducted according to the principles outlined in the Declaration of Helsinki. All subjects were informed regarding the purpose of the experiment and provided written informed consent before participating in the study.



Separation and analysis of EVs

After obtaining the two urine samples (one from a non-cancer control and one from a BC patient), each sample was divided into three equal volumes and subjected to three different separation methods, namely differential centrifugation, ExoLutE® Urine kit (Rosseta Exosome, Seongnam, South Korea), and ExoDisc for urine (LabSpinner ExoDiscovery, Seoul, South Korea) (23). Differential centrifugation was performed as previously described, with minor modifications (32, 33). Briefly, the collected urine was centrifuged at 2,000 × g for 10 min and filtered through a 0.45 μm filter in order to remove debris. The prepared urine was centrifuged at 10,000 × g for 30 min and then at 100,000 × g for 60 min. The pellet was dissolved in 0.22 μm-filtered cold PBS for EV collection. For isolation using the ExoLutE kit, debris was removed from the urine via centrifugation and filtration. The prepared urine was pre-cleared with Sol U supplied with the kit (pre-clearing). Crude EVs were then precipitated in Sol A, B, and C provided with the kit (enrichment). The dissolved pellet was processed in a spin-based size-exclusion column in order to separate the EVs (purification). For the ExoDisc method, the urine was centrifuged at 2,000 × g for 10 min, and the supernatant was filtered through a 0.22 μm syringe filter. For priming, PBS was added to the filter chamber and centrifuged in a LabSpinner centrifuge for 5 min in order to activate the filter. The prepared urine was then transferred to filter chambers and centrifuged for 5–30 min in order to separate the EVs for enrichment. Finally, the collected EVs were washed twice by adding PBS to the filter chambers, and the solution was centrifuged in ExoDiscovery. The number and size distribution of microparticles in the EV preparations were analyzed using the nanoparticle tracking analyzer ZetaView (Particle Metrix GmbH, Meerbusch, Germany) as previously described (34). EV preparations were diluted in PBS and passed through 0.8 μm filters before analysis. The analysis parameters were as follows: maximum area of 1,000, minimum area of 10, minimum brightness of 25, sensitivity of 75, shutter of 100, and temperature of 25°C. uEVs were assessed using TEM as described previously (35). In order to observe EVs, purified vesicles were applied to a freshly charged carbon-formvar-coated grid and stained with 1% uranyl acetate solution for 1 min. The stained vesicles were observed at 200 kV under a Tecnai G2 Transmission Electron Microscope (Thermo, Waltham, MA).



Protein-based EV quantification and analysis of EV proteins

Protein-based quantification of isolated EVs was performed using a micro bicinchoninic acid (BCA) assay kit (Thermo) immediately after isolation. Subsequently, equal volumes of EVs isolated via different methods were denatured using 5× sample buffer without dithiothreitol (DTT) at 95°C for 10 min and then resolved on a 10–12% SDS-acrylamide gel via electrophoresis. Resolved proteins were transferred onto nitrocellulose membranes (GE Healthcare, Uppsala, Sweden), which were then blocked via incubation in 5% skimmed milk with 0.1% Tween-20 buffer in order to minimize the non-specific binding of antibodies. Blocked membranes were then treated with primary antibodies overnight at 4°C, washed three times with 1× Tris-buffered saline with 0.1% Tween-20 (TBST) buffer, and incubated with an HRP-conjugated secondary antibody for 1 h at room temperature. Unbound antibodies were removed by washing with 1× TBST buffer, and immunolabeled proteins were visualized using the West Femto Maximum Sensitivity Substrate Kit (Thermo) and an Amersham ImageQuant 800 system (GE Healthcare). Mouse monoclonal anti-beta-tubulin (AC021, ABclonal Technology, Wuhan, China), mouse monoclonal anti-CD81 (454720, R&D Systems, Minneapolis, MN), mouse monoclonal anti-CD63 (sc-5275, Santa Cruz Biotechnology, Santa Cruz, CA), anti-CD9 (ab236630, Abcam, Waltham, MA), anti-ALIX (sc-53540, Santa Cruz Biotechnology, CA), anti-TSG101 (bs-1365R, BIOSS, Woburn, MA), anti-HSP70 (bs-0244R, BIOSS), anti-a2M (sc-390544, Santa Cruz Biotechnology), HRP-conjugated goat anti-mouse IgG antibody (A90-116P, Bethyl Laboratories, Montgomery, TX), and HRP-conjugated goat anti-rabbit IgG antibody (A120-101P, Bethyl Laboratories) were used. The same quantity of uEV protein (5 µg per array) was used for Proteome Profiler antibody arrays, including a human soluble receptor antibody array and a non-hematopoietic panel (R&D Systems). The assay was performed according to the manufacturer’s instructions. Each spot signal was visualized using an Amersham ImageQuant 800 system (GE Healthcare), and signals were quantified using Quick Spots image analysis software (R&D Systems). The levels of cadherin-13, clusterin, and a2M in uEVs were analyzed using a human cadherin-13 ELISA kit (RayBiotech, Peachtree Corners, GA), human clusterin DuoSet ELISA kit (R&D Systems), and human alpha 2-macroglobulin DuoSet ELISA kit (R&D Systems) according to the manufacturers’ instructions. After separation and quantification of uEVs, 0.5 µg of EVs was applied to each well.



Cell culture and preparation of cell lysate

BC cell lines (RT4, 5637, TCC-SUP, HT-1197, HT-1376, and T24) were obtained from the Korean Cell Line Bank (Seoul, South Korea) or American Type Culture Collection (ATCC, Rockville, MD). All cells were culture in Dulbecco’s modified Eagle’s medium (DMEM) supplemented with 10% fetal bovine serum (Serum source international, Charlotte, NC). The cells were maintained in a humidified atmosphere of 5% CO2 at 37°C. Whole cell proteins were isolated using 1 × SDS buffer containing 62.5 mM Tris-HCL at pH 6.8, 2% w/v SDS, 10% v/v glycerol, 50 mM dithiothreitol, and 0.01% w/v bromophenol blue.



Immunohistochemistry for a2M in BC tissues

Human BC specimens were obtained from the Eulji University Hospital. Paraffin-embedded tumor sections were incubated with the anti-a2M antibody (1:200, sc-390544, Santa Cruz Biotechnology) overnight at 4°C after blocking with normal horse serum (Vector Laboratories, Burlingame, CA) for 1 h at room temperature. The sections were then incubated for 15 min with an Amplifier antibody (goat anti-mouse IgG, MP-7602, Vector Laboratories), followed by incubation with ImmPRESS Excel Reagent (horse anti-goat IgG, MP-7602, Vector Laboratories) for 30 min. Immunoreactivity was visualized with 3,3-diaminobenzidine (DAB), and Mayer’s hematoxylin was used for counterstaining. Finally, the slides were observed under an optical microscope (CX23, Olympus, Tokyo, Japan), and images were captured with an eXcope T500 camera (DIXI Science, South Korea).



Iodixanol density gradient fractionation

Iodixanol density gradient fractionation was performed as previously described, with modifications (27). Iodixanol (OptiPrep) density gradient medium (BioVision Inc., Milpitas, CA) was prepared in ice-cold PBS immediately before use in order to generate discontinuous step (12, 18, 24, 30, and 36) gradients. EVs were resuspended in PBS and mixed with ice-cold iodixanol/PBS in order to obtain the final 36% iodixanol solution. The suspension was added to the bottom of a centrifugation tube, and solutions of descending concentrations of iodixanol in PBS were carefully layered on top, yielding a complete gradient. The bottom-loaded 12–36% gradients were subjected to ultracentrifugation at 120,000 × g for 15 h at 4°C. Twelve individual fractions of 1 ml were collected from the top of the gradient. For immunoblotting, each individual fraction with equal volumes of EVs was denatured using 5× SDS-PAGE sample buffer (250 mM Tris-HCl, pH 6.8, 0.5 M DTT, 10% SDS, 50% Glycerol, 0.2% Bromophenol blue) with or without 0.5 M DTT at 95°C for 10 min and then resolved on a 6–12% SDS-acrylamide gel via electrophoresis.



Immunoprecipitation analysis

Immunoprecipitation was performed as previously described, with minor modifications (36, 37). Briefly, EVs were incubated with a rabbit polyclonal anti-a2M antibody (A1573, ABclonal Technology) and IgG from rabbit serum (I5006, Sigma-Aldrich, St. Louis, MO) overnight at 4°C. The antigen-antibody complexes were precipitated with Pierce protein A/G Agarose (#20421, Thermo) for 2 h at room temperature. The immunoprecipitated complexes were cleared using 1× PBS and analyzed via western blotting, as described as described in earlier.



Statistical analysis

Each experiment was independently performed at least three times, and representative results are shown. Results are presented as the mean ± standard deviation (SD). One-way ANOVA, two-tailed Student’s t-test, and paired sample t-test were used to assess the significance of differences between groups and pre-versus post-operative expression, respectively. A receiver operating characteristic (ROC) curve was used to evaluate the ability of a uEV marker to determine BC status. Sensitivity, specificity, and Youden index (sensitivity +specificity - 1) × 100% were calculated to determine the optimal cut-off. Statistical analyses were conducted using Stata version 14.0 (StataCorp., Houston, TX) and Prism (GraphPad Software, San Diego, CA). Statistical significance at p values of <0.05 and <0.01 is indicated by * and **, respectively.




Results


Evaluation of methods for EV isolation from human urine

The isolation of sufficient EVs from urine is the most critical preliminary step for the analysis of uEV protein. In order to determine the optimal EV isolation method, EVs were isolated from urine samples of a control subject or BC patient using three different methods (Figure 1A). These included the standard differential ultracentrifugation method, ExoLutE Urine (a multistep combined exosome isolation kit involving size-exclusion chromatography), and ExoDisc (a microfluidic 20 nm size-selective nanofilter-based isolation method). The number and size distribution of EV particles isolated from the urine samples were analyzed via NTA. There was a significant difference in EV particle numbers between methods (Figure 1B). Differential centrifugation yielded the lowest number of particles, 1.3- to 9.4-fold lower than numbers obtained via the other two methods. In NTA, the median size distribution ranged from 120 nm to 140 nm in diameter, and the average particle size was not significantly different between methods (Figure 1C). Overall, a wide range of particle sizes from 20 ~ 500 nm was observed, with no significant difference in size distribution between methods (Figure 1D). EVs were present in all samples, as observed via TEM. However, more EVs were present in the samples obtained using ExoDisc, which was consistent with the particle numbers determined via NTA (Figure 1E). To compare the total protein quantity in uEVs isolated through different methods, we employed micro BCA assays (Figure 1F). EVs separated through differential centrifugation contained the lowest amount of protein. The EV fraction separated via ExoDisc contained significantly greater amounts of protein than EVs obtained via differential centrifugation (p<0.01). To verify the quantity of EV-derived protein, the same volume of protein lysate from separated EVs was subjected to western blot analysis (Figure 1G). Significantly larger quantities of CD63 and CD9, well-known EV markers, were detected in EVs obtained via the ExoDisc method than in EVs obtained via other methods. These results indicated that ExoDisc yielded greater amounts of uEV protein than the other tested methods. Therefore, the ExoDisc method was adopted for urinary EV separation in further experiments.




Figure 1 | Comparison of the urinary EV separation efficiency between three different methods. Extracellular vesicles (EVs) were separated via three different methods, namely differential centrifugation, the ExoLutE exosome isolation kit, and ExoDisc. Separation efficiencies were then analyzed and compared. (A) Schematic summary of the EV separation methods. Human urine from one non-cancer control or bladder cancer patient was divided into three equal volumes (10 ml each), and each was subjected to a different isolation method. (B–D) Nanoparticle tracking analysis (NTA) of EVs separated through each method. The number (B), size (C), and size distribution (D) of EV particles separated via each method were determined through NTA. NC control: EVs isolated from non-cancer control, BC Patient: EVs isolated from bladder cancer patient. DC: EVs separated using differential centrifugation. eLutE: EVs separated using the ExoLutE exosome isolation kit. eDisc: EVs separated using ExoDisc from LabSpinner. Data are presented as the mean ± SD, n = 3, *p<0.05, **p<0.01, ns: not significant. (E) Transmission electron microscopy (TEM) images of separated EVs. (F) Quantification of protein in EV particles separated via each method. EV protein was quantified using the micro bicinchoninic acid (BCA) protein assay. Data are presented as the mean ± SD of three independent experiments, **p<0.01, ns, not significant. (G) Western blot analysis of CD63 and CD9 expression in EV particles separated via each method.





Proteome analysis of uEVs from BC patients

Previous studies have identified uEV-derived disease-specific biomarkers using mass spectrometry-based proteomics, which allows the characterization of thousands of proteins present in small samples (16, 38–40). However, since the ultimate purpose of this study was to identify novel urinary EV protein biomarkers, which should be detectable via antibody-based methods, such as ELISA, it was determined that an antibody-based protein array would be more suitable than mass spectrometry-based proteomics. Thus, we used a Proteome Profiler antibody array for human soluble receptors, which allows for the analysis of 119 different receptors, as molecules present on the EV surface may be the best candidates for ELISA-based detection. Basic information of the four patients who were included in the protein array analyses for uEV biomarker screening before and after transurethral surgery is summarized in Table 1. Urine was collected from each BC patient before surgery (the day of transurethral resection of the bladder tumor) and 3 months after surgery (before follow-up cystoscopy, with no tumor recurrence confirmed). EVs were separated from 4 ml of urine using the ExoDisc method, and 5 μg of EV protein was used for proteome analysis (Supplementary Tables 1 and 2). Antibody array data are presented in Figure 2. The analysis of uEVs from two high-grade BC patients revealed significant differences in the abundance of three proteins in uEVs, namely cadherin-13, clusterin, and a2M, before and after surgery (Figures 2A, C). The analysis of uEVs from patients with low-grade tumors did not reveal any significant differentially expressed proteins (Figures 2B, D).


Table 1 | Clinical parameters of patients used for screening urinary EV-in the protein array after transurethral surgery.






Figure 2 | Screening of bladder cancer-associated EV proteins. Urine was collected from bladder cancer patients on the day before surgical intervention (Pre-OP) and at follow-up three months after surgery (Post-OP). EVs were separated from the collected urine using ExoDisc. After protein quantification with the micro BCA assay, 5 µg of EVs was subjected to a Proteome Profiler array for human soluble receptors. (A, B) Results from the protein array analysis of urinary EVs from high-grade bladder cancer patients (A) and low-grade bladder cancer patients (B). Pre-OP and Post-OP: EVs from a pre- or post-operative bladder cancer patient urine. HG and LG: urinary EVs from high-grade (HG) or low-grade (LG) bladder cancer patients. Red, blue, and green boxes indicate cadherin-13, clusterin, and a2M, respectively. (C, D) Data analysis of antibody array results with urinary EVs from high-grade (C) or low-grade (D) bladder cancer patients. The fold ratio for the signal value of each protein (Pre-OP/Post-OP) is presented on the Y-axis. PBS was used as a negative control, and the calculated value for PBS is indicated by a red line. Data are presented as the mean ± SD, n = 2, *p<0.05.





Validation for a2M as a BC diagnostic biomarker in patient uEVs

Urine was collected from 83 patients (23 control subjects and 60 BC patients). The baseline characteristics of the clinical validation cohort for the expression of uEV target proteins are presented in Table 2. The control group included patients diagnosed with benign prostatic hyperplasia, urinary stones with hematuria, and cystitis with hematuria. For the three potential biomarker proteins identified in the protein array, we preliminarily analyzed their expression in uEVs from randomly selected 10 non-cancer controls and 20 BC patients. After separating EVs from each urine sample via the ExoDisc method, particle number and total protein of EVs in 10 samples per group were analyzed using ZetaView and micro BCA, respectively (Figure 3). There was no significant difference between the control and cancer groups. However, we observed that the difference in the number of particles was greater (up to 11.8 times) than the quantity of protein (up to 2.8 times) in each sample. Furthermores, much more amount of EVs was required for nanoparticle tracking analysis than micro BCA. Therefore, we decided to apply the quantity of proteins to the normalization and 0.5 µg of EVs per sample was subjected to ELISA for analysis of the three biomarkers. Among the three analyzed proteins, a2M exhibited the most significant difference between non-cancer control- and BC patient-derived uEVs (Figure 4), and thus a2M was selected for the final validation study. To determine the correlation between BC and a2M levels in uEVs, uEV a2M levels were determined for seven BC patients for whom pre-and postoperative urine EVs were obtained via ELISA (Figure 5A). For most of the analyzed patients, uEV-derived a2M level was significantly lower after surgery. We further validated its clinical significance by analyzing preoperative urine samples from all patients via ELISA. While there were few detectable signals for uEV a2M expression in the control group, a2M expression in uEVs from BC patients was significantly higher (Figure 5B, p<0.0001). The uEV a2M expression in the high-grade BC patient group was significantly higher than that in uEVs from low-grade BC patients (Figure 5C). In order to determine whether a2M level in the whole urine was significantly increased in BC patients, total urine a2M levels of BC patients and controls were analyzed via ELISA. Interestingly, a2M levels were detected in the whole urine samples of controls, with no significant difference compared to those in BC patients (Figure 5D). ROC curve analysis of the data in Figure 5B revealed good diagnostic performance, yielding an area under the curve of 0.809 (Figure 5E). The diagnostic performance of uEV a2M expression in discriminating BC patients from controls is summarized in Table 3. uEV a2M expression with a cut-off of 0.035 (highest Youden index) robustly discriminated BC patients from controls, with a sensitivity of 93.3%, a specificity of 34.8%, and a higher Youden index than that observed via urine cytology (Table 3A). Notably, among 60 BC patients, 47 were positive for uEV a2M (value >0.035), while their urine cytology results were negative, indicating that 78.3% of BC patients were identified only based on uEV a2M expression (Table 3B). Taken together, these results highlight the potential of uEV-derived a2M as a biomarker for BC diagnosis.


Table 2 | Demographic characteristics of subjects for the analysis of a2M through ELISA.






Figure 3 | Analysis of the particle number and total proteins of uEVs from control and bladder cancer patients. (A) the particle numbers of uEVs were analyzed by a nanoparticle tracking analyzer, ZetaView. (B) total protein concentrations were analyzed by micro BCA. ns, not significant.






Figure 4 | ELISA for clusterin, cadherin-13, and a2M in uEVs from non-cancer controls and BC patients. uEVs (0.5 μg/well) from 10 non-cancer controls and 20 BC patients were applied to ELISA for clusterin (A), cadherin-13 (B), and a2M (C). Mean values of each group were indicated as lines.






Figure 5 | Clinical validation of a2M as a bladder cancer biomarker. After separating EVs from urine using ExoDisc, EVs (0.5 µg per sample) were subjected to ELISA for a2M. (A) Pre- and post-operative changes in urine EV a2M levels from seven individual cancer patients. a2M levels in urinary EVs were analyzed via ELISA before and after surgery in randomly selected bladder cancer patients. Paired sample t-test, *p<0.05, **p<0.01, ns: not significant. (B) Quantification of a2M in urinary EVs from non-cancer controls (N=23) and bladder cancer patients (N=60). Student’s t-test. **p<0.01. (C) Analysis for a2M in urinary EVs from non-cancer controls (N=23), patients with low-grade bladder cancer (N=28), and patients with high-grade bladder cancer (N=32). One-way ANOVA test. *p<0.05, **p<0.01. (D) Analysis for a2M in urine from non-cancer controls (N=10), low-grade (N=10), and high-grade bladder cancer patients (N=10). One-way ANOVA test. ns: not significant. (E) ROC curve analysis for the discrimination between BC patients and non-cancer controls based on uEV a2M expression levels as per ELISA. Area under ROC curve = 0.809.




Table 3 | Diagnostic performance of uEV a2M expression (based on ELISA) for discriminating between BC patients and non-cancer controls.





a2M from BC is co-fractionated with common EV markers

Several studies have reported the EV-mediated secretion of a2M (41–43). In western blot analysis, a2M was detected both in cell lysate and secreted EVs from BC cells (Figure 6A). Additionally, through immunohistochemistry of BC patient tissues, we detected a2M in the interstitial space as well as in tumor cells (Figure 6B), suggesting that a2M would originate from BC cells. To verify that a2M is an EV component, uEVs from BC patients were isolated via ExoDisc, followed by further separation through iodixanol gradients (Figure 7A). CD63, the two endosomal sorting complexes required for transport proteins (TSG101 and ALIX), and heat shock protein 70 (HSP70) were detected in the similar fractions as a2M. Immunoprecipitation of a2M with uEVs from BC patients demonstrated that CD63 was precipitated with a2M (Figure 7B).




Figure 6 | Expression of a2M in bladder cancer cell lines and tissues. (A) Western blot analysis of a2M in bladder cancer cell lines. (B) Immunohistochemistry for a2M in BC tissues. Representative a2M immunohistochemical images in BC tissues. a2M immunostaining showed high cytoplasmic expression in tumor cells with atypical larger nuclei of invasive urothelial carcinoma in BC patient #1. In BC patient #2, a2M expression exhibited a significant increase in the central fibrovascular core of the papillary tumor. a2M was expressed in the fibrous tumor stroma of BC patient #3. Right panel: Negative images using isotype control in bladder cancer tissues. Magnification, ×400. Scale bars, 20 μm.






Figure 7 | Co-fractionation of a2M with EV markers. (A) Density gradient fractionation of urinary EVs from bladder cancer patient. After flotation of the sample in high-resolution iodixanol gradients, equal volumes of each fraction were loaded on SDS-PAGE gels, and membranes were blotted with the indicated antibodies. (B) Immunoprecipitation (IP) of urinary EVs from a bladder cancer patient with a2M-specific antibody-conjugated beads (a2M). Rabbit IgG (IgG) was used as a negative control for precipitation. Input: urinary Evs from a bladder cancer patient before IP reaction. IP, protein lysate of immunoprecipitated urinary EVs with antibody-conjugated beads. Output: flow-through proteins from the IP reaction. The precipitated proteins were analyzed via immunoblotting with an anti-a2M or anti-CD63 antibody. The expected protein sizes are indicated by black arrows.






Discussion

To the best of our knowledge, this study is the first to demonstrate the diagnostic value of uEV-derived a2M for BC. Currently, no optimal workflow has been established for the analysis of uEVs (44). Thus, in order to identify clinically valuable uEV protein biomarkers, we first had to determine the optimal method for uEV isolation, while considering urine sample properties, such as inter-individual variation. Further, the validation of potential uEV markers in a clinical BC cohort is imperative. In the current work, we compared the yield of several existing EV isolation methods and analyzed the pre-and post-operative urinary EV protein levels in urine samples of actual BC patients in order to identify clinically relevant biomarkers. We then validated a2M as a non-invasive diagnostic biomarker in urine samples by analyzing urine from controls and BC patients. Through this approach, we determined that a2M in uEVs, but not in whole urine, was specific to BC patients and thus could indicate the presence of disease.

We first sought to identify an ideal urinary EV isolation method that can rapidly provide sufficient EV protein from a limited volume of urine samples for further experiments. While ultracentrifugation is considered the gold standard for EV isolation, it is not suitable for clinical use because it is time consuming, labor intensive, and requires specialized equipment (45, 46). Since there is no established standard technique for the isolation of uEVs from clinical samples of limited quantity, we compared the uEV yield between three different methods. ExoDisc provided a significantly greater yield of uEV protein than classical ultracentrifugation, consistent with a previous report (23). uEV protein quantification indicated that ultracentrifugation and ExoLutE were associated with a low yield of EV protein. In contrast, ExoDisc yielded sufficient uEV protein from as low as 4 ml of urine, which was then subjected to antibody array-based proteomics analysis, which enabled us to analyze uEV protein expression. Thus, uEV isolation via ExoDisc followed by antibody array-based proteomic analysis were adopted for further experiments.

uEV normalization is a topic of ongoing discussion (44). The most crucial point we considered was whether it was a normalization index that could be easily used in clinical practice. Urine creatinine may be a good one. However, since urine creatinine is an index before EVs isolation, it may not be reliable for the isolated EVs. We also considered the particle number of EVs. However, it would be difficult for the clinical lab to analyze it. In the current study, we used the quantity of protein as a normalization index, but this may not be the best. Therefore, we are also considering other normalization methods for better results, which is an area that needs more research.

We screened potential uEV protein biomarkers in patient urine, comparing their levels between pre- and post-operative uEVs from the same individual patient. Of note, this strategy has not been previously employed for the identification of uEV-based diagnostic biomarkers for BC. Several studies identified candidate uEV protein markers through proteomics analysis of the supernatant from BC cell lines and primary urothelial cells (19, 20). However, we believe that the cell culture supernatant does not recapitulate the uEV secretome observed in actual BC patients, as also reported by others (47). In addition, the heterogeneity between urine samples from BC patients should be considered, as established in previous studies (25–27). Taken together, our approach, namely the analysis of the uEV proteome between paired pre-and post-operative samples from the same patients, would be conducive for the identification of clinically relevant uEV markers in BC.

We determined that the expression of several proteins was significantly different between pre- and post-operative uEV samples. Notably, significant differences in cadherin-13, clusterin, and a2M levels were mainly observed in high-grade BC patients, while no significant difference was noted between the paired urine samples from low-grade BC patients. Although the exact reason for this finding remains unclear, high-grade BC patients may secrete more diverse proteins through uEVs when compared low-grade BC patients due to increased genetic instability (48, 49).

Among the three potential uEV proteins identified, we observed a pronounced difference in a2M levels, which we validated in a greater number of patients through ELISA (83 subjects in total). Furthermore, we demonstrated that uEV a2M expression in high-grade BC patients was significantly higher than that in low-grade BC patients. We also detected a2M in the whole urine samples of non-cancer controls, which decreased after extracting the uEVs from urine. This finding indicated that total urine a2M is not a robust biomarker for BC, in contrast to the uEV-specific a2M level. As over half of the subjects (52.2%, 12 out of 23) in the control group had hematuria, we concluded that the high expression of a2M in uEVs from BC patients was not due to hematuria. Furthermore, we determined that the diagnostic performance of a2M was superior to that of urine cytology, a well-established BC screening method (Youden index: 28.1% for a2M with a cut-off of 0.035 vs. 15.0% for urine cytology). Taken together, BC patients had significantly higher levels of uEV-associated a2M, which was rarely detected in non-cancer controls.

a2M, one of the large glycoproteins (720 kDa) present in bodily fluids, primarily functions as a protease inhibitor (28). a2M plays diverse and complex roles by binding to different hormones and regulating their activity; several studies on the association between a2M and cancer have indicated that the former might play an important anti-tumor role (50–52). A previous study suggested that a2M exerts anti-tumor effects by modulating tumor cell adhesion, migration, and growth (50). Other studies have shown that a2M bound to low-density lipoprotein receptor-related protein-1 inhibits the proliferation, migration, invasion, and growth of tumor cells (51, 52). To date, only one study has reported that a2M level is elevated in the serum of BC patients (53). In contrast, the expression of a2M in uEVs has not been assessed. Our current results highlighted the potential of uEV-derived a2M as a promising diagnostic marker for BC.

The limitation of this study is that we could not determine why the cells in patients with BC prefer to sort a2M into EVs. Presumably, as there is no significant difference in a2M levels in whole urine samples, the sorting of a2M into uEVs does not occur in non-cancer controls but selectively occurs in BC patients. Moreover, it is unidentified whether this phenomenon occurs in BC cells or other cells due to changes in the BC microenvironment. Further research is required to reveal the mechanism that causes selective a2M sorting into uEVs.

In conclusion, we demonstrated the potential of a2M as a novel uEV biomarker for BC diagnosis through an optimized EV isolation and analysis workflow. Our results highlight the diagnostic potential of uEV markers in BC. Further functional studies are needed to uncover the exact mechanisms of action of EV-associated a2M in BC pathophysiology; large-scale validation studies should be conducted in independent BC cohorts in order to confirm the diagnostic value of a2M in uEVs. We expect our approach for uEV isolation and analysis to serve as a practical basis for the identification of clinically useful uEV biomarkers for cancer diagnosis.
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Tumour-infiltrating lymphocytes (TIL), known to be of prognostic value in various solid tumours, have been in the focus of research in the last years. TIL are often quantified via IMMUNOSCORE ® (IS), a scoring system based on TIL cell densities. Recent studies were able to replicate these findings for muscle-invasive bladder cancer (MIBC), however data regarding non-muscle-invasive bladder cancer (NMIBC) are scarce. This study aimed to evaluate the value of a modified Immunoscore (mIS) as a predictive marker for NMIBC prognosis using tissue-micro-arrays (TMAs). We analysed two TMAs containing 316 samples from 158 patients with NMIBC, stained for CD3, CD8, CD45RO and FOXP3. Stained TIL were captured by digital pathology, cumulated, averaged, and reported as density (stained cells per mm²). The mIS was then constructed based on density of all four immune-cell types. Clinical, pathological and follow-up data were collected retrospectively. Univariable and multivariable cox regression analysis was performed to assess the potential value of mIS as a predictor for progression free survival (PFS) and recurrence-free-survival (RFS). Patients within “European Organisation for Research and Treatment of Cancer” (EORTC) risk groups were further substratified in high mIS and low mIS subgroups. Finally log-rank test was used to compare the different survival curves. The median age in our cohort was 68 years (Interquartile Range (IQR): 60 - 76), and 117 (74%) patients were male. A total of 26 patients (16.5%) were classified as EORTC low risk, 45 (28.5%) as intermediate risk and 87 (55.1%) as high risk. Patients in the EORTC high risk group with low mIS showed a shorter PFS in comparison to high mIS (HR 2.9, CI 0.79 – 11.0, p=0.082). In contrast, no predictive potential regarding PFS was observed in intermediate or low risk groups. Furthermore, mIS was not able to predict RFS in any EORTC risk group. mIS could be utilized to predict prognosis more accurately in high-risk patients with NMIBC by identifying those with higher or lower risk of progression. Therefore, mIS could be used to allocate these highrisk patients to more streamlined follow-up or more aggressive treatment strategies.
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Introduction

Bladder cancer (BC) is the 10th most diagnosed cancer worldwide, while being around four times more common in men than women (1). Around 70% of all BC is diagnosed at a non-muscle-invasive stage (2). Non-muscle-invasive bladder cancer (NMIBC) is usually treated by transurethral endoscopic resection (3), and about 55% of patients experience disease recurrence within 3 years after initial resection (4). Therefore, depending on risk stage, adjuvant local intravesical therapy, either chemotherapeutic agents or more often Bacillus Calmette-Guérin (BCG) is applied (3, 5). Nevertheless, a relevant number of patients fail to respond to this adjuvant treatments and as a result the cancer can recur or even progress to muscle-invasive BC (MIBC) (6, 7). Thus, early more aggressive treatment as for example radical cystectomy (RC) can be discussed for very high-risk NMIBC patients (3, 8).

Clinically the most established tool to predict disease recurrence and progression is the “European Organisation for Research and Treatment of Cancer” (EORTC) risk stratification, based on six predictors, such as tumor number, tumor size, prior recurrence rate, tumor stage and grade as well as the presence of carcinoma in situ (CIS) (9). The application of this tool is widely accepted among clinicians and recommended in current European Association of Urology guidelines for NMIBC (3). However, it has limitations, especially in high-risk patients where the model overestimates the risk of disease recurrence and progression (10).

Further tools to more accurately predict prognosis in patients with NMIBC are urgently needed (11, 12). Tumour-infiltrating lymphocytes (TIL) have been shown to be a valuable prognostic marker in several different solid tumours, indicating that immune system activation is associated with delayed cancer progression (12–15). This is especially relevant in NMIBC because BCG is known to enhance the antitumoral effect of T-cells and CD4- and CD8-positive cells are regarded to be essential for tumour elimination in NMIBC undergoing BCG treatment (16–18). A method to quantify TIL is IMMUNOSCORE ® (IS) (19–22), a standardized scoring system based on CD3 and CD8 immune cell densities in the tumour tissue (23). IS is already included in current European Guidelines for Medical Oncology for colorectal cancer to further tailor adjuvant therapeutic strategies in difficult cases (24).

In muscle-invasive BC higher counts of tumour-infiltrating CD3 and CD8 lymphocytes have been linked to favourable disease outcomes (12, 25–27) and even to a higher response rate to neoadjuvant chemotherapy (27). In MIBC, we have recently shown that a higher density of TIL was associated with longer progression-free-survival (PFS) in patients in the American Joint Committee on Cancer stage IIIa (28). However, data for NMIBC are scarce.

The aim of this study was to explore the value of a modified IS (mIS) as a prognostic marker for PFS and recurrence-free-survival (RFS) in NMIBC.



Methods


Tissue microarrays

TMA is an established high-throughput technique, which enables the simultaneous assessment of several molecular targets and are often used in tumour research (29). We stained two TMAs containing 316 samples from 158 patients with NMIBC after initial transurethral resection. Papillary urothelial neoplasm of low malignant potential was not considered in this study as current guidelines clearly distinguish it from more aggressive NMIBC (30). Two tissue cores per patient were processed for analysis. The samples have been collected between 1990 and 2006 by the Institute of surgical Pathology of the University Hospital of Zürich. The TMAs have been constructed as previously described (31, 32). Both cohorts were approved by the local Ethics committee (StV-Nr. 25/2008 & 02/2009).



Immunhistochemistry

The TMAs were immunohistochemically stained with CD3 antibodies for T-cells, CD8 antibodies for cytotoxic T-cells, FOXP3 antibodies for regulatory T-cells (Treg) and CD45RO antibodies for memory T-cells. Then the stained slides were scanned and imported into QuPath (version 0.1.2), a software for digital pathology image analysis (33).

Automated analysis was performed, analogous to our previous study (28), to detect and quantify each immune cell subpopulation as described in the following steps:

	QuPath’s automated “TMA dearrayer” was used to identify tissue cores. The resulting TMA grid was manually verified and amended where necessary.

	Stain vector and background estimates were applied to improve stain separation using color deconvolution by QuPath’s “Estimate stain vectors” command.

	QuPath’s built-in “Simple tissue detection” and “Fast cell counts” commands were applied. The measurements were visually controlled by a board-certified pathologist (Lorenz Buser) and the parameters manually adjusted until convincing results could be achieved, in particular the “thresholdDAB value” determining the cut-off for positive cell count.

	Output was cumulated, averaged and reported as positive counts (pc), negative (nc) counts, ratio (pc/pc+nc) and density (pc/mm^2).





Construction of the modified immunoscore prediction model

To explore the potential of the mIS, it was necessary to define the most relevant value from the available source data generated by the above-mentioned immunohistochemistry assays. Based on biological reasoning, the averaged density values of the two tissue cores for counts of CD3, CD8, CD45RO and FoxP3 marked TIL per patient were selected to construct the mIS prediction model. Log-transformed average densities of all 4 TIL were used throughout the analyses to mitigate any undesirable effect of extreme values. Based on that data the cohort was then dichotomized in high mIS/favorable risk” and “low mIS/unfavorable risk” groups using the median as a cut-off point.



Patient data acquisition

Patient data was collected retrospectively (until December 2020). PFS was defined as time in months from initial transurethral resection until first upstaging event, eg, from pTa to pT1-pT4, or pT1 to pT2-pT4, respectively. Additionally, RFS was defined as time in months from initial transurethral resection until local recurrence within the same tumour stage occurred.



Statistics

Data was analyzed by the statistic program R (R Core Team, Vienna, Austria). An assessment of numeric behavior and collinearity was performed. Univariable and multivariable cox regression analysis was performed to find the most informative predictors and to assess effect size in comparison to other established prognostic factors (age, gender, multifocality, grade and clinical T-stage) regarding the clinically significant outcome PFS and RFS. For multivariable analysis, we summarized non-Immunoscore predictors, such as carcinoma in situ or multifocality, into the EORTC risk group classification. Additionally, performance improvement (concordance index) of mIS and individual mIS components (CD3, CD8, CD45RO, FoxP3) on top of the already established EORTC risk groups classifications was analyzed. Finally, patients within the three different EORTC risk groups were further subdivided in low mIS and high mIS strata. Kaplan-Meier (KM) analysis was performed, and the log-rank test was used to compare the different survival curves. Results with p-value <0.05 were considered statistically significant.




Results


Patient characteristics

Tissue of 158 (100%) patients was available for TMA construction and final analysis. The median age in our cohort was 68 years (Interquartile Range (IQR): 60 - 76), and 117 (74%) of patients were male (Table 1). Stage distribution was 90 (57%) for pTa and 68 (43%) for pT1. A total of 26 (16.5%) patients were classified as EORTC low risk, 45 (28.5%) as medium and 87 (55.1%) as high risk. Median follow-up time after first transurethral resection was 122.6 months (IQR: 74.5 – 192.6) and 47 patients (29.7% were followed for more than 180 months. During follow-up 86 patients (54.4%) experienced disease recurrence and 23 patients (14.6%) disease progression, 15 patients (9.5%) progressed to muscle-invasive disease.


Table 1 | Patient characteristics.





Immunohistochemistry

Immunohistochemical staining of the TMAs was successful in all cases and all patients could be included in the final analysis. Figure 1 depicts a representative example for the scanned TMAs stained with antibodies and the corresponding overlays generated by QuPath. Good staining quality was achieved, which allowed for the use of automated evaluation, after manually adapting the cut-off value for positive cell counts to the different staining intensity of each antibody.




Figure 1 | shows a representative example for the scanned TMAs stained with antibodies for CD3 (A), CD8 (C), and CD45RO (E) and the corresponding overlays generated by QuPath (B, D, F). Red dots highlight the lymphocytes that where rated positive, while the blue-coloured dots equal the remaining detected cells which were counted as negative.





Univariable analysis

EORTC intermediate risk group was significantly associated with a shorter RFS compared to the low-risk group (Hazard Ration (HR): 2.08, p = 0.03). However, no statistically significant effect of EORTC high risk classification on RFS was detected (HR 1.18, p = 0.61). Additionally, the EORTC classification system was not predictive for PFS in our cohort. When analyzed individually, higher densities of each of the mIS components (CD3, CD8, CD45RO and FoxP3) were not associated with a longer PFS or RFS. However, when analyzed cumulatively, higher mIS was significantly associated with longer RFS (HR: 0.95, p = 0.04) but not with longer PFS (Table 2).


Table 2 | Univariable cox regression analysis.





Multivariable analysis

For the full model we combined EORTC risk groups with all four mIS components. Similar to univariable analysis EORTC intermediate risk group was associated with shorter RFS compared to the low risk group (HR 2.04, p=0.04) (Table 3). None of the individual mIS components were associated with longer PFS or RFS. When integrating mIS into the EORTC-only model, the concordance index of PFS increased considerably (0.61 to 0.70), but only marginally for RFS (0.57 to 0.60) (Table 4).


Table 3 | Multivariable cox regression analysis.




Table 4 | Comparison of concordance index.





Subgroup-analysis according to different EORTC risk groups

EORTC high risk patients with low mIS showed a considerably shorter PFS compared to those with high mIS (HR 2.9, Confidence Interval 0.79 – 11.0, p-value (log-rank) = 0.082) (Table 5). This observation was confirmed by KM-analysis indicating a distinct division of the survival-curve but without reaching statistical significance (p-value (log-rank) = 0.092), (Figure 2). No significant or relevant difference concerning PFS between low and high mIS in EORTC intermediate and low risk groups could be observed. For RFS, no association with mIS in all EORTC risk groups was detected (Table 5).


Table 5 | EORTC-Substratification.






Figure 2 | shows the Kaplan Meier curves concerning PFS of low and high mIS patients, demonstrating that patients with high mIS showed a longer PFS in comparison to patients with low mIS.






Discussion

This is one of the largest cohorts investigating TIL in NMIBC. The presented data indicates the feasibility of quantitative analyses of TIL in TMAs as to further evaluate TIL and mIS as a possible tool to improve prognosis prediction in NMIBC.

According to our study, mIS seems to increase accuracy in PFS prediction for NMIBC patients. This was most apparent in the EORTC high risk group, where it was possible to substratify patients into a high mIS group with favourable prognosis and a low mIS group with less favourable prognosis.

Since the EORTC classification system is least reliable in high risk situations (10), our findings seem particularly pertinent in this setting. Contrary, mIS was not useful to predict PFS in low or intermediate risk groups. One possible explanation might be that low- to intermediate NMIBC does not trigger a similar strong immune response as compared to high-risk NMIBC. In high-risk cancer a shift towards a more aggressive biology with higher mutational load can be more frequently observed, resulting in increasing neoantigen production. Only a minority of neoantigens are immunogenic, therefore a certain amount of mutations is needed to trigger an immune system reaction against the tumour cells (34–36). Higher TIL densities could be a sign of increased tumour immunogenicity, thus stochastically giving the immune system more opportunities to detect the neoantigen expressing cancer cells and thereby delay cancer progression (20, 37).

Contrary, mIS seems to add very limited information in predicting RFS in NMIBC in comparison to the already established EORTC risk classification. NMIBC recurrence is believed to be mostly dependent on the malignant potential of the entire urothelium and on other factors, like adjuvant treatment status or resection quality (38).

Interestingly, our study published on the value of mIS in MIBC showed that a higher mIS correlated to a longer PFS and CSS in American Joint Committee on Cancer stage IIIa tumours, further hinting that TIL densities and cancer progression are closely related (28).

Once CD4, CD8, FOXP3 and CD45Ro densities were integrated into a combined model, higher densities of all four studied cell types appeared to be significantly associated with prolonged RFS. Concerning PFS, the same can be reported for CD4, CD8 and FOXP3, whereas higher CD45Ro densities seem to have the opposite effect.

A growing number of studies support our findings regarding the prognostic value of CD3 and CD8 positive TIL. Sharma et al. (25) showed in a cohort of MIBC patients that a higher density of intratumoural CD8 cells was linked to longer overall- and disease-free-survival and Nassif et al. (27) found that a higher IS, consisting of CD3 and CD8 densities, translates to prolonged OS and RFS in MIBC. In another study on localised MIBC Nassif et al. (39) were even able to demonstrate that a higher IS translated to a higher rate of complete pathological response after neoadjuvant chemotherapy. Similarly, Horn et al. (12) found that high CD3 and CD8 counts in MIBC were associated with longer OS and CSS. Additionally, in their recent study on MIBC Peng et al. (26) associated higher CD8 densities with longer OS. Similarly, in our recent study we found a longer CSS to be linked to higher CD3 and CD8 densities (28). Contrary, Krpina et al. (40) linked higher CD3 and CD8 counts with an increased risk of cancer recurrence in solitary papillary low grade NMIBC using TMAs. And Hülsen et al. (41) concluded that higher immune cell densities, particularly of CD8, in the invasive tumour margin, correlated with shorter OS in paraffin embedded TURB samples of pT1 tumours. With the available literature a consensus on the impact of TIL on bladder cancer prognosis has yet to be reached. These conflicting results could be due to the analysis of different tumour stages or different sample location within the tumour as well as from analysis of different material, ranging from TMAs over formalin fixed paraffin embedded tissue samples from TURB to whole cystectomy specimen. In comparison to the studies of Hülsen et al. (41) and Krpina et al. (40) our cohort is more diverse, consisting of all non-muscle-invasive tumour stages, histological grades and growth patterns.

FOXP3 is a known reliable marker for Tregs (42). In our study we could only show a non-significant trend towards increased PFS and RFS with higher FOXP3 densities. Winerdal et al. (43) demonstrated, that FOXP3 expressing lymphocytes detected in BC tissue were associated with prolonged survival. However, there are the findings of Horn et al. (12), whereas high FOXP3/CD8 and FOXP3/CD3 ratios were associated with shorter OS and CSS in MIBC. Furthermore, Parodi et al. (44) were able to link a lower T-effector-cells/Treg ratio with BC patients who experienced tumour recurrence. In addition, Loskog et al. (45) found in their study, that intratumoural FOXP3-positive Tregs were involved in creating an immunosuppressive environment in BC. Winerdal et al. (43) suggested that the Tregs detected in their study are in fact not true Tregs but activated CD4+ T-cells who upregulated FOXP3. This finding could offer a possible explanation for the trend observed in our study.

We are aware that our study has certain limitations. The first being sample size, despite having one of the largest cohorts of NMIBC patients examined for TIL up to date. Second, the use of TMAs as opposed to whole tumour slides could be grounds for a potential bias, as the sample cores were taken at random and not from standardised locations within the tumour. However, Peng et al. (26) extrapolated TIL densities by analysing genetic tumour data sets. They were able to associate different cell densities to different outcomes whilst having no information about cell distribution within the tumour. Third, we were unable to assess our dataset concerning the efficacy of mIS in predicting response to adjuvant intravesical BCG-therapy or chemotherapy due to limited data availability in a cohort in which sampling started more than thirty years ago. Despite these limitations, we were able to demonstrate that determination of mIS in TMAs is feasible.

To conclude, our results suggest that quantitative TIL signatures are of prognostic value in NMIBC. mIS holds promise to support further differentiating EORTC high risk patients into a high mIS subgroup with favourable prognosis and a low mIS subgroup with poor prognosis. If confirmed in further studies, mIS could be used in addition to established prognostic factors to allocate high risk NMIBC patients to more streamlined follow-up or more aggressive treatment regimens.
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Based on the importance of basement membrane (BM) in cancer invasion and metastasis, we constructed a BM-associated lncRNA risk model to group bladder cancer (BCa) patients. Transcriptional and clinical data of BCa patients were downloaded from The Cancer Genome Atlas (TCGA), and the expressed genes of BM-related proteins were obtained from the BM-BASE database. We download the GSE133624 chip data from the GEO database as an external validation dataset. We screened for statistically different BM genes between tumors and adjacent normal tissues. Co-expression analysis of lncRNAs and differentially expressed BM genes was performed to identify BM-related lncRNAs. Then, differentially expressed BM-related lncRNAs (DEBMlncRNAs) between tumor and normal tissues were identified. Univariate/multivariate Cox regression analysis was performed to select lncRNAs for risk assessment. LASSO analysis was performed to build a prognostic model. We constructed a model containing 8 DEBMlncRNAs (AC004034.1, AL662797.1, NR2F1-AS1, SETBP1-DT, AC011503.2, AC093010.2, LINC00649 and LINC02321). The prognostic risk model accurately predicted the prognosis of BCa patients and revealed that tumor aggressiveness and distant metastasis were associated with higher risk scores. In this model, we constructed a nomogram to assist clinical decision-making based on clinicopathological characteristics such as age, T, and N. The model also showed good predictive power for the tumor microenvironment and mutational burden. We validated the expression of eight lncRNAs using the dataset GSE133624 and two human bladder cancer cell lines (5637, BIU-87) and examined the expression and cellular localization of LINC00649 and AC011503.2 using a human bladder cancer tissue chip. We found that knockdown of LINC00649 expression in 5637 cells promoted the proliferation of 5637 cells.Our eight DEBMlncRNA risk models provide new insights into predicting prognosis, tumor invasion, and metastasis in BCa patients.
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Introduction

Bladder cancer (BCa), a tumor that grows in the bladder mucosa, ranks the fourth most aggressive tumor among male-related cancers (1). In today’s clinical treatment, the cystoscopic biopsy is regarded as the gold standard for BCa detection (2). BCa is divided into two categories according to whether there is tumor infiltration in the bladder muscle: non-muscle-invasive type and muscle-invasive type. Nearly 70% of all newly diagnosed BCa patients are non-muscle invasive bladder cancer (NMIBC) (3). Tumor resection is the most common treatment method for NMIBC, followed by intravesical Bacillus Calmette-Guerin (BCG) immunotherapy or intravesical chemotherapy (4). The 5-year survival rate of NMIBC is approximately 90%, and the risk of postoperative recurrence is 50% to 70% (5). Nearly 25% of NMIBC patients will eventually break through the basement membrane barrier and develop into muscle-invasive bladder cancer (MIBC), which may be related to drug resistance (6). Although the current combination of surgery, radiotherapy, chemotherapy and targeted therapy has extended the overall survival of patients to a certain extent, the overall patient recurrence and mortality rates of BCa are still high (4). Due to the properties of BCa, personalized medicine is currently the most used approach to benefit patients and treatment outcomes. However, developing better-personalized medicine requires more validated biomarkers, such as early diagnosis and prognostic indicators, which can help doctors identify patients who need early aggressive treatment earlier and predict patients who respond to the targeted drug (7). In recent years, immunotherapy with immune checkpoint inhibitors has been gradually used for treatment and has achieved certain curative effects. This approach includes anti-PD-L1 therapies, atezolizumab, avelumab, nivolumab and pembrolizumab, which are only approved in the metastatic stage (8–10). However, relatively few biomarkers are available to assess the efficacy of immunotherapy against BCa. Therefore, there is an urgent need for new and precise efficacy assessments of BCa therapy.

At present, most cancer patients die from cancer metastasis rather than the primary tumor. Almost 90% of cancer deaths are due to cancer metastasis (11). At the beginning of BCa, cancer begins as noninvasive papillary carcinoma (or carcinoma in situ), with 30 abnormal proliferation of cancer cells in the urothelium. The tumor can be surgically removed at this stage but has a high recurrence rate. BCa can evolve into an aggressive tumor when passing through the basement membrane (BM). Cancer cells can enter the connective tissue, get more space, nutrients and oxygen, increase in large quantities, enter the muscle layer, capillaries, and finally, cancer cells transfer (12). The BM mainly comprises a laminin and collagen network. Under normal circumstances, cells cannot pass through it. When the BM is dysregulated, it can promote the invasion and migration of cancer (13). BM is a vital tissue barrier between in situ and invasive carcinoma. The formation of endosomes and the degradation of extracellular matrix are the key to tumor invasion (14). Studies have shown that BM can be degraded mediated by MMP-2 and MMP-9, which are matrix metalloproteinases (MMPs) with proteolytic activity (15). lncRNAs can regulate BM degradation by affecting BM-associated proteins. BM-associated lncRNAs can not only serve as direct biomarkers to help differentiate cancers but also help clinicians monitor BM status to assess the extent of cancer progression. Therefore, developing BM-related lncRNA biomarkers is crucial for evaluating the degree of cancer invasion.

There are few studies on BM-related lncRNAs, so more research data on lncRNAs are needed to provide new references for clinical treatment. Several BM-related lncRNAs are closely associated with tumor infiltration and invasion. For example, lncRNA FOXF1-AS1 promotes the migration and invasion of osteosarcoma cells by promoting MMP-2 and MMP-9 (16). PSMA3-AS1 can upregulate laminin subunit gamma 1 (LAMC1) to promote the proliferation and migration of cholangiocarcinoma (17). BBOX1-AS1 promotes the proliferation and metastasis of oral squamous cell carcinoma and inhibits apoptosis by upregulating laminin subunit gamma 2 (LAMC2) (18).

This study aimed to explore differentially expressed BM-related lncRNAs (DEBMlncRNAs) in BCa and evaluate their prognostic significance. RNAseq, clinical, and somatic mutation data of BCa patients were downloaded through The Cancer Genome Atlas (TCGA) database. BM-related protein expression genes were obtained through the BM-BASE database. In the research, we identified eight BM-related lncRNAs to construct prognostic risk models, which could enhance prognostic prediction in BCa patients with various clinical conditions. We further analyzed differences in clinical characteristics and associated prognosis by risk-prognosis grouping, nomogram, functional enrichment analysis, tumor mutational burden analysis, immune function analysis, and immune infiltration assessment. We validated the expression of eight risk model DEBMlncRNAs in BCa cells. This model lays the foundation for studying immune mechanisms, new therapeutic targets, and clinical drugs.



Materials and methods


Cell culture

Two human BCa cell lines (5637 and BIU-87) and the normal human bladder epithelial cell line SV-HUC-1 were used in this study. All three cells were obtained from IMMOCELL (Xiamen, Fujian, China). Human bladder cancer Cell line 5637 and BIU-87 were cultured in RPMI-1640 medium, and SV-HUC-1 was cultured in F-12K medium, both of which were supplemented with 10% fetal bovine serum (FBS) and 1% Penicillin-Streptomycin solution. The cells were then cultured in a humidified incubator at 37°C with 5% CO2.



Identification of differentially expressed BM-related lncRNAs

In total, we collected 222 BM genes from the BM-BASE database, and 79 differentially expressed BM genes were identified using the Limma package in the R project (log2|fold change (FC)| ≥ 1.0, and p < 0.05) (19). A total of 14,056 lncRNAs were extracted from the transcriptome data of BCa patients in the TCGA database. Furthermore, correlation analysis between 79 differentially expressed BM genes and 14056 lncRNAs was identified by Pearson correlation analysis. A total of 435 BM-related lncRNAs (BMlncRNAs) were identified in BCa (|cor| > 0.4, p < 0.001). Finally, 304 DEBMlncRNAs were obtained by using the Limma package (log2|FC| ≥ 1.0 and p < 0.05) (19).



Construction of the prognostic signature

396 BCa samples acquired from TCGA were randomly separated into a training cohort and a test cohort in a 1:1 ratio to create a lncRNA-based signature. By univariate Cox analysis, we identified potential DEBMlncRNAs that showed great prognostic value for BCa in the training cohort (p < 0.05). Then, we conducted a LASSO regression analysis to remove the overfitting variables. Subsequently, a DEBMlncRNA signature was further generated using multivariate Cox regression to analyze the hazard ratios of potential lncRNAs. The risk of DEBMlncRNA signature = Σexp (DEBMlncRNAs) × β, where β is the coefficient of each candidate DEBMlncRNA from the multivariate Cox analysis.



Evaluation and validation of the risk model

Risk scores were analyzed for each BCa patient. All patients were divided into high-risk groups (high-risk score) and low-risk groups (low-risk score) according to the median risk score. The KM survival curves were compared between the two risk groups’ overall survival, disease-specific, and progression-free survival. Time-dependent receiver operating characteristic (ROC) curve analysis of 1-year, 3-year, and 5-year survival rates and risk scores and various clinical features were performed using the “survival”, “survminer” and “timeROC” R packages (20). The expression of 8 lncRNAs in high-risk and low-risk groups was visualized with a heatmap, and the distribution of risk score and survival time for each patient was described using a scatterplot.



Construction of the predictive nomogram

For the univariate and multivariate Cox regression analysis, a total of 396 cases with accompanying clinical data were employed. To improve the predictive potential of DEBMlncRNAs, we constructed a nomogram derived from DEBMlncRNAs and other clinicopathological characteristics for outcome forecasting in BCa patients. To validate the nomogram, calibration curves were created.



Risk score and clinical characteristics

Prediction of prognosis by age, gender, and T stage in high-risk and low-risk groups using KM survival curves. A heatmap showed the relationship between 8 lncRNAs and clinical features in the risk model. Boxplots showed differences in clinical characteristics in risk scores.



Functional and pathway enrichment analysis

We screened for differentially expressed genes (DEGs) between high-risk and low-risk groups of BCa patients in TCGA by using the R package Limma (19). The screening criteria were |log2FC| ≥ 1 and P < 0.05. Gene ontology (GO) analysis to explore DEGs related to gene functions. Gene Set Enrichment Analysis (GSEA) and Kyoto Encyclopedia of Genes and Genomes (KEGG) were used to find signaling pathways associated with DEGs.



Analysis of tumor-infiltrating immunocyte and immune checkpoints

CIBERSORT is an immune correlation algorithm that analyzes the abundance of 22 immune cells in a sample to show the immune status of BCa samples. We used the R packages ggplot2 and ggpubr to visualize risk scores and immune checkpoint activation between patients in the low-risk group and patients in the high-risk group (20, 21).



Estimation of tumor mutational burden

Tumor mutational burden (TMB) is a new therapeutic metric used to determine sensitivity to immunotherapy. The somatic mutation data were analyzed using the R package maftools (22). The median TMB value was used as a demarcation criterion to classify BCa patients into high TMB and low TMB groups.



Exploration of the model in clinical treatment

After downloading data from the Genomics of Cancer Drug Sensitivity (GDSC) database, the R package pRRophetic was used to analyze the half-maximal inhibitory concentration (IC50) of each BCa patient and the drug to predict treatment response (23).



Validation of risk model LncRNA expression with external datasets

Gene expression data of BCa and paracancerous tissues in GSE133624 were downloaded from the GEO database, and a total of 36 BCa tissues and 29 paracancerous tissues were obtained. We used the R package Limma to examine the differential expression of risk model lncRNAs in BCa and paracancerous tissues. The test criteria were |log2FC| ≥ 1 and P < 0.05 (19).



RNA isolation and quantitative real-time polymerase chain reaction

mRNA was extracted using Trizol reagent (Invitrogen, Carlsbad, CA, USA) and was reversed to cDNA by using ReverTra Ace® kit (Toyobo, Japan) according to the manufacturer’s protocol. qRT-PCR was used to detect related genes by using SYBR green PCR master mix (Servicebio, Wuhan, China). The primer sequences were listed as follow: AC004034.1, forward, 5’-CCTGTGAGACCCTGAGCAGAGG-3’ and reverse, 5’-ATGGTAGGCTAAGTCCTGTGAGTCC-3’; AL662797.1, forward, 5’-CGGATCTTGCTGATAAGGAGAGTGC-3’ and reverse, 5’-ATGTGGTACGGAAGGAGGCAGAG-3’; NR2F1-AS1, forward, 5’- CGGCACAGCAGACCTCTTAGTAATG-3’ and reverse, 5’- CAACAGATTGGCTGGAGGATGGTAG-3’; SETBP1-DT, forward, 5’- TGGCTGCTGGTTTGAGTTCCTTC-3’ and reverse, 5’- CCCAGTCTCTTTCACTCCACTTCAC-3’; AC011503.2, forward, 5’- CTTCGCCTCATACTTGCTCTGTCTC-3’ and reverse, 5’- GCATCTGCTTCTGGTGAGAGTGTC-3’; AC093010.2, forward, 5’- CCATAAGTCTCGGCACTGCTCATC-3’ and reverse, 5’- GACTTCCCAGTATGGCGTTTCTCC-3’; LINC00649, forward, 5’- AGACACTTGCGGTTCTTCCATTGAG-3’ and reverse, 5’- GGTGCCTCAGATGCTACTGGTTATG-3’; LINC02321, forward, 5’- TGGTGAGGGTTGGTGAGCAGAC-3’ and reverse, 5’- CCCAGAGGAACGCCAGGAATTAAC-3’.



Cell transfection and CCK-8 assay

5637 cells were grown in 1640 medium (Servivebio) containing 10% fetal bovine serum (EVERY GREEN) in an incubator (37°C and 5% CO2). Small interfering RNA targeting LINC00649 (si-LINC00649), as well as negative control RNA (si-NC), were transfected into 5637 cells by Lipo 2000 (Invitrogen). The viability of 5637 cells was detected using the CCK-8 assay kit (Krbio) according to the manufacturer’s instructions. Optical density was measured by a microplate reader (BIOTEK).



RNA FISH

BCa tissue chips (Biotechwell) were fixed with 4% formaldehyde/10% acetic acid and stored in 70% ethanol overnight. A fluorescently labelled single-stranded probe (lncRNA LINC00649: AGTTGGAAAGGTCCCGCTAGTTGA-Cy3; lncRNA AC011503.2: AGAGACAGAGCAAGTATGAGGCGAA-Cy3) was synthesized, followed by hybridization. 18S and U6 oligonucleotides were purchased from Ribo Bio (Shanghai). To increase the stability of RNA foci, RNA signal was detected with the tyramideAlexa Fluor 546 Signal Amplification Kit (Invitrogen). After labelling, fluorescence signals were detected using a microscope (BX41; Olympus).



Statistical analysis

R version 4.1.2 was used to examine all statistical data. Kaplan-Meier survival analysis was performed to detect survival distinctions between the two risk groups. Statistical analysis was performed using flexible statistical methods and was statistically significant when the p-value was less than 0.05.




Results


Acquisition of differentially expressed BMlncRNAs

From the BCa transcriptome data of TCGA, a total of 14,056 lncRNAs were extracted. From the BM-BASE database, 222 BM genes were obtained, and 79 differentially expressed BM genes were identified, comprising 27 up-regulated genes and 52 down-regulated genes (Figure 1A). Then, the co-expression relationship between 14,056 lncRNAs and 79 differentially expressed BM genes was analyzed. A total of 435 lncRNAs were identified as BM lncRNAs. Finally, 304 DEBMlncRNAs were identified (Figure 1B).




Figure 1 | Screening for basement membrane-associated differential genes and differential LncRNAs. (A) Volcano plot of 79 basement membrane-associated differential genes. (B) Volcano plot of 304 basement membrane-associated differential LncRNAs.





Development of a prognostic risk model

We integrated clinical characteristics from the BCa cohort in TCGA and excluded individuals with a survival duration of fewer than 30 days. A total of 396 patients were randomly allocated to the train and test groups. We identified 22 prognosis-associated DEBMlncRNAs in the train set through univariable Cox analysis. We then performed LASSO Cox regression and multivariate analysis. Ultimately, eight DEBMlncRNAs (AC004034.1, AL662797.1, NR2F1-AS1, SETBP1-DT, AC011503.2, AC093010.2, LINC00649 and LINC02321) were identified to develop a risk model (Figures 2A, B). The expression levels of eight DEBMlncRNAs differed statistically substantially between the normal and tumor groups from the BCa dataset in TCGA (Figure 2C–J). We list the detailed coefficient of the eight lncRNA signatures (Table 1). We summarized eight lncRNA-related differential BM genes (cor>0.4) (Table S1). The low-risk group had a better prognosis than the high-risk group based on the disease-specific survival and progression-free survival curve (Figure 3).




Figure 2 | Construction of a basement membrane-associated lncRNA risk model. (A) The LASSO coefficient profile of 8 differential basement membrane-associated lncRNAs. (B) Variable cross-validation in LASSO regression. Expression of 8 lncRNAs (C) AC004034.1 (D) AL662797.1 (E) NR2F1-AS1 (F) SETBP1-DT (G) AC011503.2 (H) AC093010.2 (I) LINC00649 (J) LINC02321 in bladder cancer and adjacent paracancerous tissues from the TCGA database.




Table 1 | Eight DEBMlncRNAs with BCa in the TCGA dataset were identified by LASSO analysis.






Figure 3 | The lower risk group had a better prognosis in the risk model. (A–C) Kaplan-Meier curves of disease-specific survival in the entire, train and test sets, respectively, in the high-risk group compared with the low-risk group. (D–F) Kaplan–Meier curves of progression-free survival in the entire, train and test sets, respectively, in the high-risk group compared with the low-risk group.





Prognostic features of risk models

The predictive value of prognostic features was evaluated in the entire set (n=396), train set (n=200), and test set (n=196). The distribution of risk scores, survival status, survival time, and associated expression criteria for these lncRNAs between low- and high-risk groups was assessed using risk scoring formulas across the entire set, training, and test sets. Based on these findings, The high-risk group had a worse prognosis than the low-risk group (Figure 4). The hazard ratio and 95% confidence interval (CI) of the risk score in univariate Cox regression were 1.438 and 1.308-1.580, respectively (p < 0.001). The hazard ratio and 95% CI of risk were 1.381 and 1.252-1.524 (p < 0.001), respectively, according to multivariate Cox regression (Figures 5A, B). Furthermore, age (1.029 and 1.012–1.047; p < 0.001), T (1.383 and 1.013–1.38; p < 0.001) and M (1.372 and 1.015–1.855; p < 0.001) were also independent prognostic parameters (Figure 5B).




Figure 4 | Association between basement membrane-associated lncRNA signatures and prognosis in a risk model. The Kaplan–Meier curves of overall survival, heatmap, risk score, survival time for BCa patients in the (A–D) entire set. (E–H) train set. (I–L) test set.






Figure 5 | Independent prognostic value of clinical features in risk models. (A, B) Univariate Cox regression analysis and multivariate Cox regression analysis of clinical factors and risk scores. (C–E) Time-dependent ROC curves predict 1-year, 3-year, and 5-year overall survival for BCa patients in the entire; train; and test sets. (F–H) Multivariate time‐dependent ROC curve predicted the AUC for age, gender, grade, stage, T, N, and risk score of the total survival for 1‐year in the entire; train; and test sets.



The ROC curve was used to assess the sensitivity and specificity of the model to predict prognosis. We further examined the ROC curve results by calculating the area under the ROC curve (AUC). The 1-, 3-, and 5-year AUCs were 0.707, 0.655, and 0.704, respectively, in the entire set; 0.728, 0.735, and 0.782, respectively, in the training set; and 0.662, 0.565, and 0.635, respectively, in the test set (Figures 5C–E). The clinical variables and risk score had the strongest predictive capacity according to the risk model’s 1-year ROC curve (Figures 5F–H).



Clinical features and risk scores

We performed clinical analyses based on the clinicopathological characteristics of BCa patients in the TCGA database (Table 2). Heatmap revealed the expression of 8 specific DEBMlncRNAs in high- and low-risk groups. In the BCa data from the TCGA database, there is a statistically significant difference in M, T, stage, gender between the two risk subgroups (Supplementary Figure 1A). Through further analysis, we found a significant relationship between risk score and clinical characteristics, age, gender, grade, M, N, and T stages, and the findings showed that women and men had higher risk scores in BCa patients. Patients with the M1 stage have higher risk scores than the M0 stage. Stage II and stage III, stage III and stage IV, T2 and T3, etc., had significant statistical differences in risk scores compared to Stage I and T1, respectively. At the same time, there was no statistically significant relationship between risk score and age, grade, or N stage (Supplementary Figures 1B–H).


Table 2 | Clinicopathological parameters of BLCA patients in this research.





Nomogram and clinical indicators

Based on independent prognostic factors, namely risk score, age, T, N, stage, gender, and grade, we used nomograms to predict 1-, 3-, and 5-year overall survival in BCa patients (Figure 6A). We found that risk scores had the highest concordance index, suggesting that risk scores were more accurate than other clinical information in predicting prognostic outcomes (Figure 6B). We also used 1-, 3-, and 5-year calibration plots to verify the nomogram’s agreement with the overall survival prediction (Figure 6C). Survival curves indicated that patients in the high-risk group with age, gender, T0-2 and T3-4 disease had a poorer prognosis (Figures 7A–F).




Figure 6 | Construction and evaluation of the nomogram of the risk model. (A) Nomogram combines risk scores and clinical features to predict 1-, 3-, and 5-year overall survival. (B) Concordance index of risk score and clinical characteristics. (C) The calibration curves for 1-, 3-, and 5-year overall survival. *P < 0.05, **P < 0.01, ***P < 0.001.






Figure 7 | The clinical utility of the risk score. (A, B) Age. (C, D) Gender. (E, F) T.





Functional and pathway enrichment analysis in risk model

We used GO, KEGG and GSEA to analyze DEGs in low-risk and high-risk groups to better understand the underlying biological processes. In the GO analysis, DEGs were mainly enriched in BCa-related biological processes, including “Epidermis development”, “Humoral immune response”, “Extracellular matrix disassembly”, and “Keratinization” (Figure 8A). According to the KEGG analysis, these DEGs were mainly enriched in the “IL−17 signaling pathway”, “Proteoglycans in cancer” (Figure 8B). In the GSEA analysis, “Ecm receptor interaction” and “Regulation of actin cytoskeleton” were mainly enriched in the high-risk group. The low-risk group was enriched in “arachidonic acid metabolism”, “fatty acid metabolism”, and “retinol metabolism” (Supplementary Figure 2).




Figure 8 | GO and KEGG enrichment analysis. (A) GO enrichment analysis in the differentially expressed genes between the low-risk and high-risk groups. (B) KEGG pathway analysis in the differentially expressed genes between the low-risk and high-risk groups.





Tumor mutational burden analysis in risk model

After classifying BCa patients into high TMB (n = 185) and low TMB (n = 186) groups based on the median TMB, the waterfall plot showed that the highest mutated genes between the two risk groups were TP53 and TTN scores (Figures 9A, B). The mutation frequency of KDM6A was 27% in the low-risk group and 18% in the high-risk group. Further analysis found that patients in the low-risk group had higher TMB scores than those in the high-risk group (Figure 9C). In the Kaplan–Meier results, a high TMB increased patient survival compared to a low TMB (Figure 9D). Interestingly, various groups of patients with varying TMB scores showed diverse prognoses in this research. In the Kaplan–Meier analysis, patients in the low-risk category with high TMB had a significantly better prognosis than patients in other categories. (Figure 9E).




Figure 9 | Differences and prognosis in tumor mutational burden (TMB). (A) The waterfall plot and heatmap of mutation genes in the high-risk group. (B) The waterfall plot and heatmap of mutation genes in the low-risk group. (C) Differences in TMB scores across risk groups. (D) Kaplan-Meier curves of H-TMB group and L-TMB group. (E) Kaplan-Meier curve of H-TMB and L-TMB scores in the different risk groups.





Immune cell infiltration, immune function analysis and immunotherapy

We assessed differences in immune function between the two groups by calculating the ESTIMATE score, immune score, and stromal score of BCa samples. The results of the study found that patients in the high-risk group had higher scores in all three categories (Supplementary Figures 3A–C). By further exploring the distribution of immune cells in BCa patients, we found that the low-risk group was enriched with a high number of B cells naive, plasma cells, T cells follicular helper, T cells regulatory and dendritic cells activated, whereas the high-risk group contains a higher proportion of NK cells resting (Supplementary Figure 3D). By analyzing the correlation of immune cell infiltration with risk score, we found that risk score was significantly negatively associated with the function of B cells naive, plasma cells, T cells follicular helper, T cells regulatory and dendritic cells activated and were significantly positively correlated with NK cells resting (Supplementary Figures 3E–I).

Our study found 33 immune checkpoints (LAIR1, TNFSF18, TNFSF9, TNFRSF25, TNFRSF9, TNFRSF18, ICOS, CD70, PDCD1, HAVCR2, CD44, BTLA, PDCD1LG2, CTLA4, CD274, LAG3, TNFRSF14, TNFRSF8, CD80, CD48, LGALS9, IDO1, TNFSF4, TNFRSF4, CD27, CD28, NRP1, CD86, CD276, TIGIT, TNFSF14, TNFSF15, and CD160) that were statistically different in the high-risk and low-risk groups (Supplementary Figure 4A). Through the analysis of immune function, 12 immune function scores in the high-risk group were higher than those in the low-risk group (Supplementary Figure 4B). In addition, tumor immune dysfunction and exclusion (TIDE) scores were significantly higher in the high-risk group (Supplementary Figure 4C). We classified BCa patients into four immune subtypes (C1, C2, C3, and C4), with C2 having the highest risk score, followed by C1, and finally C3 and C4, with no statistical difference between C3 and C4 (Supplementary Figure 4D).

With the popularity of personalized medicine in recent years, immunosuppressive treatment, such as immune checkpoint inhibitor (ICI) therapy, has also gained much attention. When considering clinical value, the high-risk group was more sensitive to A.443654, A.770041, AICAR, AMG.706, AUY922, AZ628, and AZD.0530 than the low-risk group. The low-risk group was more sensitive to ABT.888, AKT. Inhibitor VIII, ATRA and Axitinib (Supplementary Figure 5).



Identification of eight BM-associated LncRNAs

We analyzed the expression levels of eight lncRNAs in BCa and paracancerous tissues in the GSE133624 chip. AC011503.2, LINC00649, and LINC02321 were highly expressed in BCa, NR2F1-AS1, SETBP1-DT, and AC093010.2 were under expressed in BCa. This is consistent with the expression trend of six lncRNAs in BCa and paracancerous tissues in the TCGA database (Supplementary Figure 6). We analyzed the expression of eight BM-associated lncRNAs and validated them in normal human bladder epithelial cells and human bladder cancer cells. The study showed that AC004034.1, AC011503.2, LINC00649 and LINC02321 (Figures 10A–D) were significantly elevated in human BCa cells, NR2F1-AS1, SETBP1-DT and AC093010.2 (Figures 10E–G) were significantly reduced in human bladder cancer cells. The expression of AL662797.1 (Figure 10H) was significantly increased in 5637 cells and significantly decreased in BIU-87 cells.




Figure 10 | qRT-PCR for detection of lncRNA expression levels in a risk model in BCa cells. (A) AC004034.1 (B) AC011503.2 (C) LINC00649 (D) LINC02321 (E) NR2F1-AS1 (F) SETBP1-DT (G) AC093010.2 (H) AL662797.1 *P < 0.05, **P < 0.01, ***P < 0.001.





RNA FISH and CCK8

We verified and localized the expression of LINC00649 and AC011503.2 in BCa tissue microarray by RNA FISH technology. We found that both LINC00649 and AC011503.2 were highly expressed in BCa tissues, LINC00649 was mainly distributed in the cytoplasm, and AC011503.2 was distributed primarily in the nucleus (Figures 11A, B). We used si-LINC00649 to knock down the expression of LINC00649 in 5637 cells, and si-LINC00649-1 had the best knockdown effect (Figure 11C). Through CCK8 detection, we found that knockdown of LINC00649 could promote the proliferation of 5637 cells (Figure 11D).




Figure 11 | Validate the expression of model lncRNAs in tissues and explore the effect on 5637 cell proliferation. (A) RNA-FISH showed that LINC00649 was mainly distributed in the cytoplasm. (B) RNA-FISH showed that AC011503.2 was mainly distributed in the nucleus. (C) The effects of si-LINC00649 on LINC00649 expression in 5637 cells. (D) The effects of knockdown of LINC00649 on the proliferation viability of 5637 cells. **P > 0.01, ***P >0.001, ns, not significant.






Discussion

BCa is one of the most common invasive tumors in urology. At present, the main clinical treatment methods are surgical resection and chemotherapy. However, in recent years, the prognosis of BCa patients has not been effectively improved due to tumor metastasis and recurrence (24). As the main barrier of carcinoma in situ and invasive tumors, the BM ensures the integrity of its structure and function, can control the metastasis of cancer cells, delay the progression of cancer, and improve the prognosis of patients. The BM is mainly composed of a fibrin network consisting of collagen IV and laminin. There is substantial evidence that tumor invasion is associated with collagen IV and laminin (25). As in invasive BCa, the expression level of serum laminin P1 is proportional to disease progression (26). Loss of laminin 5 expression in immunohistochemistry is strongly associated with increased BCa mortality (27). Highly aggressive tumors secrete laminin and collagen IV, and overexpression of these two proteins promotes tumor growth and angiogenesis (28). The usefulness of BM detection for the classified staging of BCa has also reached widespread recognition (25). These all reflect the importance of the BM for the clinical progression of BCa. However, the BM’s specific components and regulatory mechanisms are still unclear. The latest research screened BM-related proteins through bioinformatics technology and a large amount of disease genome information and finally found 222 protein expression genes closely related to BM (29). Although many types of lncRNAs are related to tumor prognosis in previous studies, such as immune-related lncRNAs, epithelial-mesenchymal transition-related lncRNA, redox-related lncRNA, etc (30–32). However, there are currently few approaches for predicting BM-related lncRNAs in BCa patients.

In this study, we developed a BM-related lncRNA prognostic model based on the genetic information of the BM-BASE database. In our study, 8 BM-related lncRNAs, including AC004034.1, AL662797.1, NR2F1-AS1, SETBP1-DT, AC011503.2, AC093010.2, LINC00649and LINC02321, were selected by LASSO regression to construct a risk model based on DEBMlncRNAs. We used the dataset GSE133624 for external validation of 8 lncRNAs, of which the expression results of 6 lncRNAs(AC011503.2, LINC00649, LINC02321, NR2F1-AS1, SETBP1-DT, and AC093010.2) were consistent with the results in the TCGA database. Currently, we have verified the expression of eight lncRNAs in SV-HUC-1, 5637, and BIU-87. SV-HUC-1 cells served as controls; AC004034.1, AC011503.2, LINC00649, and LINC02321 were highly expressed in 5637, BIU-87 cells, NR2F1-AS1, SETBP1-DT, and AC093010.2 in 5637, BIU-87 cells Moderate to low expression. These are consistent with the expected results. However, AL662797.1 is highly expressed in 5637 cells and low in BIU-87 cells, and the mechanism needs further exploration. In a human bladder cancer chip, we examined the expression and cellular localization of LINC00649 and AC011503.2. We found that LINC00649 and AC011503.2 were highly expressed in bladder cancer tissues, LINC00649 was mainly distributed in the cytoplasm, and AC011503.2 was distributed primarily in the nucleus. Furthermore, we knocked down the expression of LINC00649 in 5637 cells and found that it promoted the proliferation of 5637 cells. However, the specific mechanism needs further research and verification. Previous studies found that NR2F1-AS1 upregulates the expression level of ST8SIA1 by recruiting SPI1, thereby promoting proliferation and metastasis of BCa cells (33). LINC00649 has verified its tumor-promoting effect in gastric cancer, colorectal cancer, BCa, etc (34–36). LINC02321 is upregulated in BCa tissues and UMUC3 cells (37). AC004034.1, AL662797.1, SETBP1-DT, AC011503.2 and AC093010.2 have been less studied and will be explored further. We focused on DMlncRNAs and pathways by investigating the correlation between gene expression and gene mutation using clinical data from normal and BCa samples reported by TCGA to determine whether DMlncRNAs are potential targets for BCa therapy. Patients with higher risk scores were more likely to have adverse outcomes than patients with lower risk scores. TMB analysis showed significant differences in the mutated genes KDM6A, ARID1A and TTN and prognosis among different groups, and their gene functions need to be further studied. From the immune microenvironment, we can see that patients in the high-risk group have more resting NK cell infiltration. In addition, patients in the low-risk group had higher proportions of naive B cells, plasma cells, T cell follicular helper cells, regulatory T cells, and activated dendritic cells. This may be the reason for the poorer prognosis in the high-risk group, and further studies are needed to prove our results. Interestingly, low-risk and high-risk group patients were sensitive to multiple chemotherapeutic agents. Immune checkpoint analysis revealed that 33 genes based on this risk score were significantly different.

Several immune checkpoint inhibitors (ICIs) are currently approved as first-line therapy in patients who are not suitable for cisplatin or second-line therapy in metastatic urothelial carcinoma (MUC) of the bladder. About 30% of MUC patients will respond to ICIs immunotherapy. Immunosuppressants currently developed for PD-1 and PD-L1 show better prognostic effects than chemotherapy in the second-line treatment of MUC (38). ICIs targeting CTLA4, such as ipilimumab and tremelimumab, have also proven therapeutic effects in treating advanced BCa (39). Extracellular matrix disassembly and remodeling can affect tumor invasion by altering the tumor microenvironment (40). Keratinization is also associated with tumor metastasis, with transformed keratinocytes invading the dermis through the BM leading to aggressive cutaneous squamous cell carcinomas with substantial metastatic potential (41). IL-17 signaling pathway is also a classic cancer-related signaling pathway, which has been extensively studied in breast cancer, colorectal cancer, and squamous cell carcinoma (42–44).

Proteoglycans in BM are aberrantly expressed or dysfunctional upon stimulation by cancer cells and affect cancer and angiogenesis, and are critical to the evolution of the tumor microenvironment (45). Tumor mutational burden is an important biological marker indicating tumor mutation status and is considered as an effective method to discover potential tumor immune regulatory pathways (46, 47). In this study the prognostic survival rate of H-TMB is higher than that of L-TMB, indicating that the prognosis of L-TMB patients in the high-risk group is the worst and requires earlier combined treatment and targeted therapy. In the early stages of tumors, immune cells can interact with cancer cells through the BM barrier to control cancer progression (48). In our study, patients in the high-risk group tend to have higher tumor stages, which may be related to changes in the structure and function of the basement membrane. Still, more researches are needed to prove our results further.

In recent years, with the maturity of sequencing technology, big data mining has gradually emerged and promoted the process of personalized medicine. Although some BM-related proteins have been studied in BCa in the past, the core BM-related proteins have not been summarized and modeled. The BM-related protein expression genes were downloaded from the BASE database, and these genes were used for further research and modeling in BCa. Currently, risk scoring models are mostly constructed using the LASSO regression method. The ROC curve can also indicate that the risk model has higher sensitivity and specificity in predicting prognosis than other clinical indicators. At the same time, the correlation analysis between risk scores and clinical index showed statistical differences in immune scores in terms of T stage, M stage and gender. This result implies that high-risk scores are associated with aggressive BCa as well as metastatic BCa, and are consistent with prognostic outcomes in prior-risk subgroups. Immune checkpoint inhibitors are a promising cancer therapy that blocks key molecules in the development of cancer to demonstrate anticancer efficacy, especially in patients with advanced cancer and those who cannot afford chemotherapy (49, 50).

In conclusion, our study provides a basis for the study of basement membranes in BCa. First, we developed prognostic risk models for 8 DEBMlncRNAs through public databases, found that the risk models could accurately predict the prognosis of patients, and the risk score was also closely related to tumor invasion and metastasis and verified the expression of 8 DEBMlncRNAs in BCa cells. Second, we confirmed the expression of LINC00649 and AC011503.2 in human bladder cancer tissue microarray by RNA-FISH. Third, we knocked down the expression of LINC00649 in 5637 cells with si-LINC00649 and demonstrated that the knockdown of LINC00649 could promote the proliferation of 5637 cells.



Conclusions

In conclusion, we identified eight BM-associated lncRNAs for predictive signature and risk modeling. This risk model can predict the prognosis and immune status of BCa patients, classify the degree of tumor infiltration and metastasis, and thus provide a favorable early personalized treatment option for BCa patients.
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Bladder cancer (BCa) is a life-threaten disease with an increasing incidence with age, and immunotherapy has become an important treatment for BCa, while the efficiency of the immune system declines with age. It is vital to reveal the mechanisms of tumor immune microenvironment (TIME) and identify novel immunotherapy targets for BCa. Through analyzing the RNA-seq of TCGA-BLCA cohort, we distinguished two ferroptosis-related BCa clusters, and we discovered that in comparation with cluster 2, the cluster 1 BCa patients showed higher PD-L1 expression, more unfavorable overall survival and higher tumor stage and grade. XCELL analyses showed that higher level of Th2 cell and Myeloid dendritic cell were enriched in cluster 1, while NK T cell was enriched in cluster 2, and TIDE analysis revealed that cluster 2 was more sensitive to immunotherapy than cluster 1. GSEA analysis implied that Toll-like signaling pathway and JAK_STAT signaling pathway were significantly enriched in cluster 1. Subsequently, through performing bioinformatic analysis and cell experiments, we demonstrated that GCLM is overexpressed in BCa and indicates dismal prognosis, and knockdown of GCLM can significantly suppress the colony formation ability of BCa cells. Furthermore, we also found that GCLM might be correlated with immune infiltration in BCa, and can serve as a tumor promotor and immunological biomarker in BCa, our research showed the vital roles of ferroptosis regulators in TIME of BCa, and GCLM is a latent therapeutic target for cancer immunotherapy.
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Introduction

Bladder cancer is one of the most common malignancies, resulting in more than 550,000 new cases and 200,000 deaths annually worldwide (1). Despite remarkable advancements have been achieved in cancer treatment in recent years, the clinical outcomes of bladder cancer patients are still unsatisfactory, especially for the elderly (2). Recently, immunotherapies targeting immune checkpoints have shown unprecedented effects in treating multiple cancer, including the BCa (3). However, tumor immunosuppressive environment can greatly impair therapeutic effects and result in unsustainable clinical benefits (4). More and more studies demonstrated that combined therapies such as chemotherapy, radiotherapy and other targeted drugs could improve the tumor immune microenvironment (TIME) and enhance the therapeutic effects of immune‐checkpoint inhibitors (ICIs) (5, 6). Therefore, to probe the heterogeneity and potential mechanisms of TIME for BCa might help for personalized immunotherapy management.

Ferroptosis is a modifiable and complex programmed cell death process that requires accumulation of lipid peroxides (7). Despite the physio-pathologic roles of ferroptosis have not been known thoroughly, the mechanisms underlying ferroptosis have been revealed gradually with the help of great efforts from researchers. Given that the vital roles of ferroptosis in inducing cell deaths, ferroptosis might also play a key role in tumor progression (8). As a matter of fact, there are several studies have reported that the ferroptosis and its regulator genes could determine the destiny of bladder cancer cells (9, 10). However, most studies pay close attention to the intrinsic mechanisms of ferroptosis in BCa, the associations between ferroptosis and TIME still remain unclear. Emerging evidence indicates that the anti-PD-L1 antibodies could activate NK T cell thus induce cancer cells ferroptosis, while the ferroptosis depressor could restrain this process. Additionally, they also discovered a synergistic effect between ferroptosis activator and ICIs (anti-PD-L1 antibodies), they can synergistically inhibit cancer cell proliferation (11). However, a systematic analysis of ferroptosis regulators and TIME in BCa is still missing.

Recently, Liang et al. has constructed a ferroptosis-related genes (FRGs) signature to help predict the prognosis of BCa patients, while they did not cluster bladder cancer patients according to the expression of ferroptosis regulators (12). Here, we systematically analyzed the relative expression, prognostic values and cluster of ferroptosis regulator genes in BCa, we constructed two heterogenous BCa clusters and discovered different clinical characteristics and prognosis between two clusters, Distinct tumor immune microenvironment (TIME), PD-L1 expression and sensitivity to immunotherapy were also found between this two clusters, which will help to stratify different risk BCa patients and guide further treatment. Subsequently, the GCLM was determined as the potential key regulator among these ferroptosis genes, through performing bioinformatic analysis and cell experiments, we demonstrated that GCLM is overexpressed in BCa and indicates dismal prognosis, and knockdown of GCLM can significantly suppress the colony formation and migration ability of BCa cells. Furthermore, we also found that GCLM might be correlated with immune infiltration in BCa, and can serve as a tumor promotor and immunological biomarker in BCa. Our research provides a novel insight and potential therapeutic target for BCa.



Materials and methods


Human cell lines and qRT-PCR analysis

The human normal bladder cell line SV-HUC-1 (short name: SV) and BCa cell line UM-UC-3 (short name: UC3), T24 and J82 were obtained from Shanghai Institute of Cell Biology (Shanghai, China). The RPMI 1640 (for T24, J82 cell) and MEM (for UC3, SV cell) medium with 10% fetal bovine serum (FBS) were used to culture cells under a humidified atmosphere of 5% CO2 at 37°C. The TRIzol reagent (Takara) was used to extract total RNA, and PrimeScript RT Reagent Kit (Takara) was utilized to reverse into cDNA. The ABI 7500 fast real-time PCR System (Applied Biosystems) and SYBR Premix Ex Taq (Takara) was used to detect relative expression of GCLM mRNA via RT-qPCR method. GAPDH was the normalization reference. All primers were listed in (Supplementary Table 1).



Cell transfection, trans-well and colony formation assay

The BCa T24/UC3 cells were treated with 50nM si-GCLM or si-NC, the transfection procedure was performed as previously described (13), and the si-RNAs were listed in (Supplementary Table 1). The transfected cells were cultured for 48h, and were digested in biosafety cabinet and calculated in cell counter (JIMBIO-FIL), the cells were then mixed with the culture medium according to the standard of 1000 cells/well, then added into a 6-well plate, the 6-well plate were cultured for 10 days, and were firstly fixed with methanol (15-20 min, 1ml/well), then stained with crystal violet (15-20 min, 1ml/well). Finally, the 6-well plate was rinsed in a container containing tap water, then dried and calculated to detect relative colony formation efficacy. The transwell compartments (Millipore) was used to evaluate the migration capacity of T24/UC3 cells, the BCa cells (about 7 × 104 UC3 and 5 × 104 T24 transfection cells) in serum-free medium (300 μL) were transferred to the upper layer of the chambers and put in 24-well plate (800μL 10% FBS medium) and cultured for 24 h under 37°C. Then the compartments were disposed with the methanol and crystal violet (0.1%). The phase-contrast microscope (Olympus, 20×) was used to image.



Data acquisition and analysis

The clinical information and RNA-seq of TCGA-BLCA cohort (408 BCa and 19 normal bladder tissues) were derived from the TCGA database (https://portal.gdc.cancer.gov/), the HPA database (https://www.proteinatlas.org/) was utilized to assess the relative protein expression of GCLM in BCa, to reduce error, the same antibody (antibody ID: CAB009568) representative IHC stain image was selected, to externally validate the prognosis of GCLM in BCa, the Kaplan-Meier plotter (http://kmplot.com/analysis/) database was online analyzed.



Consensus cluster analysis and LASSO regression analysis

Based on the expression of ferroptosis regulators in BCa, the consensus cluster analysis was performed through “Consensus Cluster Plus” package (the maximum number of clusters is six, and 80% of the total sample drawn 100 times), the clinical characteristics of two BCa clusters and Venn plot were displayed by using the Hiplot database (https://hiplot-academic.com/). The hub regulator gene selection was performed with the help of least absolute shrinkage and selection operator (LASSO) regression algorithm (“glmnet” package), and 10-fold cross-validation was used.



GSEA analysis

The “Cluster Profiler” package was applied to perform the GSEA analysis and probe the mechanisms of GCLM and two clusters, the KEGG analysis was used to illustrate potential signaling pathway led to the distinct biological process, FDR and adjust p value <0.05 indicate meaningful pathways.



TIME analysis

With the help of “GSVA” package, the ssGSEA algorithm was used to evaluate the relations of GCLM and 3 co-expressed genes with tumor immune cells. The xCell algorithm of “immunedeconv” and “pheatmap” package was implemented to assess immune infiltrating degree of two clusters, xCell algorithm was also used to investigate the links of GCLM and TIME in more than 30 types of cancer. The Tumor Immune Dysfunction and Exclusion (TIDE) analysis was used to predict ICB response (14). The expression relations of GCLM and immune checkpoints were also performed to illustrate the correlations of GCLM with TIME.



Statistical analysis

The GraphPad Prism (8.0) and R (4.0.3) were applied to perform statistical analyses. The associations of GCLM expression with co-expressed genes and PD-L1 expression were evaluated by using spearman correlation analysis, the t test and Kruskal-Wallis test were used to perform comparison among groups. p < 0.05 indicated significance.




Results


Diverse expression patterns of ferroptosis regulators in BCa

According to the previous studies, we selected 98 ferroptosis regulators to perform analysis, which were validated to play pivotal roles in cell ferroptosis (15, 16). Through analyzing the relative expression levels and prognostic values of ferroptosis regulators in TCGA-BLCA cohort, we found that there are 28 significantly upregulated ferroptosis regulators in BCa, including the ATG7, AURKA, CA9, CASP8, CDKN2A, ELAVL1, FANCD2, GCLM, GSS, HELLS, HILPDA, HMGB1, HMOX1, HSPA5, MIF, MT1G, MUC1, NFS1, NGB, OTUB1, PCBP2, PRC1, PROM2, SLC11A2, SLC3A2, STEAP3, TFRC and VDAC122 (P<0.05; Figure 1A), and there were 22 significantly downregulated ferroptosis regulators in BCa, including the ACSL6, ANO6, CFTR, CISD1, EGLN1, EPAS1, GCLC, MAP1LC3A, MAP1LC3B, MAP1LC3B2, MAP1LC 3C, MYC, NCOA4, NFE2L2, PRKAA2, PRNP, RIPK1, SLC39A14, SLC40A1, SOCS1, VDAC2, YAP1 (P<0.05; Figure 1B), and 48 non-differentially expressed ferroptosis regulators in BCa (P>0.05; Figure 1C). Furthermore, correlations of theses ferroptosis regulatory genes with the overall survival (OS) of BCa patients were also explored via using the Cox regression method, and the results implied that the highly expressed CISD1, GCLM, SLC39A8, MYC, VDAC1, SLC39A14, HSPA5, FH and LAMP2 were significantly associated with the worse OS of BCa patients (Figure 1D). These findings revealed that ferroptosis regulators may be involved in the progression of BCa.




Figure 1 | The relative expression levels and prognostic values of ferroptosis regulators in TCGA-BLCA cohort. (A) 28 significantly upregulated ferroptosis regulators in BCa. (B) 22 significantly downregulated ferroptosis regulators in BCa. (C) The expression levels of 48 ferroptosis regulators were not significantly different between BCa and normal bladder tissues. (D) The prognostic values of ferroptosis regulators in BCa, the red font represents statistical significance. *p < 0.05; **p < 0.01, ***p < 0.001. NS, Non Significance.





Identification of two heterogeneous clusters for BCa based on the expression levels of ferroptosis regulators

Based on the RNA-seq data of TCGA-BLCA, two heterogeneous clusters of BCa were identified via conducting the consensus clustering analysis according to the expression of these ferroptosis regulators, and the results demonstrated that the k=2 (Figure 2A) was more optimal than k=3, 4, 5, 6 (Figures 2B–E) for BCa, and this was consistent with the results of cumulative curves (Figure 2F). Hence, these 408 BCa patients were divided into two independent clusters (C1/C2; cluster 1/2). Subsequently, through analyzing the clinical information of these two cluster BCa patients, we found that patients in cluster 1 show higher percent of tumor stage and grade than cluster 2 (Figures 2G, H). Moreover, in comparation with the cluster 2 patients, cluster 1 patients possessed more unfavorable overall survival (Figure 2I).




Figure 2 | Consensus clustering analysis of ferroptosis regulators in BCa. (A–E) Consensus clustering matrix for (A) k = 2, (B) k = 3, (C) k = 4, (D) k = 5, (E) k = 6. (F) Cumulative curves for k = 2–6. (G, H) Distribution of C1/C2 in BCa (G) TNM stage and (H) tumor grade. (I) Kaplan-Meier curves showing OS of C1/C2. C1 and C2 represents Cluster 1 and Cluster 2, respectively.





Distinct immune environment and PD-L1 expression in two BCa clusters

In order to probe the immune microenvironment of the above two BCa clusters, we preliminarily analyzed the TCGA-BLCA cohort, and the results revealed that 62 ferroptosis regulators are positively correlated with PD-L1, 10 ferroptosis regulators are negatively correlated with PD-L1, and 26 ferroptosis regulators have no significant associations with PD-L1 (Figure 3A), this indicated that ferroptosis regulators may be tightly linked with the tumor immune microenvironment (TIME) of BCa. Therefore, we further explored the TIME of two clusters, and found that there is significantly distinct TIME between two BCa clusters (Figure 3B). We also investigate the expression of immune checkpoints of two clusters, and the results showed that the checkpoints such as PD-L1, CTLA4, PD-1, LAG3, PD-L2 and TIGIT were remarkably overexpressed in cluster 1 compared to cluster 2 (Figure 3C). Moreover, the results of xCell algorithm showed that the immune score and microenvironment score in cluster 1 are higher than cluster 2 (Figures 4A, B), for tumor-related immune cells, the Th2 cell and Myeloid dendritic cell were found to be remarkably enriched in cluster 1 (Figures 4C, D), while the NK T cell and CD4+ effector memory T cell were remarkably enriched in cluster 2 (Figure 4E, F). Additionally, we also evaluate the immune checkpoint blockade (ICB) response efficacy of two clusters via performing the TIDE analysis, and we found that the TIDE score of cluster 1 is significantly higher than cluster 2 (Figure 4G). Furthermore, the GSEA analysis was then applied to uncover the underlying mechanisms of ferroptosis regulators, and the results implied that the Toll-like signaling pathway and JAK_STAT signaling pathway were significantly enriched in cluster 1 (Figures 4H, I). These findings revealed that distinct TIME between two clusters.




Figure 3 | Distinct tumor immune microenvironment (TIME) between two BCa clusters. (A) Correlations of ferroptosis regulators with PD-L1 expression in BCa. The red dots represent positive correlation, grey dots represent no significance, and blue dots represent negative correlation. (B) The heatmap visualized distinct infiltrating level of immune cells between two BCa clusters. (C) The half-violin plots visualized the distribution of the immune checkpoints of two BCa clusters. *p < 0.05; **p < 0.01, ***p < 0.001.






Figure 4 | Differential infiltrating levels of immune cells between two BCa clusters. (A) The immune score and (B) microenvironment score of two BCa clusters. (C-F) The infiltrating levels of (C) Th2 cell, (D) Myeloid dendritic cell, (E) NK T cell, (F) CD4+ effector memory T cell in two clusters. (G) The TIDE score of C1/C2. (H) Toll-like signaling pathway and (I) JAK_STAT signaling pathway. *p < 0.05; **p < 0.01, ***p < 0.001.





Identification of GCLM as the potential immune-related ferroptosis regulator in BCa.

To determine the key ferroptosis regulators of BCa, we conducted the LASSO regression analysis (Figure 5A), and found that the optimal lambda value in Lasso model is 5 (Figure 5B), which indicated that 5 ferroptosis regulators were the key factors among these regulators, including the GUCY1A1, PRDX6, GCLM, ACSL5 and VDAC3. Based on the expression of these 5 key regulators in BCa, we then constructed a prognostic signature, namely high and low risk-score group, which will help to make clinical decision to predict the prognosis for BCa patients (Figure 5C). Moreover, among these 5 key regulators, the overexpression of GUCY1A1, PRDX6, GCLM and reduction of ACSL5 could predict unfavorable OS for BCa patients (Figure 5D). Subsequently, to identify the potential immune-related hub ferroptosis regulator in BCa, we took an intersection of ferroptosis regulators that are positively correlated with the expression of PD-L1, associated with worse OS and highly expressed key regulators in BCa, and the results revealed that the GCLM may be the potential immune-related ferroptosis regulator in BCa (Figure 5E). Moreover, compared with the cluster 2, GCLM was also remarkably upregulated in cluster 1 (Figure 5F). To ulteriorly explore the expression and prognostic values of GCLM in BCa, we firstly analyzed the TCGA-BLCA dataset, and found that GCLM was remarkably upregulated in BCa tissues compared to normal bladder tissues (Figure 6A), and the expression of GCLM was increased along with the higher tumor grade and stage (Figures 6B, C). We then verified the relative expression of GCLM in BCa cells and normal bladder cell, and found that in comparation with the normal bladder cell (SV), the GCLM is significantly highly expressed in T24, UC3 and J82 BCa cells (Figure 6D), and the IHC intensity of GCLM in BCa tissue tended to stronger than normal bladder tissue (Figure 6E). Furthermore, through analyzing the clinical data of TCGA-BLCA cohort, we found that overexpression of GCLM predicts unfavorable OS and PFI (progression free interval) for BCa patients (Figures 6F, G), meanwhile, we also found that the highly expressed GCLM predicts unfavorable OS of BCa patients in Kaplan-Meier plotter database (Figure 6H). These findings implied that GCLM may be an important regulator in BCa progression.




Figure 5 | Identification of GCLM as the potential immune-related ferroptosis regulator in BCa. (A) Lasso regression of ferroptosis regulators in BCa. (B) The optimal lambda value in Lasso model. (C) Prognostic analysis of gene signature including 5 hub ferroptosis regulators. (D) The prognosis of 5 hub genes in BCa via Cox regression method. (E) A Venn diagram displayed that GCLM is the potential key ferroptosis regulator in BCa. (F) The relative expression of GCLM in Cluster 1 and 2. ****p < 0.0001.






Figure 6 | GCLM is highly expressed in BCa and its elevated expression correlated with unfavorable prognosis. (A) GCLM is highly expressed in 19 paired BCa and normal bladder tissues in TCGA-BLCA cohort. GCLM expression is associated with higher tumor histologic grade (B) and pathologic stage (C) in BCa. (D) GCLM is highly expressed in BCa T24, UC3 and J82 cell lines compared to normal bladder cell line SV. (E) The IHC stain of GCLM in normal bladder tissue (left) and bladder cancer tissue (right). Overexpression of GCLM predicts unfavorable (F) OS and (G) PFI in TCGA-BLCA cohort. (H) Overexpression of GCLM predicts unfavorable OS of BCa patients in Kaplan-Meier plotter database. *p < 0.05; **p < 0.01, ***p < 0.001.





GCLM promote tumor progression and is associated with immune infiltration

Given that GCLM is highly expressed in BCa, we then silenced the endogenous expression of GCLM in BCa T24/UC3 cells and performed the colony formation and trans-well assays, and the results showed that the colony formation and migration ability of si-GCLM treated T24 and UC3 cells were significantly inhibited compared to si-NC treated cells (Figures 7A, B). Subsequently, we applied GSEA analysis to explore the potential mechanisms of GCLM in BCa, and we found that the cytokine-cytokine receptor interaction pathway, cell adhesion molecules cams pathway, glycolysis gluconeogenesis, antigen processing and presentation, and toll like receptor signaling pathway were significantly enriched in highly expressed GCLM BCa samples (Figure 7C). Furthermore, we also performed the correlation analysis of GCLM in TCGA-BLCA cohort, and the results showed that SRXN1, TXNRD1 and ABCA4 are the top 3 GCLM co-expressed genes (Figure 7D). Moreover, we also found that GCLM and its 3 co-expressed genes were tightly linked with the infiltrating levels of immune cells, especially the Th2 cell and macrophages (Figures 7E–H). Additionally, we also systematically analyzed the links between GCLM expression and tumor immune infiltration in pan-cancer, and the results implied that high expression of GCLM tightly linked with the infiltrating level of Th2 cell in various types of cancer, while negatively correlated with the infiltrating levels of NK T cell in multiple cancers, including the BCa (Figure 8A). Meanwhile, we also explored the associations between 8 common immune checkpoints and GCLM in pan-cancer, and found that GCLM tightly linked with the expression of immune checkpoints in cancers, especially the CD274 (also namely PD-L1) (Figure 8B). Collectively, these findings revealed that overexpressed GCLM was tightly linked with immune infiltrating in cancers, including the BCa.




Figure 7 | GCLM promotes tumor progression and is associated with immune infiltration in BCa. (A, B) Knockdown the expression of GCLM can significantly inhibit the (A) colony formation ability and (B) migration ability of T24 and UC3 cells. (C) The results of GSEA algorithm analysis indicated the potential KEGG signaling pathways of highly expressed GCLM in BCa. (D) The heatmap indicated that the SRXN1, TXNRD1 and ABCA4 are top 3 GCLM co-expressed genes in TCGA-BLCA cohort. The ssGSEA analysis of the correlations of (E) GCLM, (F) SRXN1, (G) TXNRD1 and (H) ABCA4 with immune cells in BCa. ***p < 0.001, ****p < 0.0001.






Figure 8 | Systematic analysis of the links between GCLM expression and immune infiltration in pan-cancer. (A) XCELL analysis the links between GCLM expression and immune cells in pan-cancer. (B) Correlations of GCLM and immune checkpoints in pan-cancer. *p < 0.05; **p < 0.01, ***p < 0.001.






Discussion

Ferroptosis has attracted much attention since 2012 for its associations with aging, immunity and cancer (7). Emerging evidence reports the crucial roles of ferroptosis in the development of human malignancies (17), while the potential roles of ferroptosis in regulating TIME of BCa are still missing. Here, we found that the ferroptosis regulators are frequently aberrant expressed in BCa, then we determined two heterogeneous clusters for BCa based on the expression levels of ferroptosis regulators, and found distinct prognosis and TIME between the two clusters, among these ferroptosis regulators, we further identified the GCLM as the key immune-related regulator, and knockdown its expression in BCa cells could significantly inhibit tumor progression.

Recently, the treatment for human cancers have gradually evolved with the proposition and development of precision medicine (18). Tumors can be defined as specific subtypes with different sensitivity to some therapeutic methods (e.g radiotherapy, immuno-therapy or chemotherapy) based on the big data analysis for patients, thus implementing individualized treatment (19). There are many studies attempted to distinguish specific patients that are susceptible to immunotherapy (e.g ICIs) (20, 21). For example, some researchers classified the Lung adenocarcinoma (LUAD) patients into two independent clusters with different clinical characteristics and clinical outcomes according to the expression of immune genes in LUAD, and their research showed that the high-risk immune LUAD patients could obtain more durable benefits from ICIs than low-risk patients (22). Meanwhile, the colorectal cancer patients were also divided into two independent subtypes based on the expression of autophagy genes, namely low and high-risk patients, and their study revealed that high-risk group patients are more susceptible to aggressive and targeted therapies (23). Recently, some studies have focused on the exploration of the effects of ferroptosis on the development of BCa. Liang et al. constructed a ferroptosis-related genes (FRGs) signature to help predict the prognosis of BCa patients, while they did not cluster bladder cancer patients according to the expression of ferroptosis regulators. they used the Cox regression analysis to construct a 7 ferroptosis-related genes (FRGs) risk score to help predict prognosis for BCa patients based on the expression of 60 ferroptosis genes. Interestingly, Despite the number of ferroptosis genes (we included 98 ferroptosis genes) included in the study varied, their study also identified the GCLM as one hub ferroptosis genes among these 7 FRGs, which also indicates the potentially important role of GCLM in the development of BCa (12). Xia et al. established a ferroptosis score to quantify the prognosis and therapeutic effects of BCa patients based on the expression of ferroptosis genes, they also two distinct BCa clusters based on expression of ferroptosis genes, while they did not identify the potential hub ferroptosis regulator among these genes (24). Here, according to the expression patterns of ferroptosis regulators in BCa, two heterogeneous clusters were identified, in comparation with cluster 2, the cluster 1 BCa patients showed higher PD-L1 expression, more unfavorable overall survival and higher tumor stage and grade, and TIDE analysis revealed that cluster 2 was more sensitive to immunotherapy than cluster 1. This classification scheme could help to make clinical decision for BCa treatment. Meanwhile, XCELL analyses showed that higher level of Th2 cell and Myeloid dendritic cell were enriched in cluster 1, while NK T cell was enriched in cluster 2, emerging evidence suggests that anti-PD-L1 antibodies with NK T cell could promote the ferroptosis process of cancer cells, while the inhibitor of ferroptosis could depress this combination effects in tumor cells (11, 25). These findings implied overwhelmingly complex functions in regulating TIME of BCa. Furthermore, the GSEA analysis was carried out to investigate the underlying mechanisms of this two clusters, the results implied that Toll-like signaling pathway and JAK_STAT signaling pathway were significantly enriched in cluster 1. Numerous studies reported that the Toll-like signaling pathway are important regulators of human immune system, its activation could evoke specific immune responses (26). Moreover, the abnormal activation of JAK_STAT signaling pathway was demonstrated to be participated in immunologic derangement and the occurrence of cancer (27). These findings implied that the interactions of ferroptosis with Toll-like signaling pathway and JAK_STAT signaling pathway might play vital roles in regulating TIME of BCa.

Subsequently, through performing cell experiments and bioinformatic analyses, GCLM was determined as the potential key regulator among these ferroptosis genes. GCLM is an important regulator for ferroptosis, it is also the firstly reported rate‐limiting enzyme of glutathione synthesis (28). Harris et al. demonstrated that the GCLM driven synthesis process of the antioxidant glutathione (GSH) is essential for tumor occurrence (29). Inoue et al. reported that the inhibition of GCLM could improve the CDDP-resistance process in non-small cell lung cancer, and it can serve as a potential target for treatment (30). However, the interactions of TIME and GCLM in BCa are still missing. Hence, we also attempted to probe the functions and mechanisms of GCLM in BCa, we demonstrated that GCLM is overexpressed in BCa and its overexpression indicates dismal prognosis, knockdown of GCLM can significantly suppress the colony formation ability and migration ability of BCa cells, we also found that GCLM might be correlated with immune infiltration in BCa, and can serve as a tumor promotor and immunological biomarker in BCa. Our research provides a novel insight and potential therapeutic target for BCa. However, there are also some defects in our study. Firstly, 98 regulators of ferroptosis were based on literature review, it is possible that some potential unknown regulators were not included in this study. Secondly, we conducted the clustering analysis and immune analyses were based on TCGA-BLCA cohort, because of lacking samples in our own center, more bigger cohort analyses are needed to verified out findings. Finally, although we performed the in vitro assay to illustrate the tumor promotor role of GCLM in BCa, more assayed are also needed to further demonstrate the role and mechanism of GCLM in BCa.

Collectively, our research comprehensively explored the expression patterns, diagnosis of ferroptosis regulators in BCa, and two clusters were constructed to help clinical decision making, we also found that the GCLM might be a tumor promotor and immunological biomarker in BCa.
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Background

The prognosis of bladder cancer (BC) is poor, and there is no effective personalized management method for BC patients at present. Developing an accurate model is helpful to make treatment plan and prognosis analysis for BC patients. Endogenous fatty acid metabolism causes cancer cells to become hypoxic, and the coexistence of hypoxia and inflammation is often characteristic of cancer. All three together influence the tumor immune microenvironment, treatment, and prognosis of BC.



Methods

We used The Cancer Genome Atlas-Bladder Urothelial Carcinoma (TCGA-BLAC) cohorts as a train group to build a risk model based on fatty acid metabolism, hypoxia and inflammation-related gene signatures and performed external validation with GSE13507, GSE31684, and GSE39281 cohorts. We validated the model to correlate with the clinicopathological characteristics of patients, created an accuracy nomogram, and explored the differences in immune microenvironment and enrichment pathways.



Results

We found significant differences in overall survival and progression-free survival between high- and low-risk groups, and patients in the low-risk group had a better prognosis than those in the high-risk group. In the train group, the AUCs for predicting overall survival at 1, 3, and 5 years were 0.745, 0.712, and 0.729, respectively. The 1-, 3-, and 5-year overall survival AUCs were 0.589, 0.672, and 0.666 in the external validation group, respectively. The risk score independently predicted the prognosis of BC patients with AUCs of 0.729. In addition, there was a significant correlation between risk scores and BC clinicopathological features and, in the GSE13507 cohort, we observed that BC progression and deeper invasion were associated with higher risk scores. Risk scores were highly correlated with coproptosis, pyroptosis, m7G, immune checkpoint-related genes, and immune microenvironment. In addition, we found that patients in the low-risk group responded better to immunotherapy, whereas patients in the high-risk group were more sensitive to commonly used chemotherapy drugs.



Conclusion

Our findings provide new treatment decisions for BC, and can effectively predict the prognosis of BC patients, which is helpful for the management of BC patients.
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Introduction

BC is one of the most common cancers in the world, and currently ranks 10th in incidence worldwide (1). It is a disease that cannot be ignored. Radical cystectomy with lymph node dissection is currently an effective treatment for high-risk BC patients (2). With the in-depth understanding of immunotherapy, a number of cancer has achieved effective results in immunotherapy (3, 4). The application of immunotherapy in BC has gradually changed the existing management mode (5). However, the response of immunotherapy for BC is not so satisfactory, and some patients with BC may not benefit from it (6), so personalized management is very critical. Tumor microenvironment (TME) is heterogeneous and is a complex ecosystem, which is considered to be one of the main markers of epithelial cancer and is related to the occurrence, development, and drug resistance of tumors (7). The occurrence of drug resistance may be related to the lack of drug-sensitive immune cells in the TME.

Cell proliferation is one of the common features of all cancers, and limiting fatty acid synthesis membranes and signaling molecules can control cancer cell proliferation (8). Fatty acid metabolism in the TME affects tumor immunotherapy response and prognosis through regulation of immune cells and hypoxia of cancer cells (9, 10). Hypoxia is common in malignant tumors. Hypoxia plays an important role in chronic tumor inflammation, affecting the TME and eventually transforms neutrophils and monocytes into tumor-associated neutrophils and tumor-associated macrophages (11). A central manifestation of malignancy is metabolic dysfunction, chronic inflammation plays an important role in tumor development, and metabolic modifications of immune checkpoints and inflammation influence the therapeutic strategy of tumors (12). Fatty acid metabolism, hypoxia, and inflammation work together to affect the occurrence, development, and prognosis of tumors (Supplementary Figure S1).

In the past few years, there has been no significant progress in the treatment strategy of BC, and there is no comprehensive assessment based on fatty acid metabolism, inflammation, and hypoxia. Model construction based on the three is necessary.



Materials and methods


Date sources

RNA- sequencing transcriptome profiling harmonized to the fragments per kilobase million (FPKM) of 411 BC samples, 19 normal samples, nucleotide variation (Masked Somatic Mutation), and corresponding clinical data were downloaded from the TCGA database (https://portal.gdc.cancer.gov/repository). The GSE13507, GSE31684, and GSE39281 cohort that contained 352 BC samples were downloaded from Gene Expression Omnibus (GEO) (https://www.ncbi.nlm.nih.gov/geo/). Fatty acid metabolism, inflammation, and hypoxia-related genes (n = 309, 200 and 200, respectively) were retrieved from previous studies (13–15). For TCGA-BLAC cohort, FPKM values were transformed into transcripts per million (TPM) (16). Combining the GSE13507, GSE31684, and GSE39281 cohort, we remove normal samples and zero survival time samples and use the “sva” package of R software for batch correction. All patients’ clinical information is described in (Supplementary Table S1).



Extraction of differentially expressed genes

The expression levels of fatty acid metabolism, inflammation, and hypoxia-related genes were extracted from the TCGA-BLAC cohort. Differentially expressed genes (DEGs) between BC and normal bladder tissue were identified using the Wilcoxon test according to LogFC > 1 and FDR < 0.05 would be considered as DEGs. LogFC > 0 indicated upregulated genes, otherwise, downregulated genes. In addition, we visualized the above DEGs with volcano and heat map, respectively. The obtained DEGs were intersected with GSE13507, GSE31684, GSE39281, and TCGA-BLCA cohort (n = 195); the Venn diagram was drawn. We used the “clusterprofiler” package of R software for enrichment analysis of Gene Ontology (GO), functional annotation, and Kyoto Encyclopedia of Genes and Genomes (KEGG).



Construction and verification of the risk model

The expression levels of the intersection genes were extracted and univariate Cox regression analysis was performed to determine the factors associated with BC overall survival. We use the TCGA cohort as the train group and the GEO cohort as the external validation group, and the subsequent risk model was constructed using the train group. The risk of overfitting was minimized using Lasso Cox regression with 10-fold cross-validation analysis using the “glmnet” R package (17).

Risk Score =Σ(Expi * Coefi)

Expi and Coefi represent the expression level and risk coefficient of each gene, respectively. According to the median risk score of train group, the samples were divided into high- and low-risk groups and subsequent survival analysis was carried out. Depicting the ROC curve and calculate the area under the curves (AUCs) for 1, 3, and 5 years with the “timeROC” package of R software. Principal components analysis (PCA) was carried out with the “ggplot2” package of R software. An interaction network for high- and low-risk groups DEGs was generated by the STRING database (https://cn.string-db.org/). GO and KEGG gene symbols were obtained from Gene Set Enrichment Analysis (GSEA) database (http://www.gsea-msigdb.org/gsea/downloads.jsp), and Gene Set Variation Analysis (GSVA) enrichment analysis of high and low risk groups was carried out by using “limma” R package.



Correlation between risk score and BC patients clinicopathological features

We performed a stratified analysis according to age, sex, TNM stage, grade, and stage of BC patients to determine the objective predictive power of risk score, and we analyzed the correlation between risk score and BC progression.



Establishment and verification of the nomogram

Based on the BC patient’s clinicopathological characteristics and risk score, an accurate nomogram was built using the “RMS” R package, improving the utility of risk score. Each variable in the figure could be scored individually, and all scores were added to obtain a total score to predict the survival of BC patients.



Correlation between risk score and immune cells

We assessed the correlation between risk scores and 22 types of immune cells and observed differences in immune function between the two groups. The ESTIMATE algorithm was used to calculate the stromal score, immune score, and ESTIMATE score of all BC samples between high- and low-risk groups.



Mutation and cancer stem cell analysis

We used the “maftools” R package to evaluate somatic mutations in high and low-risk groups (18). We also assessed the prediction of tumor mutational burden (TMB) in BC patients overall survival.



Correlation between risk score and coproptosis, pyroptosis, m7G, and immune checkpoint–related genes

We analyzed the expression differences of coproptosis, m7G, pyroptosis, and immune checkpoint–related genes in high and low-risk groups to further verify the validity of the risk model.



Predicting chemotherapeutic drug sensitivity and immunotherapy response

We evaluated the response of risk score to commonly used chemotherapeutic drugs for BC; the half-maximal inhibitory concentration (IC50) was first calculated in all BC patients, using the “pRRophetic” R package. The Wilcoxon rank test was then used to compare the difference in IC50 between the low and high-risk groups. We also observed the differential expression of microsatellite instability (MSI) in high- and low-risk groups. The immunotherapy score was downloaded from the The Cancer Immunome Atlas database (https://www.tcia.at/patients), and then we evaluated the differences in immunotherapy between high and low-risk groups.



Statistical analysis

All the statistical analyses and picture drawing are done by R software (version 4.1.2). P < 0.05 is considered to have the statistical difference, the Benjamini–Hochberg (BH) multiple test correction is used to calculate the adjusted P- value.




Results


Differentially expressed fatty acid metabolism, hypoxia, and inflammation-related genes

First, we extracted all the DEGs in the TCGA cohort, and then we extracted the DEGs of fatty acid metabolism, inflammation and hypoxia (n = 78, 72, and 97), and drew volcano maps and heat maps (Figures 1A–D), respectively. Finally, we got 4,228, downregulated DEGs, among which fatty acid metabolism, hypoxia and inflammation-related DEGs were n = 38, 64, and 47, 6,544 upregulated DEGs, among which fatty acid metabolism, hypoxia and inflammation-related DEGs were n = 40, 33, and 25, respectively. We extracted the intersection genes of TCGA DEGs and external validation cohort genes (Figure 1E) and took the intersection with the fatty acid metabolism, hypoxia, and inflammation-related DEGs (Figure 1F). We performed GO and KEGG enrichment analysis on 195 differentially co-expressed genes (Supplementary Figures S2A, B); GO enrichment analysis showed that the most significant change were fatty acid metabolic process and purine ribonucleotide metabolic process (Figure 1G). KEGG enrichment analyses showed that the most significant change was lipid and atherosclerosis and alcoholic liver disease (Figure 1H).




Figure 1 | Differentially expressed fatty acid metabolism, hypoxia, and inflammation-related genes. (A) All the BC DEGs in the TCGA-BLAC cohort (B) The fatty acid metabolism-related DEGs in the TCGA-BLAC cohort. (C) The inflammation-related DEGs in the TCGA-BLAC cohort. (D) The hypoxia-related DEGs in the TCGA-BLAC cohort. (E) Venn diagram of the intersection genes among the TCGA-BLBA DEGs and merge genes. (F) Venn diagram of the intersected fatty acid metabolism, hypoxia, and inflammation-related DEGs. (G) GO enrichment based of integration DEGs. (H) KEGG enrichment based of integration DEGs.





Construction and validation of the risk score

We performed univariate Cox regression analysis to find the BC prognosis-related gene and draw a forest plot (Figure 2A). The waterfall map shows that the somatic mutation rate of prognosis-related genes in the TCGA-BLAC cohort is 27.43% (Figure 2B), and some genes have a co-mutation relationship with each other (Figure 2C). LASSO regression analysis further optimized our selection of risk model genes and, finally, 22 genes were included in the risk model (Figures 2D, E). Among them, 19 high-risk genes and three low-risk genes were obtained (Supplementary Table S2), Risk Score =Σ(Expi * Coefi), and we plotted a risk heatmap in the train group and external validation group, with the increase of risk score, the number of deaths gradually increased in the train group and external validation group (Supplementary Figures 3A–F). PCA showed that there were significant differences between high- and low-risk groups (Figure 2F).




Figure 2 | Construction of risk score. (A) Univariate Cox regression analysis forest plot. (B) Somatic mutation of prognosis-related genes in BC patients, with colors representing different mutation types. (C) Co-mutation correlation among prognosis-related genes. (D, E) Twenty-two prognosis-related genes were retained by LASSO regression analysis. (F) PCA analysis of high- and low-risk group patients.





Prognostic analysis of risk score

Kaplan–Meier survival curve showed that overall survival, the AUCs of 1-, 3-, and 5-year overall survival was 0.745, 0.712, and 0.729, respectively (Figures 3A, B). In addition, the same results were obtained in the external validation group, the AUCs of 1, 3, and 5-year overall survival was 0.589, 0.666, and 0.672, respectively (Figures 3C, D). The progression- free survival in the low-risk group was better than those in the high-risk group (Figure 3E). Univariate and multivariate Cox regression analyses showed that risk scores were good predictors of overall survival in BC patients (Figures 3F, G), and we performed external validation (Figures 3H, I).




Figure 3 | Prognostic analysis of risk score. (A, B) Overall survival curve and ROC curve for train group. (C, D) Overall survival curve and ROC curve for external validation group. (E) Progression- free survival curve for train group. (F, G) Univariate and multivariate Cox regression analysis of risk score for predicting overall survival in the train group. (H, I) Univariate and multivariate Cox regression analysis of risk score for predicting overall survival in the external validation group.





Clinicopathological correlation analysis of risk score

In order to better apply the risk score to the clinic, we analyzed the correlation between the risk score and the clinicopathological features of BC. The results showed that there was a significant correlation between TNM stages, age, and risk score, but risk score was not correlated with gender (Figures 4A–E). In addition, we observed higher stage, grades, depth of tumor invasion, and tumor progression in high-risk patients (Figures 4F–I). It also showed that the high-risk group had a worse prognosis.




Figure 4 | Correlation between risk score and clinicopathological features of BC. (A–I) Correlation between risk score and TNM stages, age, gender, stage, grades, depth of tumor invasion, and tumor progression of BC patients.





Construction and validation of a nomogram

To better apply the risk score, we constructed an accurate nomogram based on sex, age, grade, and risk score to predict 1-, 3-, and 5-year overall survival in BC patients (Figure 5A). In addition, the calibration plots showed that our constructed nomogram had good predictive performance (Figure 5B). Univariate and multivariate Cox regression analysis showed that risk scores were good predictors of overall survival in BC patients (Figures 5C, D). In the external validation group, nomogram remained reliable in predicting overall survival (Supplementary Figures S4A–C).




Figure 5 | Construction of a nomogram. (A) Nomogram for predicting the 1-, 3-, and 5-year overall survival in the train group, the red dots represent the clinicopathological features of the sample patient. (B) Calibration curves of the nomogram for train group. (C, D) Univariate and multivariate Cox regression analysis of nomogram for predicting overall survival in the train group.





Correlation between risk score and BC immune microenvironment

We found significant differences in expression between high- and low-risk groups in T- cell CD8, T- cell follicular helper, Macrophages M0, Macrophages M2, and dendritic cells activated, with T- cell CD8, T- cell follicular helper and dendritic cells activated being highly expressed in the low-risk group and Macrophages M0 and Macrophages M2 being highly expressed in the high-risk group (Figure 6A). In addition, immune function was more active in the high-risk group (Figure 6B). Furthermore, there were significant differences in TME between high- and low-risk groups. We found that StromalScore, ImmuneScore, and ESTIMATEScore were highly expressed in high-risk group (Figure 6C). GSVA enrichment analysis showed that most of the enrichment pathways were highly expressed in high-risk group (Figure 6D).




Figure 6 | The correlations between risk score and TME. (A) Correlations between risk score and immune cells types. (B) Correlations between risk score and immune cell function. (C) Differences in TME scores between high and low-risk groups. (D) GSVA enrichment analysis for risk score. *P < 0.05, **P < 0.01, ***P < 0.001.





Mutation analysis

Accumulative evidence showed that high TMB can be used as a marker of cancer immunotherapy, affecting immunotherapy sensitivity and patient prognosis (19, 20). The waterfall chart showed somatic mutations in the high- and low-risk groups (Figures 7A, B). Both groups had significant mutations, and the TP53 mutation rate was the highest, 50 and 42%, respectively. The TMB in the low-risk group was higher than that in the high-risk group. We observed that patients with high TMB had significantly better prognosis than patients with low TMB (Figure 7C). When TMB and risk score were combined, the prognosis was significantly best in the high TMB + low- risk group (Figure 7D). Wu et al. showed that tumor patients with high TMB had better overall survival and progression free survival and were more likely to benefit from immunotherapy. These evidences are consistent with our results.




Figure 7 | Correlation between risk score and TMB. (A, B) Somatic mutation features of BC patients in high- and low-risk groups, with colors representing different mutation types. (C, D) Survival difference of patients with different TMB.





Expression of coproptosis, pyroptosis, m7G, and immune checkpoint-related genes

Previous studies had shown that m7G (21) and pyroptosis (22) were closely related to the occurrence and the development of tumors. Coproptosis is a newly discovered mechanism of cell death, which depends on the full binding of lipoylated components in the tricarboxylic acid cycle to copper (23). We observed that most coproptosis, m7G, and pyroptosis-related genes were significantly different in the high- and low-risk groups, and most genes were highly expressed in the high- risk group (Figures 8A–C), which also corresponds to the previous conclusion. With the successful application of immunotherapy in many kinds of cancer, immunotherapy had gradually become an indispensable method for the treatment of cancer. In the risk score, we found that there were significant differences in the expression of PD-1, PD-L1, and CTLA4 between high- and low-risk group, and most of the immune checkpoint-related genes were highly expressed in the high-risk group (Figure 8D).




Figure 8 | Expression of coproptosis, m7G, pyroptosis, and immune checkpoint-related genes in risk score (A–D). Expression differences of coproptosis, m7G, pyroptosis, and immune checkpoint-related genes in high- and low-risk groups. *P < 0.05, **P < 0.01, ***P < 0.001.





Functional analysis

Pathway differences between high- and low-risk groups showed that the most significant pathways were PI3K−Akt signaling pathway, human papillomavirus infection, and neuroactive ligand−receptor interaction (Figures 9A, B). Second, we analyzed the interaction network of DEGs in the two group patients (Figure 9C). To further search for potential prognosis- related genes of bladder cancer (BC), we visualized the interaction network with Cytoscape (v3.9.1) software and found that all node genes were upregulated genes (Figure 9D) and used the cytoHubba to find the top 10 hub genes (Figure 9E). Interestingly, we found that the expression levels of 10 hub genes were negatively correlated with overall survival in BC patients (Supplementary Figure S5).




Figure 9 | Difference analysis between high- and low-risk groups. (A, B) GO and KEGG enrichment analysis between high- and low-risk groups. (C) Interaction network of DEGs in the high- and low-risk groups. (D) The expression of DEGs in high- and low-risk groups, red represents upregulation. (E) The top 10 most significant hub genes.





Analysis of chemotherapeutic drug sensitivity and immunotherapy response

We further assessed risk score for commonly used chemotherapeutic drugs sensitivity and immunotherapy response. The results showed that chemotherapeutic drugs may be more sensitive to high-risk group, such as Gemcitabine, Methotrexate, and Vinorelbine (Figures 10A–C). MSI is highly expressed in low-risk group (Figure 10D). The results of the four immunotherapy groups showed that the low-risk group may have a higher immune response (Figures 10E–H). In addition, we selected four genes (FASN, GALK1, MECR, and MYC) for constructing risk model for further immunohistochemistry verification (https://www.proteinatlas.org/search/), and the results showed that there were differences in gene expression between tumor and normal tissues (Supplementary Figure 6).




Figure 10 | Chemotherapeutic drug sensitivity and immunotherapy response. (A–C) Differences in sensitivity of chemotherapy drugs in BC between high- and low-risk groups. (D) The expression of MSI in high- and low-risk groups. (E–H) Differences in the immunotherapeutic effects between the high- and low-risk groups.






Discussion

BC is one of the most common tumors, and the most effective treatment is still surgery and chemotherapy. Neoadjuvant chemotherapy combined with radical cystectomy is the gold standard for the treatment of muscular invasive BC (24), but about 35% of the patients may progress to metastatic BC after operation (2). There are a lot of evidences that BC is highly responsive to cisplatin-based combined chemotherapy (25, 26). Immune checkpoint inhibitors have been used in clinic, and have achieved good results in a variety of tumor treatment, but the current immunotherapy for BC is not widely used compared with other tumors (27, 28). We need new evidence to improve the current treatment.

Tumors heterogeneity led to different biological characteristics, and personalized treatment was often the key to the benefit of patients. The current risk score is relatively single, often ignoring the results of the joint action of many factors. Fatty acid metabolism, hypoxia, and inflammation often interact with each other, together affecting the occurrence, development, and prognosis of tumors; our risk score is necessary.

The poor efficacy of immunotherapy is related to the damage of immunosuppressive activity caused by metabolic reprogramming in TME; the key processes of immune cell survival and function are regulated by fatty acid metabolism, which may lead to poor prognosis (9, 29). Hypoxia can be considered as the first TME marker, which affects the metabolic process and almost all cell groups, thus affecting the proliferation and metastasis of tumor cells (30, 31). Inflammation is closely related to the tumor, and there is often an inflammatory environment around the tumor. Inflammatory cells in TME release most cytokines, which are beneficial to the survival and proliferation of tumor cells (32). Fatty acid metabolism was involved in palmitoylation, which promoted the binding of MYD88 to IRAF4 and activates NF-KB signaling, thus altering neutrophil metabolism and regulating inflammation (33). Hypoxic TME promoted tumor inflammatory response and enhanced immune tolerance (34). Changed in oxygen regulation mechanism affected tumor metabolism and accelerated tumor progression (35). In summary, the TME and biological process are also affected by fatty acid metabolism, hypoxia, and inflammation. Our research may help to improve the current treatment strategies for BC.

First, we screened out differential genes using univariate Cox regression analysis and identified 195 differentially co-expressed genes. Afterward, we identified 49 BC prognosis-related genes from differentially co-expressed genes and performed LASSO regression analysis and finally identified 22 genes for model building. Based on the median gene expression of the train group, we divided patients into high- and low-risk groups and performed external validation. There was a significant difference in survival between the two groups, and the low-risk group had a better prognosis than the high-risk group. In addition, there were differences in the immune microenvironment, chemotherapeutic drug sensitivity, and immunotherapy response between the two groups.

To understand the most significant functions and pathways of differentially co-expressed genes, we performed GO and KEGG enrichment analysis. We observed that the somatic mutation rate of prognostic-related genes in BC was 27.43%, and some genes had co-mutation relationships. There were significant differences in overall survival and progression- free survival between high- and low-risk groups, and the prognosis of patients in low-risk group was better. In the train group, the AUCs of 1, 3, and 5 years were 0.745, 0.712, and 0.729, respectively. With the increase of risk score, the number of death patients increased gradually. In order to make the risk score better applied in clinic, we constructed an accurate nomogram. Univariate and multivariate independent prognostic analysis showed that both risk score and nomogram could predict the prognosis of BC patients. The same conclusion was obtained in the external verification group. Furthermore, we found that, in addition to gender, there was a correlation between risk score and clinicopathological characteristics of patients, and a higher risk score meant a worse prognosis.

We further analyzed the correlation between the risk score and the TME. Among 22 types of immune cells, Macrophages M0 and Macrophages M2 were highly expressed in the high-risk group. Macrophages were variable with tumor progression (36). In the initial stage, macrophages were often characterized by the accumulation of Macrophages M1. With the change of TME, Macrophages M1 was gradually polarized to Macrophages M2. Macrophages M2 could directly induce the immune response of BC, which was related to the progression of BC and the inefficacy of Bacillus Calmette-Guerin therapy (37). Some studies had shown that the activation of ERK pathway could stimulate Macrophages M0 to differentiate into Macrophages M2, thus promoting tumor progression (38). In the high-risk group, the immune cell function was more active and had higher StromalScore, ImmuneScore and ESTIMATEScore. In addition, GSVA enrichment analysis showed that the high-risk group was significantly enriched in most pathways.

Somatic mutations were prevalent in the high- and low-risk groups, and the low-risk group had a higher TMB. Furthermore, we observed that a higher TMB was associated with a better prognosis. When TMB and risk score were combined, the high TMB + low- risk score group had the best prognosis. Previous evidence showed that a higher TMB may have a better prognosis (39). High TMB may be a marker of immunotherapy, and patients with high TMB may benefit more from immunotherapy (40, 41).

Copper was a cofactor for essential enzymes in organisms and played an indispensable role in the body (42). Recent evidence showed that copper-induced cell death differs from known cell death pathways and that altered copper homeostasis may contribute to disease (23). M7G and are the types of RNA modification, which affect the occurrence and development of tumors (43, 44). Pyroptosis is an inflammatory form of cell death accompanied by an immune response, and unlike coproptosis, pyroptosis is mediated by the GSDM protein family and affects tumor progression and therapy (45). Therefore, we investigated the correlation between risk score and coproptosis and m7G and pyroptosis. We found that most genes were highly expressed in the high-risk group, and the m7G-related gene METTL1 (46), which had been shown to affect the prognosis of BC, was also highly expressed in the high-risk group. These results further demonstrate the validity of the risk score.

As said before, immunotherapy provides a new solution for tumor treatment. The effectiveness of immunotherapy depends to some extent on the responsiveness of CTLA-4, PD-1, and PD-L1 (47). However, immunotherapy for BC patients is currently ineffective, and new evidence is urgently needed to guide BC immunotherapy. In this study, we observed that CTLA-4, PD-1, and PD-L1 were all highly expressed in the high-risk group. We further assessed the sensitivity of the risk score to chemotherapeutic drugs and immunotherapy, found that the high-risk group appeared to be more sensitive to chemotherapy, and the low-risk group seemed to be more suitable for immunotherapy. This echoes the previous conclusion that the high-risk group has high expression of Macrophages M0 and Macrophages M2, and the low-risk group had a higher tumor mutation burden and was more likely to benefit from immunotherapy.

Our study had some limitations, all data sources were from public databases, so we tried to ensure a sufficient sample. Second, subsequent external validation was necessary. However, it was undeniable that a comprehensive assessment of the tumor to build a model is necessary.



Conclusions

Risk model based on fatty acid metabolism, inflammation, and hypoxia could effectively guide the treatment of BC patients. Novel risk model could predict BC prognosis.
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Background

Cellular senescence plays crucial role in the progression of tumors. However, the expression patterns and clinical significance of cellular senescence-related genes in bladder cancer (BCa) are still not clearly clarified. This study aimed to establish a prognosis model based on senescence-related genes in BCa.



Methods

The transcriptional profile data and clinical information of BCa were downloaded from TCGA and GEO databases. The least absolute shrinkage and selection operator (LASSO), univariate and multivariate Cox regression analyses were performed to develop a prognostic model in the TCGA cohort. The GSE13507 cohort were used for validation. Gene ontology (GO), Kyoto Encyclopedia of Genes and Genomes (KEGG), and single-sample gene set enrichment analysis (ssGSEA) were performed to investigate underlying mechanisms.



Results

A six-gene signature (CBX7, EPHA3, STK40, TGFB1I1, SREBF1, MYC) was constructed in the TCGA databases. Patients were classified into high risk and low risk group in terms of the median risk score. Survival analysis revealed that patients in the higher risk group presented significantly worse prognosis. Receiver operating characteristic (ROC) curve analysis verified the moderate predictive power of the risk model based on the six senescence-related genes signature. Further analysis indicated that the clinicopathological features analysis were significantly different between the two risk groups. As expected, the signature presented prognostic significance in the GSE13507 cohort. Functional analysis indicated that immune-related pathways activity, immune cell infiltration and immune-related function were different between two risk groups. In addition, risk score were positively correlated with multiple immunotherapy biomarkers.



Conclusion

Our study revealed that a novel model based on senescence-related genes could serve as a reliable predictor of survival for patients with BCa.





Keywords: cellular senescence, bladder cancer, prognosis signature, immune infiltration, biomarkers



Introduction

Bladder cancer (BCa) is one of the most life-threatening cancer worldwide, with nearly 8,3730 new cases and 1,7200 deaths in the United States in 2021 according to cancer statistics (1). BCa ranges from non–muscle-invasive bladder carcinoma (NMIBC) and muscle invasive bladder carcinoma (MIBC) according to whether the tumors invades the muscle layer of the bladder (2). Despite undergoing radical cystectomy, nearly 50% of MIBC patients still have lethal metastatic recurrence, with the 5-year overall survival rate <50% (3). Therefore, it is crucial to explore the possible therapeutic target and novel prognostic biomarkers for improving the clinical outcome of patients in BCa to guide clinical practice.

Cellular senescence is a durable cell cycle arrest wherein cells fail to proliferate but remain metabolically active (4). Cellular senescence is a very complex stress response that manipulating several physiological and pathological processes, including embryogenesis (5), wound healing (6), tissue reprogramming (7) and ageing (8). In recent years, the complex relationship between cellular senescence and cancer has incited growing interest (9, 10). In cancer, senescence works as a potent inhibitor of cell cycle to suppress the proliferation of cancer cells in mammals (11, 12). Thus, because of its tumor-suppressive effects, therapy-induced senescence, such as cytotoxic chemotherapy or radiation, also can represent a therapeutic regimen for cancer (13, 14). Paradoxically, senescence cells can evade the immune system and accumulate in tissues and secrete a variety of pro-inflammatory and growth-stimulatory molecules, commonly referred to as the senescence-associated secretory phenotype (SASP) which is now recognized as a significant driver of tumor growth, relapse, and metastasis (15, 16). Consistent with this notion, mounting evidence demonstrated that cellular senescence can promote cancer initiation, invasion, and metastasis via the SASP that can act in autocrine and paracrine fashion to recruit proinflammatory cells that can modify the tumour microenvironment, which in turn can modulate tumour development (17, 18). In recent years, a growing studies have investigated gene expression patterns for risk stratification of patients and constructing survival prediction models in cancer (19, 20). However, the expression patterns and the potential clinical prognosis value of senescence-related genes in BCa have not yet been systematically analyzed.

In the present study, a prognostic model was constructed based on the six senescence-related genes signature in the TCGA cohort. Then, we validated the predictive power of the model in the GEO cohort. Finally, functional enrichment analysis were performed to investigate the underlying mechanisms.



Materials and methods


Data and resources

The data of RNA-sequencing data (FPKM values) and corresponding clinical information of BCa were downloaded from TCGA database (https://genomecancer.ucsc.edu) as training cohort. Patients were excluded if one or more clinical characteristics were incomplete. Finally, a total of 406 patients were included from TCGA database. The GSE13507 was downloaded from the gene expression omnibus database (GEO: https://www.ncbi.nlm.nih.gov/geo/) as a validation cohort.



Identification of senescence-related differentially expressed genes

The list of senescence-related genes were collected from the CellAge database (Supplementary Table 1). The “limma” R package used to identify the senescence-related differentially expressed genes (DEGs) between tumor tissues and normal tissues based on the screening criteria of false discovery rate (FDR) < 0.05 and |log2FC| > 1.



Construction and validation of a prognostic senescence-related gene model

Univariate Cox regression analysis was used to screen senescence-related genes with prognostic values (P < 0.05). The Least Absolute Shrinkage and Selection Operator (LASSO) regression with “glmnet” R package was applied in order to avoid overfitting. Subsequently, the candidate genes selected into multivariate Cox regression analysis in order to determine final prognostic senescence-related genes. Finally, the risk score of each samples was calculated based on the amount of senescence-related genes expression and corresponding coefficients. The calculation formula was as follows: risk score =βmRNA1×ExpressionmRNA1+βmRNA2×ExpressionmRNA2+βmRNA3×ExpressionmRNA3+…+ βmRNAn×ExpressionmRNAn.

The patients were classified into high risk and low risk group based on the median value of the risk score. Kaplan-Meier analysis was performed to compare the overall survival between high risk and low risk group.The receiver operating characteristic (ROC) curve analysis was used to evaluate the predictive accuracy of the senescence-related genes signature.

Parameters including age, gender, grade, TNM staging system, stage, and risk score were analyzed by univariate analysis. The candidate parameters p < 0.05 in univariate analysis selected into multivariate analysis in order to determine independent prognostic factors.



Comprehensive analysis of the prognostic model

Parameters including age, gender, grade, TNM staging system, stage, and risk score were analyzed by univariate analysis. The candidate parameters P < 0.05 in univariate analysis selected into multivariate analysis in order to determine independent prognostic factors.

To further investigate the correlations between the two risk groups, clinical variables and senescence-related genes, we compared the differences in age, gender, grade, TNM staging system, stage, and senescence-related genes between the high risk and low risk group. The results were displayed as a heatmap.



Functional and pathway enrichment analysis

The “limma” R package was applied to analyze the DEGs between the high risk and low risk group based on the screening criteria of false discovery rate (FDR) < 0.05 and |log2FC| > 1. Gene Ontology (GO) analysis and Kyoto Encyclopedia of Genes and Genomes (KEGG) pathway analysis were conducted to identify the biological functions and the signaling pathways that were associated with the DEGs.



Depicting immune infiltration characteristics

Single-sample gene set enrichment analysis (ssGSEA) was used to estimate the infiltrating scores of the 16 immune cells subsets and 13 immune-related pathways between the high risk and low risk groups.



Evaluation of inflammatory response–related genes characteristics and EMT phenotype

Inflammatory response–related genes were downloaded from the Molecular Signatures Database (MSigDB) (Supplementary Table 1) and compared between the high risk and low risk groups. The epithelial-to-mesenchymal transition (EMT) phenotype was evaluated based on the expression of EMT marker genes including SNAI1, SNAI2, ZEB1, ZEB2, TWIST1, Vimentin, Fibronectin, N-cadherin, and E-cadherin.



RNA extraction and quantitative real-time PCR analysis

Total RNA was extracted from 5 paired human BCa tissues and adjacent non-tumorous tissues using TRIzol Reagent (Invitrogen). The reverse transcription was conducted with PrimeScript™ RT reagent Kit (TaKaRa). Q-PCR was done with SYBR green Premix Ex Taq II (Takara). GAPDH was selected as an internal control. The sequence of primers were listed in Supplementary Table 2.



Statistical analysis

The statistical analyses were performed using the R software (Version R-4.1.2) and GraphPad Prism 8.0. Student’s t-test was applied to compare the difference between binary groups with continuous variables. P < 0.05 was considered statistically significant. P values were showed as: ns, not significant; *, P< 0.05; **,P< 0.01; ***, P< 0.001.




Results


Identification of prognostic cellular senescence-related gene of bladder cancer in the TCGA cohort

The flow diagram of the study is presented in Figure 1. Among 278 cellular senescence-related genes, 47 were differentially expressed between tumor samples and normal samples, including 24 downregulated genes and 23 upregulated genes (Figures 2A, B). Through univariate Cox regression analysis, we identified 13 prognostic cellular senescence-related genes associated with overall survival, as detailed in Figure 2C.




Figure 1 | Flow chart of the analysis process in our study.






Figure 2 | Identification of the candidate senescence-related genes in the TCGA cohort. (A). Venn diagram to identify differentially expressed senescence-related genes between normal and tumor tissue. (B). The 47 overlapping genes were differently expressed in normal and tumor tissue. (C). Forest plots showing the results of the univariate Cox regression analysis between overlapping genes and overall survival. (D, E) LASSO Cox regression analysis was conducted to screen the key genes.





Construction of a prognostic model in the training cohort

LASSO Cox regression analysis was conducted to screen the key genes among the cellular senescence-related genes based on univariate Cox regression analysis results (Figures 2D, E). Then, ten genes were selected into multivariate Cox regression analysis according to the optimal value of λ. Finally, six genes signature, namely, CBX7, EPHA3, STK40, TGFB1I1, SREBF1, and MYC, was constructed. The risk score of each patient was calculated according to the following formula: risk score = (-0.474 × the expression level of CBX7) + (0.354 ×the expression level of EPHA3) + (0.283 × the expression level of STK40) + (0.244 × the expression level of TGFB1I1) + (0.287× the expression level of SREBF1) + (0.104 × the expression level of MYC). Patients were stratified into high risk group (n=203) and low risk group (n=203) based on the median risk score. As shown in Figures 3A, B, patients in the high risk group had higher probability of death than that in the low risk group. Patients in the high risk group had high expression of EPHA3, TGFB1I1, STK40, SREBF1, and MYC but low expression of CBX7 (Figure 3C). The Kaplan-Meier analysis demonstrated that patients in the high risk group had significantly poorer overall survival (OS) than those in the low risk group (Figure 3D). The ROC curves was conducted to evaluate the predictive accuracy of the risk model for OS.The results demonstrated that the area under ROC curve (AUC) reached 0.671 at 3 year and 0.708 at 5 year (Figure 3E).




Figure 3 | Construction of a prognostic model of senescence-related genes in the TCGA cohort and validation in GSE13507 cohort. (A) Distribuion of patients’ risk scores, (B) survival status, (C) Prognostic signature signal heatmap, (D) Kaplan-Meier curves for the overall survival, and (E). ROC curve of the prognostic signature in the TCGA cohort. (F) Distribuion of patients’ risk scores, (G) survival status, (H) Prognostic signature signal heatmaps, (I). Kaplan-Meier curves for the overall survival, and (J). ROC curve of the prognostic signature in the GSE13507 cohort.





Validation of the prognostic risk model in the validation cohort

To evaluate whether the risk model constructed from the TCGA cohort was robust, the patients from the GSE13507 were categorized into high risk group and low risk group according to the median value calculated with the same formula as the training cohort. Similar to the results obtained from the training cohort, patients in the high risk group of validation cohort were more likely to encounter a higher probability of death (Figures 3F, G). Likewise, patients in the high risk group had high expression of EPHA3, TGFB1I1, STK40, SREBF1, and MYC but low expression of CBX7 (Figure 3H). As expected, patients exhibited worse OS in the high risk group. (Figure 3I). The AUC value reached 0.703 at 3 year, 0.691 at 5 years (Figure 3J).



Correlation between the cellular senescence-related gene signature model and the clinicopathological features

To evaluate whether the prognostic model based on cellular senescence-related gene was an independent risk factor for OS, the Cox regression analysis was performed. The results obtained from univariate Cox regression analysis indicated that the risk score was significantly correlated with OS in the training cohort (HR 1.651, 95% CI:1.437–1.898, P < 0.001) and validation cohort (HR 1.562, 95% CI: 1.095–2.226, P = 0.014) (Figures 4A, C). Multivariate Cox regression demonstrated that riskScore (HR 1.513, 95% CI 1.303–1.757, P < 0.001) would be an independent risk factors for OS in the training cohort (Figure 4B), however, the result was not observed in the validation cohort (Figure 4D).




Figure 4 | The independent prognostic factors for overall survival. (A, B) Univariate and multivariate cox regression of prognostic factors in the TCGA cohort. (C, D) Univariate and multivariate cox regression of prognostic factors in the GSE13507 cohort. (E, F) The relationship between risk score and clinicopathological parameters in the TCGA cohort. (G, H) The relationship between risk score and clinicopathological parameters in the GSE13507 cohort. P values were showed as: ns, not significant; *, P < 0.05; **,P < 0.01; ***, P < 0.001.



Subsequently, the relevance between the risk score and clinicopathological parameters of patients was evaluated and exhibited as a heatmap in the training cohort (Figure 4E) and validation cohort (Figures 4G). The results confirmed that the risk score had strong correlations with the tumor grade, N stage, T stage and TNM stage in the training cohort (Figure 4F). The similar results were observed from the validation cohort (Figure 4H). All these results verified that as the risk score increased, the probability of progressing to a later clinical phenotypes gradually increased, suggesting that cellular senescence-related gene signature would be a valuable cancer prognostic model in the progression of BCa.



Analysis expression of the genes from the signature in bladder cancer patients

We detected mRNA expression of the genes from this signature in 5 paired human BCa tissues and adjacent normal tissues. The results indicated that the expression of EPHA3, TGFB1I1, STK40 and CBX7 were down-regulated in BCa tissues than that in adjacent normal tissues. The expression of SREBF1 and MYC were up-regulated in BCa tissues than that in adjacent normal tissues (Supplementary Figure 1).



Functional enrichment analyses in training cohort

To investigate underlying biological functions and pathways that were related to the risk score, the GO enrichment and KEGG pathway analyses were performed using the DEGs between the high risk group and low risk group. The GO analysis results demonstrated that the biological process (BP) of DEGs mainly focused on extracellular matrix organization, extracellular structure organization, humoral immune response, regulation of cellular response to growth factor, and so on (Figures 5A, B). KEGG pathway analysis revealed that DEGs were significantly enriched in PI3K-Akt signaling pathway, Proteoglycans in cancer, ECM-receptor interaction, AGE-RAGE signaling pathway, Transcriptional misregulation in cancer, TGF-beta signaling pathway, Bladder cancer, IL-17 signaling pathway (Figures 5C, D).




Figure 5 | GO and KEGG analyses in TCGA cohort. (A, B) GO enrichment analysis in the TCGA cohort. (C, D) KEGG enrichment analysis in the TCGA cohort.





Differential immune infiltration characteristics landscape

To evaluate the correlation between the risk score and immune activity, the ssGSEA algorithm was performed for the purpose of calculating the infiltrating scores of the different immune cell subsets, as well as immune-related function. The scores of Treg, TIL, Th2_cells, Th1_cell, Tfh, T_helper_cells, pDCs, Neutrophils, Mast_cells, Macrophages, iDCs, DCs, CD+_T_cells, B_cells and aDCs were significantly higher in high risk group than that in the low risk group in the training cohort (Figures 6A, B), suggesting immune cell abundance was significantly correlated with the riskScore. In addition, as shown in Figure 6C, the scores of immune function in the high risk group was stronger than that in the low risk group. Interestingly, the scores of Th1_cell, Tfh, T_helper_cells, pDCs, Neutrophils, Macrophages, DCs, and aDCs were significantly higher in the high risk group than that in the low risk group in validation cohort (Figures 6D, E). Moreover, compared with the low risk group, the scores of T_cell_co-stimulation, T_cell_co-inhibition, Inflammation-promoting, Check-point, CCR were significantly higher in the high risk group (Figure 6F). All these results, together, confirmed that the risk score had strong correlations with immune cell infiltration and immune-related function.




Figure 6 | Comparison of the ssGSEA scores. (A) Relationship heatmap of the risk scores and ssGSEA scores, (B) Box plots showing the scores of immune cells, (C) Box plots showing the scores of immune function between the high risk and low risk group in the TCGA cohort. (D) Relationship heatmap of the risk scores and ssGSEA scores, (E) Box plots showing the scores of immune cells, (F) Box plots showing the scores of immune function between the high risk and low risk group in the GSE13507 cohort. P values were showed as: ns, not significant; *, P < 0.05; **,P < 0.01; ***, P < 0.001.



Considering the important role of immune checkpoint molecules such as PD-1, PD-L1, LAG3 and CTLA-4 in tumor immune microenvironment, the expression levels of these molecules were explored between two groups. Interestingly, PD-1, PD-L1, LAG3 and CTLA-4 of the high risk group were highly expressed in the training cohort (Figures 7A, B). In addition, we utilized validation cohort for exploring the molecules expression levels. Results presented that although the expression of PD-1 was no statistical difference, PD-L1, LAG3 and CTLA-4 were significantly high in the high risk group (Figures 7C, D).




Figure 7 | The expression of immune checkpoint molecules including PD-1, PD-L1, LAG3 and CTLA4. (A) Heatmap of immune checkpoint molecules expression, (B) Box plots showing the checkpoint molecules expression between the high risk and low risk group in the TCGA cohort. (C) Heatmap of immune checkpoint molecules expression, (D) Box plots showing the checkpoint molecules expression between the high risk and low risk group in the GSE13507 cohort. P values were showed as: ns, not significant; **,P < 0.01; ***, P < 0.001.





Differences in inflammatory response–related genes characteristics and EMT phenotype between high and low risk group

Due to the close connection between the senescence-associated secretory phenotype (SASP) and inflammatory response and epithelial mesenchymal transition (EMT), we decided to further investigate the differences in inflammatory response–related genes characteristics and EMT phenotype between two groups. First, The inflammatory response–related DEGs were identified between two groups by the “limma” R package based on the screening criteria of false discovery rate (FDR) < 0.05 and |log2FC| > 1. We found that these inflammatory response–related DEGs were highly expressed in high risk group and lowly expressed in low risk group in training cohort (Figure 8A). The similar results were observed from the validation cohort (Figure 8B). Next, EMT hallmark genes expression were explored between high and low risk group. As illustrated in Figures 8C, D, significantly higher expression of EMT hallmark genes including SNAI2, N-cadherin, Vimentin, ZEB1, ZEB2, SNAI1, Fibronectin and TWIST1 were observed in high risk group in the training cohort, along with the low expression of E-cadherin, suggesting that risk score was positively correlated with cell EMT pathway. Subsequently, these genes expression levels were explored in validation cohort. Results presented that although the expression of ZEB1, SNAI2 and E-cadherin were no statistical difference, ZEB2, TWIST1, SNAI1, Fibronectin and N-cadherin were significantly higher in the high risk group (Figures 8E, F), which was in accordance with our results that risk score was positively correlated with cell EMT pathway.




Figure 8 | The landscape of inflammatory response–related genes and EMT hallmark genes including SNAI1, SNAI2, ZEB1, ZEB2, TWIST1, Vimentin, Fibronectin, N-cadherin, and E-cadherin. (A). Heatmap of inflammatory response–related DEGs expression between the high risk and low risk group in the TCGA cohort. (B) Heatmap of inflammatory response–related DEGs expression between the high risk and low risk group in the GSE13507 cohort. (C) Heatmap of EMT hallmark genes expression, (D). Box plots showing the EMT hallmark genes expression between the high risk and low risk group in the TCGA cohort. (E) Heatmap of EMT hallmark genes expression, (F). Box plots showing the EMT hallmark genes expression between the high risk and low risk group in the GSE13507 cohort. P values were showed as: ns, not significant; *, P < 0.05; **,P < 0.01; ***, P < 0.001.






Discussion

BCa is an extremely frequent genitourinary malignancy. Despite the therapeutic strategies and individualized therapies improvement, a significant proportion of patients with muscle invasive bladder carcinoma (MIBC) undergoing radical cystectomy still experience local recurrence and distant metastasis. Unfortunately, effective clinical treatments for these patients are relatively limited. Therefore, it is of great importance to identify novel molecular biomarkers to better advance cancer therapies and predict the prognostic of patients with BCa.

Cellular senescence is a state of durable growth arrest induced by various stresses (21). Several common features of cellular senescence include high expression of the cell cycle inhibitor p16Ink4a, and a distinctive senescence-associated secretory phenotype (SASP) that involves cytokines, chemokines, matrix metalloproteinases, growth factors and angiogenic factors (22). Emerging evidence has shown that cellular senescence plays a crucial role in tumor microenvironment (TME) and tumor growth (23, 24). In this study, the prognostic signature was constructed based on senescence-related genes in the TCGA cohort. Then, we validated the predictive power of the model in the GSE13507 cohort. The vast majority of patients in the TCGA are MIBC. The GSE13507 dataset include 101 NMIBC and 62 MIBC. Finally, six genes, including CBX7, EPHA3, STK40, TGFB1I1, SREBF1, and MYC were filtered out to construct the prognostic model.

CBX7 (Chromobox protein homolog 7) is reported to belong to the Chromobox protein family (25). Previous studies revealed that CBX7 expression was down-regulated in multiple human carcinomas and the loss of CBX7 expression was associated with increasing malignancy (26, 27). A recent study indicated that CBX7 acted as a tumor suppressor in BCa and could suppress cancer cell aggressiveness by inhibiting ERK signaling (25). EPHA3 is a member of the Eph receptor tyrosine kinases and can bind cell membrane ligands to mediate cell communication regulate biological function, including tumour growth, angiogenesis and metastasis  (28). EPHA3 is one of the potential anticancer targets, with up-regulation and tumor-promoting roles in a range of human cancers (29). However, the expression pattern and function of EPHA3 in BCa remains unclear, and further exploration are needed. STK40 (Serine/threonine kinase 40), also known as SHIK, which had been confirmed as a negative regulator of NF-κB transcription (30).

A recent evidence displayed that STK40 acted as a tumor inhibitor in patients with Triple-negative breast cancers (31). The expression details and functions of STK40 in various cancer types still warrants further investigation. TGFB1I1, a scaffold protein, is also known as HIC-5, which can be expressed under the induction of TGF-β and hydrogen peroxide (32). Previous studies revealed that TGFB1I1 acted as key roles in a variety of pathological processes, including liver fibrosis (32), atherosclerosis (33), tumorigenesis and progression (34). TGFB1I1 have been verified to be acted as an oncogene in several cancers, including esophageal squamous cell carcinoma (35), breast tumor (36), ovarian cancer (37), and osteosarcoma (38). SREBP1, a well-recognized transcriptional regulator of lipid metabolism (39). Previous studies have verified high expression of SREBP1 was related with a poor prognosis in multiple human tumors (40–42). MYC, one of the most frequently investigated proto-oncogene, has been reported as one of the most highly amplified oncogene contributes to the initiation and development of many human cancers (43, 44). A recent study revealed that MYC inhibitor not only suppressed tumor growth in mice, but also increased T cell immune infiltration, enhanced PD-L1 expression on tumors, and increased tumor sensitivity to anti-PD1 immunotherapy (45).

The patients were divided into high risk and low risk group based on the median risk score. Compared to the low risk group, patients in the high risk group had a higher probability of death. Survival analyses indicated that patients with high risk had a significantly poor prognosis. ROC curves indicated that higher consistency was existed between actual and predicted survival rate. Consistently, the percentage of patients with worse malignant phenotype, such as higher tumor grade, lymph node metastasis, and advanced TNM stage, was significantly higher in the high risk group.

We further reproduce the model in validation cohort to confirm the robustness of the risk model. As expected, results revealed that patients in the high risk group had a significantly increased risk of poor prognosis than that in the low risk group, which were consistent with our previous results. GO and KEGG analysis were performed based on DEGs between different risk groups to investigate the biological processes and signaling pathways that were related to the risk score. The results presented that DEGs were significantly enriched in extracellular matrix organization, humoral immune response, regulation of cellular response to growth factor, PI3K-Akt signaling pathway, TGF-beta signaling pathway, Bladder cancer, IL-17 signaling pathway. These biological processes are involved in immune biological processes and pathways (46–49).The extracellular matrix (ECM) is a combination of proteins and proteoglycans with structural and functional roles (50). Proteases and matrix metalloproteinases (MMPs) participate in ECM remodelling. Many evidence indicated that MMPs, such as MMP-7, MMP-10, associated with the progression in patients with BCa (51, 52). BCa is an immunogenic. Numerous studies found the influence of the immune microenvironment on BCa development and immunotherapy was applied for the treatment of BCa (53, 54). The development and progression of BCa has been associated with abnormal expression of a number of genes or aberrant activation of signaling pathways. Among them, PI3K-Akt pathway abnormally activated is crucial for BCa progression (55). Ruan et al. reported that inhibition of PI3K-Akt pathway significantly inhibited migration and invasion of BCa cells (56). TGF-β expression is up-regulated in tumor cells and TGF-β signaling pathway was notably associated with several hallmarks of cancer, such activating invasion and metastasis, inducing angiogenesis and drug resistance (57). Chen et al. found that TGF-β facilitated BCa cell proliferation, migration and invasion both in vitro and in vivo by inducing EMT (58). Liang et al. reported that ablation of TGF-β signaling suppressed the BCa cell proliferation and EMT, hence inhibited BCa progression in a BCa mouse model (59).The IL-17 cytokine family includes six ligands (IL-17A to IL-17 F) and five receptors (IL-17RA to IL-17RE) (60). Previous study indicated that IL-17F protein served as an oncogene in BCa (61). IL-17A levels were significantly elevated in peripheral blood in patients with BCa than that in healthy control (62). Wang et al. found that IL-17A facilitated BCa growth in animal experiments (63).

BCa is considered as an immune cell infiltrating tumor. At present, many immune checkpoint inhibitors, including atezolizumab, durvalumab, nivolumab, pembrolizumab, and avelumab, have been approved by FDA for the treatment of advanced urothelial carcinoma (64–70). In this study, two risk group confirmed by us had significantly different immune characteristics. High risk group had a significantly correlated with higher infiltrating scores of immune-cell and immunity-related pathways. Moreover, the expression of immune checkpoint molecules including PD-1, PD-L1, LAG3, and CTLA4 was significantly higher in the high risk group in training cohort. Similar to this results, in the validation cohort, the patients with high risk had a significantly higher expression of PD-L1, LAG3, and CTLA4. These results suggested that patients in the high risk group may have a more favorable response to immune checkpoint inhibitor therapy than that in the low risk group.

Inflammation were widely involved in the tumorigenesis and progression of tumor, immune escape, and tumor microenvironment formation (71, 72). We further investigated the inflammatory response–related genes (IRGs) expression abundance between the high risk and the low risk group. It is found that most of the differentially expressed IRGs were significantly higher expression in the high risk group than that in the low risk group. Moreover, based on the expression of EMT hallmark genes including SNAI2, N-cadherin, Vimentin, ZEB1, ZEB2, SNAI1, Fibronectin, TWIST1 and E-cadherin, we found that patients with high risk score distinctly exhibited a mesenchymal phenotype, suggesting a higher tumor malignancy.

In our study, six genes signature, namely, CBX7, EPHA3, STK40, TGFB1I1, SREBF1, and MYC, was constructed. Sun et al. identified a four-cell-senescence-regulator-gene prognostic index to predict the prognosis of patients with BCa (73). These four genes were PSMD14, PSMB5, PRPF19 and TPR. Zhou et al. developed an 8 immunosenescence-related gene pair signature to evaluate the overall survival of patients with BCa (74). These 8-gene pair were EGFR∣MAPK1, TFRC∣IRF1, ADIPOR2∣GBP2, CTSS∣THBS1, GBP2∣CCN2, PSMD11∣SRC, KIR2DL4∣NOX4, and MAP2K1∣ELAVL1. In TCGA cohort and GSE13507 cohort, we found that the high risk group and low risk group identified using cellular senescence-related gene in our study is not similar to the high risk group and low risk group identified in the Sun et al. and Zhou et al. papers (Supplementary Tables 3 and 4).

The risk score using gene signatures proposed in the Sun et al. and Zhou et al. papers were calculated. In TCGA cohort, the risk score calculated using gene signature proposed in our paper is not highly correlated with the risk score calculated using gene signatures proposed in the Sun et al. paper (r=0.282) and Zhou et al. papers (r=0.135). In GSE13507 cohort, the risk score calculated using gene signature proposed in our paper is not highly correlated with the risk score calculated using gene signatures proposed in the Sun et al. paper (r=0.115) and Zhou et al. paper (r=0.552) (Supplementary Figure 2). Therefore, the prognostic gene signature proposed in our study has uniqueness and novelty.

Some limitations should be acknowledged in our study. First, data from the BCa cohort in our clinical center are incomplete, thus, we cannot used our own BCa cohort to validate the predictive power of the model. We will improve the clinical data in the future to further validate the predictive power of the model. Second, as our prognostic model was constructed and validated with retrospective data, a multi-center prospective study with larger population is required to confirm the clinical value of the model. Third, further experimental studies are needed to clarify the biological regulatory mechanisms of cellular senescence-related genes in the progression of BCa.



Conclusion

In summary, we established a novel prognostic model for BCa based on cellular senescence-related genes. Moreover, the model is capable of providing a reliable predictor for OS, clinical characteristics, and immune infiltration, which can serve as a valuable biomarker for bladder prognosis and progression.
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Background

Growing evidence suggests that tumor metastasis necessitates multi-step microenvironmental regulation. Lymph node metastasis (LNM) influences both pre- and post-operative bladder cancer (BLCA) treatment strategies. Given that current LNM diagnosis methods are still insufficient, we intend to investigate the microenvironmental changes in BLCA with and without LNM and develop a prediction model to confirm LNM status.



Method

"Estimation of Stromal and Immune cells in Malignant Tumors using Expression data" (ESTIMATE) algorithm was used to characterize the tumor microenvironment pattern of TCGA-BLCA cohort, and dimension reduction, feature selection, and StrLNM signature construction were accomplished using least absolute shrinkage and selection operator (LASSO) regression. StrLNM signature was combined with the genomic mutation to establish an LNM nomogram by using multivariable logistic regression. The performance of the nomogram was evaluated in terms of calibration, discrimination, and clinical utility. The testing set from the TCGA-BLCA cohort was used for internal validation. Moreover, three independent cohorts were used for external validation, and BLCA patients from our cohort were also used for further validation.



Results

The StrLNM signature, consisting of 22 selected features, could accurately predict LNM status in the TCGA-BLCA cohort and several independent cohorts. The nomogram performed well in discriminating LNM status, with the area under curve (AUC) of 75.1% and 65.4% in training and testing datasets from the TCGA-BLCA cohort. Furthermore, the StrLNM nomogram demonstrated good calibration with p >0.05 in the Hosmer-Lemeshow goodness of fit test. Decision curve analysis (DCA) revealed that the StrLNM nomogram had a high potential for clinical utility. Additionally, 14 of 22 stably expressed genes were identified by survival analysis and confirmed by qPCR in BLCA patient samples in our cohort.



Conclusion

In summary, we developed a nomogram that included an StrLNM signature and facilitated the preoperative prediction of LNM status in BLCA patients.





Keywords: tumor microenvironment, bladder cancer (BLCA), lymph node metastasis (LNM), prognosis, preoperative nomogram



1 Introduction

Bladder cancer (BLCA) is one of the most common malignant tumor of the urinary tract (1). The incidence and mortality of BLCA are increasing due to factors such as increasing age, environmental pollution, smoking, and other factors (2). Lymph node metastasis (LNM) is a major means of metastasis of BLCA and several theories have been proposed to explain the mechanism of LNM in BLCA, including lymphangiogenesis, epithelial-mesenchymal transition (EMT), cell invasion, and tumor microenvironment (3). Previous studies have shown that LNM status is an independent unfavorable prognostic factor in BLCA patients (4–6), and the five-year overall survival (OS) is considerably lower in patients with LNM than in patients without LNM (28% vs. 54%) (7, 8).

Given that there is such a remarkable difference in prognosis between LN-positive and LN-negative patients, In clinical practice, preoperative assessment of LN status is important. Current diagnostic procedures based on traditional radiology, including computerized tomography (CT) and magnetic resonance imaging (MRI).Though the specificity of diagnosis LNM by these method is (91.9% for CT and 89%–98% for MRI), but the sensitivity is relatively low (36.9% for CT and 76–83% for MRI) to preoperatively predict the lymphatic metastasis of BLCA patients (9, 10). Various groups have attempted to develop a nomogram based on CT as well as other radiomics to predict the status of LNM in BLCA patients. For example, Wu et al. established a nomogram based on radiomics features extracted from arterial-phase CT images. However, this nomogram lacked external validation and was constructed without the use of genetic markers, thus its clinical significance needed to be confirmed further (11). As for positron emission tomography (PET), although PET/CT technology plays an increasingly important role in the preoperative evaluation of clinical patients, both F18-PET/CT (12) and 11C-choline PET/CT (13) were not doing well in the sensitivity of lymph node assessment. What’s more, considering the gap between economic development and medical resources in different countries and regions, it is unrealistic to routinely use PET/CT as a preoperative auxiliary examination for BLCA patients. Thus, it is necessary to establish a new noninvasive and effective preoperative assessment to predict LNM in patients.

Furthermore, the interaction between BLCA cells and other cells in the TME contributes to lymph node metastasis. Recognizing that the TME is characterized in cancer development has changed our understanding of cancer development from a cancer cell-centric perspective to tumor growth and metastasis supporting advanced tumor ecosystems (14). Rather than working alone, tumor cells build particular TME through intimate interactions with the extracellular matrix (ECM) as well as stromal cells (15). Lymphatic endothelial cells could express CCL21 and attract CCR7-expressing tumor cells to lymphatic vessels and present antigens (16). Numerous immune and non-immune cells in the TME infrastructure, along with the factors they secrete, contribute to chronic inflammation, immunosuppression, and the gastrointestinal milieu (17).

With the rapid development of next-generation sequencing technology and the comprehensive study of human transcriptome and gene changes, it has become possible to discover the differences of BLCA in LNM from the genomic level. In recent decades, we have seen a shift from a single analysis of multiple biomarkers to the combinatorial analysis of a panel of biomarkers to construct markers, which is regarded as an useful and effectivetool for clinical management methods (18). Our team previously built a nomogram combining an EMT-LNM signature and somatic genetic mutations for prediction of LNM in BLCA which was pretty useful for clinical practice (19). And in the current study, we focused on TME patterns and tried to establish a nomogram which was centered on an StrLNM signature for preoperative prediction of LNM status in BLCA patients.



2 Material and methods


2.1.  Data collection and processing

The TCGA-BLCA dataset was obtained from the TCGA Genomic Data Commons (GDC) (https://portal.gdc.cancer.gov/) and was used as the training and internal validation cohort (Table S3, S4). Since multiple ENSEMBL IDs mapped to a single gene symbol, the highest expressed ENSEMBL ID was used. TCGA-BLCA fragments per kilobase million (FPKM) values were downloaded from the TCGA GDC and transformed into transcripts per kilobase million (TPM) (20). Details of the clinicopathological features of each dataset were obtained in our previous study (21). We included a total of 256 samples in our study including 128 lymph node metastases (LN+) and 228 non-lymph node metastases (LN-)as the total TCGA-BLCA cohort. Three distinct BLCA cohorts, GSE13507 cohort (22), GSE31684 cohort (23), and GSE106534 cohort (24), were acquired for external validation. “Affyy” R packages was used in R for the log2 transformation, background correction, annotation, and quantile normalization to process the raw data (25).



2.2.  Identification of differentially expressed genes (DEGs)

The differential expression genes of LN+ and LN- samples was evaluated, as well as high Stromal score samples and low Stromal score samples, in the TCGA-BLCA cohort by R package “DESeq2”. The significant cutoff for defining DEGs was set as |log2Fold Change (FC)| >1.0 and false discovery rate (FDR) < 0.05. Among all the DEGs both upregulated or downregulated genes in LN+/LN- groups and high/low Stromal groups were defined as the final DEGs.



2.3.  Generation of StrLNM signature

Primary predictive features was built by the Least absolute shrinkage and selection operator (LASSO) logistic regression analysis, and screened final DEGs was used to build an StrLNM signature by the R package “glmnet” (26). The best value of the penalty parameter λ was determined through 10-fold cross-validation error for dimension reduction to reduce noise or redundant genes. The risk value for each sample’s StrLNM signature was calculated from a linear combination of selected features, weighted with an appropriate coefficient. The equation of risk value=  (coefi × Expri), where Expri is the relative expression of the genes in the signature for patients i and coefi was the relevant coefficients of the genes. And we further used U test to explore the correlation of StrLNM and LNM in testing dataset.



2.4.  Development of an individualized prediction model

Univariable and multivariable logistic regression analysis were further used to development the model with candidate features including the StrLNM signature and C3orf70. StrLNM nomograms were generated using the “rms”, “nomogrammex”, and “regplot” R packages as a quantitative tool for clinicians to predict individual LNM probabilities.



2.5.  Validation of StrLNM signature and nomogram

After the StrLNM signature was established, internal validation was performed on the TCGA-BLCA cohort test dataset according to the risk assessment formula specified in the training dataset. The nomogram was then tested for predictive accuracy and stability using receiver operating characteristic (ROC) curves and calibration curves by using R packages “pROC” and “rms”. Moreover, three independent GEO cohorts (GSE13507, GSE31684, and GSE106534) were used for the external validation. A supervised hierarchical clustering method was used to explore clusters with k = 2 based on 1-Pearson’s correlation distance.



Tissue specimens

As previously described, a total of 55 BLCA specimens were randomly recruited and paired adjacent normal tissue samples were obtained at the Beijing Friendship Hospital, Capital Medical University (Beijing, China) between January 2021 and March 2022. The clinical characteristic of our specimens was listed in Table 1. And there was no attrition during the study.


Table 1 | 
Characteristic of patients.



The inclusion criteria for our specimens were patients with a clinical and histological diagnosis of BLCA.And the exclusion criteria were patients who had received any chemotherapy, neoadjuvant chemotherapy, radiotherapy and immunotherapy. Patients with severe urinary tract infection, severe renal failure, serious underlying diseases of other systems, or who had participated in other studies were also excluded. This study was approved by the Ethics Committee of the Affiliated Friendship Hospital of Capital Medical University (NO.2021-P2-159). The patients provided their written informed consent to participate in this study.



2.6.  RNA extraction, reverse transcription, and quantitative real-time PCR (qRT-PCR)

During the whole process of RNA extraction and PCR, operators follow the principle of blind method. Total RNA of clinical samples was extracted by the RNeasy plus mini kits (74136, Qiagen, Germany) Subsequently, NanoDrop instrument (NP80, Implen, Germany) was used to exam the quality of the extracted RNA. Then, the RNA was used as a template for cDNA synthesis using the ReverTra Ace qPCR RT Kit (FSQ-201, Toyobo, Japan). Finally, forward and reverse primers of our key genes and iQTM SYBR® Green Supermix (1708880, Bio-Rad, US) were mixed, and performed the qRT-PCR. The primer sequences were listed in 
Table S1. The relative expression level of the targeted genes was normalized to GAPDH as described by Schmittgen TD et al. 2-△△CT=[(CT gene of interest - CT internal control) sample A - (CT gene of interest - CT internal control) sample B] (27).



2.7.  Statistical analyses

The statistical significance of data between two groups was tested by Student’s t-test, Mann-Whitney U test, Fisher’s exact and χ2 tests according to the data type. We used R package “survival” and “survminer” to generate Kaplan-Meier curves and Cox regression for survival analysis (28). The significant difference between survival curves belonging to different defined groups were determined with the log-rank (Mantel-Cox) test. And we used R packages “rms,” “nomogramEx,” and “regplot” to build nomogram and calibration curves (21). Decision curve analysis (DCA) was performed to determine whether our established nomogram was of clinical usefulness according to Iasonos et al.’s suggestion (29). The package “pROC” in R was used to plot and visualize ROC curves. All statistical analyses were performed with R software 3.5.3. Statistical cutoff point was set at p < 0.05.




3 Results


3.1.  Characterization of patients in BLCA

We first assessed Stromal score, Immune score, and Estimated score in 356 patients with or without LNM in the TCGA-BLCA cohort (Table S2). Stromal score were significantly higher in patients with LNM (Figure 1A, p = 0.0022); However, Immune score and Estimated score did not differ significantly between these patients (
Figures 1B, C). And we further examined overall survival in patients with or without LNM, and it is clear that LNM is an unfavorable prognostic factor (Figure 1D). Also, patients with a higher Stromal score had a potential for poorer overall survival (OS) (Figure 1E). Therefore, we divided all patients into four groups according to the Stromal score and the LNM status. Interestingly, regardless of the level of Stromal score, Kaplan-Meier survival curves showed significantly improved survival in LN- patients, and patients without LNM and low Stromal score level had a better prognosis than other groups (log-rank test, p < 0.05, Figure 1F). And the Recurrence free survival (RFS) curve was similar to OS and was shown in Supplementary Figure S1.




Figure 1 | 
Association between LN metastasis status and TME related score of BLCA patients in the TCGA-BLCA cohort for overall survival (OS). (A) Correlation between LN metastasis and Stromal score. (B) Correlation between LN metastasis and immune score. (C) Correlation between LN metastasis and ESTIMATE score. (D) Kaplan-Meier survival curves of LN metastasis (E) Kaplan-Meier survival curves of Stromal score (F) Kaplan-Meier survival curves show the difference in prognosis advantage among four groups stratified by LN metastasis and Stromal score.





3.2.  DEGs between LN+/- and high/low Stromal score patients

When comparing LN+ and LN-, we screened 121 down-regulated DEGs (DEG_LN_DN) and 230 up-regulated DEGs (DEG_LN_UP) by the package “DESeq2” in R (
Figure 2A). In addition, we identified 3552 down-regulated differentially expressed genes (DEG_stromal_DN) and 1096 up-regulated differentially expressed genes (DEG_stromal_UP) between patients with high and low Stromal score (Figure 2B
). Among all these DEGs there were 48 DEGs both involved in DEG_stromal_DN and DEG_LN_DN, and 105 DEGs participated in both DEG_stromal_UP and DEG_LN_UP (Figure 2C). Therefore, we defined these 153 genes as the most important genes among LN+/LN- patients. The heatmap showed the expression levels of 153 DEGs in patients was characterized by LN+/LN- and Stromal score (Figure 2D
).



Figure 2 | 
DEGs between LN+/- and high/low Stromal score patients. (A) DEGs between LN+ and LN-. (B) DEGs between high/low Stromal score patients. (C) DEGs both involved in Stromal score and LN. (D) Heatmap of DEGs both involved in Stromal score and LN.





3.3.  Establishment of StrLNM-Signature

We further performed LASSO regression analysis on 153 DEGs and constructed a signature (StrLNM signature) to distinguish LNM status in the TCGA-BLCA cohort training dataset (Figures 3A, B). The coefficient of each feature in the StrLNM signature was shown in Table S5. Furthermore, the StrLNM signature was significantly higher in LN+ tumors than in LN tumors in both training(p <0.001) and test datasets(p = 0.04) of the TCGA-BLCA cohort, and the entire dataset also matched well with the same results (Figures 3C–E).




Figure 3 | Feature selection using LASSO logistic regression model. (A) Tuning parameter (λ) selection 10-fold cross-validation error curve. The misclassification error was plotted vs. log (λ). The dotted vertical lines were drawn at the optimal values by the minimum criteria and the 1-SE criteria. (B) LASSO coefficient profiles of the 19 candidate EMT-related genes. A coefficient profile plot was produced against the log (λ) sequence. A vertical line was drawn at the value selected by 10-fold cross-validation, where the optimal λ resulted in 17 nonzero coefficients. (C–E) Difference in the StrLNM signature risk score between LN+ and LN- tumors in the training dataset (C), testing dataset (D) and entire set (E) of the TCGA-BLCA cohort.





3.4.  Supervised hierarchical clustering according to StrLNM signature

In addition, we performed hierarchical clustering to see whether StrLNM signature could discriminate LNM in the other three external cohorts. We found cluster C1 was mainly concentrated in LN+ tumors, whereas the cluster C2 gathered in LN- patients in the GSE106534 cohort (Figure 4A). When we further explored the StrLNM signature score in LN+ and LN- patients, it was obvious that LN+ patients had a higher StrLNM signature score (Figure 4B). The area under curve (AUC) of the StrLNM signature score in the GSE106534 cohort was 0.88 (Figure 4C
). We then further verified the StrLNM cluster in the other three datasets (GSE13507, GSE31684 and GSE48075) and confirmed that cluster C1 which almost all consisted of LN+ had a significantly worse OS and cancer-specific survival (CSS) than cluster C2 patients in GSE13507(Figures 4D–F), in GSE31684 (Figures 4G–I), and in GSE48075 (
Figures 4J–L). These data suggested that stromal-rich BLCA patients were prone to have LNM and worse outcomes.




Figure 4 | Supervised hierarchical clustering for EMT-LN signature. (A) Dendrogram showed that two clusters created by supervised hierarchical clustering could significantly distinguish LN metastasis status in the GSE106534 cohort. (B) different StrLNM signature score in LN+ and LN- patients. (C) ROC curves of StrLNM signature score in the GSE106534 cohort. (D) Dendrogram showed that two clusters created by supervised hierarchical clustering were strikingly associated with OS, RFS, and CSS in the GSE13507 cohort. (E, F) Kaplan-Meier survival curves showed the difference in OS (log-rank test, p =0.006, E) and CSS (log-rank test, p < 0.001, F) between LN+ and LN- tumors in the GSE13507 cohort. (G) Dendrogram showed that two clusters created by supervised hierarchical clustering were strikingly associated with disease metastasis survival (DMS), lymph node recurrence survival (LRS), and urinary tract recurrence survival (URS) in the GSE31684 cohort. (H, I) Kaplan-Meier survival curves showed the difference in OS (log-rank test, p =0.088, H) and RFS (log-rank test, p =0.056, I) between LN+ and LN- tumors in the GSE31684 cohort. (J) Dendrogram showed that two clusters created by supervised hierarchical clustering were strikingly associated with P53, RAS, RB1 and FGFR3 mutation as well as OS and CSS in the GSE48075 cohort. (K, L) Kaplan-Meier survival curves showed the difference in OS (log-rank test, p < 0.001, K) and CSS (log-rank test, p < 0.001, L) between LN+ and LN- tumors in the GSE48075 cohort.





3.5.  Individualized prognostic nomogram: Development and validation

Logistic regression analysis was used to determine the predictive characteristics of preoperative lymph node metastasis. Considering that the pathological staging and detailed classification of TNM are more obtained by postoperative pathological examination than preoperative evaluation, in this study we included the StrLNM signature and mutation of C3orf70, which were proved to be obviously highly mutated in LN+ tumors when compared with LN- tumors (Table S6) (19), as the candidate features to build the preoperative nomogram.

Logistic regression found the StrLNM signature and C3orf70 mutation were statistically significant (p < 0.05) (Table S6). Therefore, we synthesize these features to form the StrLNM nomogram (Figure 5). The scores for each prognostic parameter for each patient were summed to obtain a complete score according to the nomogram. The higher the complete score, the more chance of LNM. The nomogram calibration curve then shows that the model performs similarly to the ideal model in the training set (p = 0.737) (Figure 6A). ROC curves (Figure 6B
) showed that the StrLNM nomogram could effectively predict the LNM, with high AUCs in both training dataset (AUC: 0.751 [0.696−0.803]) and testing dataset (AUC: 0.654 [0.462−0.813)). Then, DCA curve showed that the net benefit of the StrLNM nomogram was higher than that of the “complete treatment” or “no treatment” strategy, suggesting that the StrLNM nomogram had a higher potential clinical application value (Figure 6C).




Figure 5 | 
Development of preoperative StrLNM nomogram. By incorporating the StrLNM signature and genomic mutation of C3orf70, the StrLNM nomogram was built in the training dataset of the TCGA-BLCA cohort.






Figure 6 | 
Clinical utility of the StrLNM nomogram. (A) Calibration curve of the StrLNM nomogram in the training dataset of the TCGA-BLCA cohort, which depicts the calibration of the fitted model between the predicted risk of LN metastasis and actual LN metastasis rate. The x-axis represents the predicted LN metastasis risk, and the y-axis represents the actual LN metastasis rate. The pink solid line represents the performance of the StrLNM nomogram, of which a closer fit to the diagonal dotted blue line represents an ideal prediction. The difference in the two models was measured with the Hosmer-Lemeshow test. (B) ROC curves showed the prediction accuracy of the StrLNM signature in prediction of the LN metastasis in training and testing datasets of the TCGA-BLCA cohort. (C) Decision curve analysis (DCA) for the StrLNM nomogram. The y-axis measures the net benefit. The pink line represents the StrLNM nomogram, the blue line represents the assumption that all patients have LN metastases, and the black line on the bottom represents the assumption that no patients have LN metastases.





3.6.  Expression level of StrLNM candidate genes in BLCA patient samples

A total of 55 BLCA specimens and paired adjacent normal tissue samples, including 16 LN+ samples and 39 LN- samples were obtained. We validated the expression of 14 stably expressed candidate genes (over 50% samples detected in the TCGA-BLCA cohort) in BLCA patients’ samples by qPCR and examined the association between these genes and survival in the TCGA-BLCA cohort (Figure 7). AZGP1, C11orf86, CLDN9, CLIC3, EPHB6, ERVV.2, HS3ST2, HSD17B2, KCNK13, and STEAP4 showed a significant correlation with survival while the p-value of SHH was also close to 0.05 (Table S7). We then further explored the expression of these genes between LN+ and LN- BLCA patients, which showed that the expression level of AZGP1, C11orf86, HSD17B2, and SHH in LN+ patients were significantly lower than in LN- patients, meanwhile, CLIC3 and KCNK13 were both highly expressed in LN+ patients.




Figure 7 | Overall survival of 14 stably-expressed genes. Kaplan-Meier survival curves showed the different correlation between OS and expression level of candidate genes.






4 Discussion

In the present study, we focused on stromal cells of TME and tried to establish a nomogram combining an StrLNM signature for preoperatively predict LNM and confirmed that AZGP1, C11orf86, CLIC3, HSD17B2, KCNK13, and SHH were potentially predictive biomarkers in BLCA. These results indicate that stromal infiltration involvement in LNM and the potential clinical utility of our StrLNM signature.

Cancer research has recently shifted from focusing solely on tumor cells to comprehensively understanding the surroundings of core tumor cells, known as the TME (30–32). Tumorigenesis may be a complex and dynamic process with three stages: initiation, progression, and metastasis, and the physiological state of the TME was found to be closely related to the various stages of tumorigenesis. TME immune cell infiltration in situ has been identified as a piece of important and valuable information for predicting the prognosis and immunotherapy of various cancers in clinical studies of ICIs (33–36). Multiple studies have demonstrated the important role of TME in determining prognosis and LNM in BLCA (24, 33, 37). These studies demonstrated the enormous potential of TME in BLCA prognosis and preoperative evaluation, which was consistent with our findings that higher stromal infiltration was found in LN+ BLCA and associated with worse outcomes.

Multiple studies have found that lymph node dissection can improve the prognosis of BLCA patients at various stages of tumor growth, implying the importance of a more accurate LNM assessment strategy (38, 39). And in our study, to reduce noise and redundant features, we used the LASSO algorithm to combine all features into a single feature, the marker panel, rather than a single predictor selection based on the strength of univariate regression analysis. The StrLNM signature identified in the current study was distributed significantly differently in LN+ and LN- tumors in the TCGA-BLCA training, test cohorts as well as GEO cohorts, indicating our StrLNM signature could be considered as a non-invasive factor for our preoperative prediction of lymph node metastasis. The nomogram and DCA curves were also used to confirm the predictive value of our StrLNM signature. The nomogram is a quantification tool, and people get an overall score by adding points to each nomogram feature, which calculated the contribution of features according to special algorithms. And in this study, our nomogram was pretty accurate in diagnosing lymph node metastases in the TCGA-BLCA training group (75.1%) and test group (65.4%) compared with 36.9% sensitivity for CT (9). Therefore, our StrLNM nomogram could effectively predict the LNM of patients before operation, and provide an effective auxiliary role for follow-up treatment. Furthermore, DCA curves revealed that our nomogram-based decision-making was superior to all patients with and without treatment, with a higher threshold probability and better clinical outcomes. All of these findings suggested that our developed nomogram had a high potential for clinical application.

Moreover, we found the expression levels of AZGP1, C11orf86, HSD17B2, SHH, CLIC3, and KCNK13 were significantly different between our own BLCA patients’ tumor and para-carcinoma tissues using qPCR, and the expression level of AZGP1, C11orf86, HSD17B2 and SHH in LN+ patients were significantly lower which indicates they all had a positive effect on patients’ prognosis. And in our StrLNM-Signature system, these genes contributed negatively to the StrLNM score. Since we had proved that LN+ patients had a higher StrLNM signature score, we believed AZGP1, C11orf86, HSD17B2 as well as SHH were potentially important biomarker candidates that were significantly associated with LNM and would contribute to the prediction of BLCA patients. On other hand, CLIC3, and KCNK13 involved the same result from a different angle. They were both highly expressed in LN+ patients indicating they both had a negative effect on prognosis while these genes contributed positively to our StrLNM score. As a matter of fact, Wang et al. had already reported the correlation between highly expressed HSD17B2 and better prognosis in bladder (40). And though there was little research in BLCA, there were a series of researches indicating the role of AZGP1 in various cancers. Kong B et al. found Zinc α2-glycoprotein (AZGP1, ZAG) acts as a tumor suppressor in pancreatic ductal adenocarcinoma, and its expression is lost due to histone deacetylation (41). The sonic hedgehog (SHH) signaling pathway, an evolutionarily conserved molecular cascade that is primarily involved in the development of the fetal central nervous system, was a well-documented trail along the bladder. And it was reported to be correlated with tumorigenesis, EMT, and BLCA stemness (42–44). Interestingly, as a canonical potassium channel, KCNK13 was rarely described in tumors. We all know that ion channels such as transient receptor potential (TRP) channels have been shown to play an important role in tumorigenesis and invasion in pan-cancer, and KCNK13 channels, another classic cation channels, deserve further study. These six genes depicted in 
Figure 8
 showed a significant correlation in both LNM assessment and tumor/para-carcinoma tissue expression, indicating that these genes play a more important role in LNM and tumorigenesis and warrant more research.




Figure 8 | Expression Level of StrLNM candidate genes in BLCA patients’ sample. (A) Expression level of AZGP1 between LN+ and LN- samples. (B) Expression level of C11orf86 between LN+ and LN- samples. (C) Expression level of CLIC3 between LN+ and LN- samples. (D) Expression level of HSD17B2 between LN+ and LN- samples. (E) Expression level of KCNK13 between LN+ and LN- samples. (F) Expression level of SHH between LN+ and LN- samples.



As for clinical use of our StrLNM signature, cystoscopy is necessary for the diagnosis of bladder cancer according to the guideline of European association (45). Also, histological evaluation of resected tissue was also recommended for ultimately diagnosis. Thus, in the process of preoperative cystoscopy, the patient’s BLCA tissue can be easily obtained, and the corresponding simple key gene expression level detection can be carried out, and then the score can be directly obtained for clinical reference.

In this study, we first introduced TME into our StrLNM signature, combined a large external dataset to validate the results, and validate our key genes using patient materials. Nevertheless, there was also a limitation in our study. Our research has not been fully integrated with techniques such as radiomics, and practical clinical applications are still a long way off. And at this stage, it is not available for us to carry out in vitro and in vivo experiments to further verify the functions of our key genes.



5 Conclusion

In conclusion, we created an StrLNM nomogram with StrLNM signature, which is an easily accessible and convenient tool to help preoperatively predict LN metastasis in BLCA patients.
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Introduction

Bladder cancer (BC) is a significant carcinoma of the urinary system that has a high incidence of morbidity and death owing to the challenges in accurately identifying people with early-stage BC and the lack of effective treatment options for those with advanced BC. Thus, there is a need to define new markers of prognosis and prediction.



Methods

In this study, we have performed a comprehensive proteomics experiment by label-free quantitative proteomics to compare the proteome changes in the serum of normal people and bladder cancer patients—the successful quantification of 2064 Quantifiable proteins in total. A quantitative analysis was conducted to determine the extent of changes in protein species' relative intensity and reproducibility. There were 43 upregulated proteins and 36 downregulated proteins discovered in non-muscle invasive bladder cancer and normal individuals. Sixty-four of these proteins were elevated, and 51 were downregulated in muscle-invasive and non-muscle-invasive bladder cancer, respectively. Functional roles of differentially expressed proteins were annotated using Gene Ontology (GO) and Clusters of Orthologous Groups of Proteins (COG). To analyze the functions and pathways enriched by differentially expressed proteins, GO enrichment analysis, protein domain analysis, and KEGG pathway analysis were performed. The proteome differences were examined and visualized using radar plots, heat maps, bubble plots, and Venn diagrams.



Results

As a result of combining the Venn diagram with protein-protein interactions (PPIs), Chloride intracellular channel 1 (CLIC1) was identified as the primary protein. Using the Gene Set Cancer Analysis (GSCA) website, the influence of CLIC1 on immune infiltration was analyzed. A negative correlation between CD8 naive and CLIC1 levels was found. For validation, immunohistochemical (IHC), qPCR, and western blotting (WB) were performed.Further, we found that CLIC1 was associated with a poor prognosis of bladder cancer in survival analysis.



Discussion

Our research screened CLIC1 as a tumor-promoting protein in bladder cancer for the first time using serum mass spectrometry. And CLIC1 associated with tumor stage, and immune infiltrate. The prognostic biomarker and therapeutic target CLIC1 may be new for bladder cancer patients.





Keywords: proteomics, biology-informed analysis, CLIC1, prognosis, bladder cancer



Introduction

Bladder cancer is the tenth most common cancer worldwide, with approximately 573,000 new cases and 213,000 fatalities in 2020. Men are more likely than women to experience it. As a result, the illness is more prevalent in males, who demonstrate it as their sixth most frequent cancer and their ninth primary cause of cancer mortality than in women (1). It is estimated that 81,180 new cases of bladder cancer will occur in the United States in 2022, and 170,100 people will die from bladder cancer (2). In recent years, there has been a slight decline in the number of new bladder cancer cases and deaths related to bladder cancer in women. Men’s mortality rates have remained steady while incidence rates have declined (3). It is estimated that the number of new cases and deaths of bladder cancer in China in 2022 will be 84,825 and 19,223, respectively (4). Bladder cancer (BC) is a heterogeneous disease classified into muscle-invasive and non-muscle-invasive diseases (5). Muscle-invasive bladder cancer (MIBC) will be identified in 25% of bladder cancer patients, whereas NMIBC will be identified in the majority (MIBC). Recurrences or metastases, nevertheless, are common to most patients (6, 7). Although trimodally therapy is used in place of radical cystectomy to enhance the quality of life for individuals with BC (8), the chosen course of therapy for primary MIBC is still radical cystectomy (9–11). Trimodality treatment consists of transurethral resection with chemoradiation. Despite optimal treatment with surgery and chemotherapy, only 60% of muscle-invasive bladder cancer patients are alive five years after diagnosis (12). Clinical trials with checkpoint inhibitors are currently underway, and preliminary reports are promising (13–15). The gold standard for diagnosing BC in clinical settings continues to be cystoscopy and subsequent histological examination of the resected tissue. However, these procedures are intrusive and pricey and could result in urinary tract infections (16). Therefore, understanding the pathophysiology of bladder cancer, as well as identifying early diagnostic and prognostic indicators, is crucial for bladder cancer diagnosis, therapy, and prognosis assessment (17).

In recent years, biomarkers related to pathogenesis have been identified using high-throughput omics techniques (18–20). Promising sources for developing proteomic methods have been identified as serum. Blood samples are a convenient noninvasive liquid biopsy option since they are a great source of circulating abnormal proteins (21). With the advancement of metabolomic analysis using liquid chromatography-mass spectrometry (LC-MS), numerous blood-based proteins with differently expressed levels have been discovered in a variety of diseases, including cancer (18, 22, 23).

Our study examined the difference in the proteins in the serum of persons with bladder cancer and healthy people using liquid chromatography-mass spectrometry tandem analytic methods. After that, bioinformatics methods and technologies are used to obtain critical proteins for the functional analysis of the carcinogenesis and prognosis of bladder cancer. Additionally, we investigated the relationship between CLIC1 and multiple kinds of infiltrating immune cells. Meanwhile, we aimed to explore whether CLIC1 protein is associated with clinical and pathological parameters and survival rates. According to these studies, CLIC1 may serve as a therapeutic target and a prognostic marker for cancer patients.



Materials and methods


Sample collection and protein preparation

The current study consisted of 30 serum samples, 50 pairs of bladder cancer patient samples utilized for immunohistochemistry, and 16 pairs of bladder cancer tissues and adjacent non-cancerous tissues. Thirty cases of serum, including muscle-invasive and non-muscle-invasive bladder cancer, bladder papilloma, and healthy individuals. Fifty patients with bladder cancer provided paraffin sections and clinical data for immunohistochemistry and prognostic analyses. Bladder tumor specimens and surrounding non-cancerous bladder tissues were examined histopathologically at the First Affiliated Hospital of Sun Yat-Sen University’s Department of Pathology Department. Before surgery, none of the patients received adjuvant therapy, radiation, or chemotherapy. Liquid nitrogen was consumed to freeze and preserve the tissues together with the matched nearby non-cancerous bladder tissues. The serum was maintained at -80°C. The present research received permission from Sun Yat-Sen University’s First Affiliated Hospital ethics committee (Guangzhou, Guangdong, China)[2022]385.

First, serum samples are taken from a freezer at -80°C, and the cellular waste from the serum sample is spun at 12,000 g for 10 minutes at four°C to remove it. After that, a fresh centrifuge tube was filled with the supernatant. Using the PierceTM Top 14 Abundant Protein Depletion Spin Columns Kit, the top 14 proteins with the highest abundance were eliminated (ThermoFisher Scientific). Lastly, the BCA kit measured the protein concentration by the manufacturer’s recommendations.

Equal amounts of protein should be extracted from each sample, and the volume should be set with the lysate at a constant level. We alkylated a protein solution with 11 mM iodoacetamide at room temperature in the dark for 15 min after reducing it with five mM dithiothreitol at 56°C for 30 min. Placing the alkylated sample in an ultrafiltration tube, centrifuging it at 12,000 g for 20 minutes at room temperature, replacing it three times with 8 M urea, then three times with replacement buffer approximately one to fifty (protease: protein, m/m), before centrifuging it three more times. For enzymatic hydrolysis to occur overnight, trypsin should be introduced. We centrifuged the samples at 12,000 g for 10 min. At room temperature, the peptides were extracted. The two peptide solutions were combined after extracting them once again using ultrapure water.



LC-MS/MS analysis

The ionized peptides that had been separated operating a UHPLC system and then introduced into an NSI ion source for ionization were analyzed using an Orbitrap Exploris™ 480 mass spectrometer. High-resolution Orbitrap was used to identify and analyze the peptide precursor ions and their secondary fragments. The voltage adjustment for the ion source was set at 2.3 kV, and the compensation voltage for FAIMS was set at -70 and -45 volts, respectively. There is a scanning resolution of 60000 and a scanning range of 400 to 1200 m/z on the central mass spectrometer; The secondary mass spectrometer’s fixed starting point for its scanning range was set to 110 m/z, 30000 was chosen as the secondary scanning resolution, and the TurboTMT was turned off. The data-dependent scanning (DDA) program is employed in the data acquisition mode. The first 15 peptide precursor ions with the highest signal intensity after the first-level scan are chosen. They are successfully injected into the HCD collision cell for fragmentation with a fragmentation energy of 27. This is followed by the second-level sequence, also performed in turn. Mass Spectrometry. For tandem mass spectrometry scanning, the maximum injection time was set to 100 ms, the device threshold to 1E4 ions/s, the automatic gain control (AGC) to 75%, and the dynamic exclusion period to 30 s to prevent repeated scans for precursor ions. These options were selected to maximize the use of mass spectrometry.



Data analysis and bioinformatics analysis

The secondary mass spectrometry data in this experiment were collected using Proteome Discoverer (v2.4.1.15). The false positive rate (FDR) caused by random matching is determined by operating an anti-library; retrieval parameter setting. The database is Homo sapiens 9606 PR 20201214. fasta (75777 sequences); Trypsin (Full) is selected as the enzyme digestion technique, and 2 missed cleavage sites are selected. The mass error tolerance for the primary precursor ion was set to 10 ppm, and the second fragment ion’s mass error tolerance was set to 0.02 Da. A 1% threshold was applied to all proteins, peptides, and FDRs discovered by PSM.

After data filtering, the search results had 13800 and 2064 unique peptides and quantifiable proteins, respectively. Most peptides had an amino acid range of seven to 20, which was consistent with the general principles of enzymatic digestion and mass spectrometry fragmentation. The mass spectrometry-identified distribution of peptide lengths complied with the standards for quality control. Differentially expressed proteins (DEPs) were defined as fold values > 1.5 or < 0.667 and FDR < 0.05. The UniProt-GOA database (http://www.ebi.ac.uk/GOA/) was used to create the Gene Ontology (GO) annotation proteome. The protein ID should be mapped to the GO IDs after being converted to the UniProt ID from the identified protein ID. If some discovered proteins didn’t obtain UniProt-GOA annotations, the GO function of the annotated protein would be determined by the InterProScan program implementing a method based on the alignment of protein sequences. Proteins were categorized into groups using Gene Ontology annotation based on their functions as molecules, cellular components, and biological processes. The GO enrichment considered biological process (BP), molecular function (MF), and cellular component (CC). The conserved region of a particular protein sequence and structure known as a protein domain can exist, function, and evolve independently from the rest of the protein chain. Each domain may frequently be independently stable and folded, developing a microscopic three-dimensional structure. Several structural domains may be discovered in many proteins. Proteins with various differential expression levels may completely consist of the same domain. Domains are the building blocks of molecular evolution, and they may be rearranged in many ways to produce proteins with various functions. Between around 25 amino acids and 500 amino acids, domain lengths vary. The shortest domains, like zinc fingers, are held together by disulfide bridges or metal ions. The calcium-binding EF hand domain of calmodulin is an example of a functional unit. A chimeric protein, which consists of two proteins with swapped domains, can be constructed through genetic engineering thanks to the fact that each domain is stable on its own. The functional descriptions of the identified proteins were annotated using InterProScan, a sequence analysis tool, and the InterPro domain database. InterPro is a database that combines numerous data regarding protein families, domains, and functional sites and makes it freely available to the public via Web-based interfaces and services (http://www.ebi.ac.uk/interpro/). The foundation of the database is a set of diagnostic models, or signatures, that enable searches of protein sequences against them to determine potential functions. Besides large-scale genome and meta-genome studies, InterPro can also characterize unique proteins.

KEGG links information about known molecular interaction networks, including information about genes and proteins produced by genome projects, information about biochemical substances and processes, and information about pathways and complexes (the “Pathway” database) (including compound and reaction databases). The “protein network” and the “chemical universe” comprise two distinct networks that make up these databases. There are ongoing initiatives to expand our understanding of KEGG, including gathering data on the ortholog clusters found in the KEGG Orthology database. Metabolism, Genetic Information Processing, Environmental Information Processing, Cellular Processes, Rat Diseases, and Drug Development are the key KEGG Pathways. Protein pathways were annotated by managing the KEGG (Kyoto Encyclopedia of Genes and Genomes) database. The first step is to annotate the protein’s KEGG database description using the KEGG online service tool KAAS. The annotation results are mapped into the KEGG pathway database by employing the KEGG mapper from the KEGG online service.

Eukaryotic organisms have complexly segmented their cells into membrane-bound compartments that serve various physiological roles. Extracellular space, the cytoplasm, the nucleus, the mitochondria, the Golgi apparatus, the peroxisome, the vacuole, the cytoskeleton, the nucleoplasm, the nucleolus, the nuclear matrix, and the ribosomes are some of the key components of eukaryotic cells. We used WoLF PSORT, a software tool for predicting subcellular localization. The prediction of eukaryotic sequences is currently possible with Wolfpsort, a simplified version of PSORT/PSORT II.

By implementing GO annotation, proteins were divided into three groups: biological process, cellular compartment, and molecular function. A two-tailed Fisher’s exact test was administered for each category to determine if the differentially expressed protein was enriched compared to all other detected proteins. A corrected p-value < 0.05 is regarded as significant for the GO. Enhancement of pathway analysis: A two-tailed Fisher’s exact test was performed to determine enriched pathways using the Encyclopedia of Genes and Genomes (KEGG) database to compare the enrichment of the differentially expressed protein against all other detected proteins. P-values of less than 0.05 were considered significant pathways. The KEGG website’s classification of these pathways into hierarchical groups. Enrichment of protein domain analysis: A two-tailed Fisher’s exact test was carried out to examine the enrichment of the differentially expressed protein against all identified proteins. For each category of proteins, the InterPro database was searched. This database provides functional analysis of protein sequences by grouping protein sequences into families and estimating the presence of domains and crucial locations. These protein domains were significant when they had a corrected p-value of less than 0.05. To further examine functional PPI networks, we also analyzed functional PPI networks. Protein-protein interactions were looked up in every differentially expressed protein database entry or sequence using the STRING database version 11.5.

Unique interactions between the proteins in the searched data set were chosen, avoiding candidates from outside the data set. PPI network analyses were performed via Cytoscape (http://www.cytoscape.org, version 3.1.1) and the STRING database (http://string-db.org, version 11.5). Venn analysis tool was used to visualize the target proteins. A comprehensive study of the immune infiltrates’ correlation of CLIC1 in BC patients is performed by consuming the Gene Set Cancer Analysis website (http://bioinfo.life.hust.edu.cn/GSCA/). Bladder Urothelial Carcinoma was selected when CLIC1 was entered into the website, and GSCA computed Spearman’s correlations and reported statistical significance. The link between gene mRNA expression and immune cell infiltrates is examined using Spearman correlation analysis in the Immune infiltration & mRNA expression module. ImmuCell is used to assess the infiltration of 24 immune cells, including Bcell, CD4_T, CD8_naive, Cytotoxic, DC, Etc.



Cell culture

Human bladder cancer cells T24, 5637, J82, RT112, EJ, TCCSUP, UM-UC-3, and human bladder immortalized epithelium cell line (SV-HUC-1) were purchased from Procell (Procell Life Science& Technology Co., Ltd). SV-HUC-1 cells were cultured in Ham’s F-12K medium. MEM mixed with 10% FBS (Excell) was used to cultivate the UM-UC-3 and the J82 line. RPMI1640 (Invitrogen) mixed with 10% FBS (Excell) was used to cultivate T24, 5637, RT112, EJ, TCCSUP, and those cell lines were all cultured in a water-saturated atmosphere with 5% CO2 at 37°C.



qPCR

The total cellular RNA was extracted using TRIzol (Invitrogen, USA) reagent based on the protocol provided by the manufacturer and used to synthesize cDNA with the PrimeScript RT reagent kit (EZBioscience, China). EZBioscience 2× SYBR Green qPCR Master Mix (EZBioscience) was used for the procedure. Primers for qPCR were as follows. CLIC1 forward (5′- ACCGCAGGTCGAATTGTTC-3′) and CLIC1 reverse (5′- ACGGTGGTAACATTGAAGGTG-3′); ACTB forward (5′- CATGTACGTTGCTATCCAGGC-3′) and ACTB reverse (5′-CTCCTTAATGTCACGCACGAT-3′). TSINGKE produced every primer (Beijing TSINGKE Biotech Co., Ltd., China). After real-time PCR was carried out using the QuantStudio 5 Real-Time PCR machine, data were examined using the QuantStudio Design and Analysis software. The 2–ΔΔCt technique was implemented to measure relative gene expression, and ACTB was employed to normalize the results.



Western blotting assay

After bladder cancer cells were lysed using NP-40 lysis buffer, protein quantities were assessed using a BCA Protein Assay Kit (Beyotime, China).10% Tris-Tricine SDS-PAGE was used to resolve the proteins and transfer them to polyvinylidene difluoride (PVDF) membranes. After that, the membranes were treated at 4°C for an overnight period with primary antibodies (rabbit antibody to CLIC1; Proteintech; Cat No. 14545-1-AP; β-tubulin; Proteintech; Cat No. 10094-1-AP). The membrane was then incubated with goat anti-rabbit IgG HRP (Abcam) at room temperature for another hour. A western blot substrate kit (Tanon, Shanghai, China) was used to observe the bands on the membranes. ImageJ software (https://imagej.nih.gov/ij/) was operated to quantify protein levels in western blotting assays.



Immunohistochemistry

The samples were collected between January 2016 and December 2017 from Sun Yat-sen University’s First Affiliated Hospital. Pathology verified all of the diagnoses. Gradual alcohol was used to hydrate serial portions after deparaffinized in xylene—3.5 minutes of high vapor pressure antigen retrieval in 1X EDTA buffer (pH 9.0). After the slide was cooled, 3% hydrogen peroxide was applied for 10 minutes to stop endogenous peroxidase from functioning. By incubating for 60 minutes at room temperature in a moist atmosphere, 5% bovine serum albumin (BSA) prevented non-specific binding sites. Next, the sections were treated with primary antibodies directed against CLIC1 (anti-CLIC1, Proteintech; Cat No. 14545-1-AP) overnight at four °C. Hematoxylin counterstained the sections, and diaminobenzidine (ZLI-9018; Zhongshan Jinqiao Biotechnology Co. Ltd., Beijing, China) chromogen developed the color. Hematoxylin was used to stain the slides for 30 seconds, after which they were dried in graded alcohol and xylene. Five views for each tissue section were selected at random. The “uncalibrated OD” function was then used to calibrate the sections and the average of five views was recorded for each slide. scored the slides operating the Quick Score method to determine CLIC1 status within the tumor (24). Scores for the staining were 0 for negative, 1 for weak, 2 for moderate, and 3 for strong. Another batch of tissue sections was treated in the same way and stained with CD8 antibodies ((anti-CD8, Proteintech; No. 66868-1-Ig). Analyses comparing immunohistochemistry results to patient survival data were conducted using Kaplan-Meier survival methods.



Statistical analysis

Statistics were performed using the student t-test with two tails and a chi-square test. Data on rank were subjected to the Mann-Whitney test. For the survival analysis, the Kaplan-Meier method was implemented, and tests of significance were conducted using log rank. The definition of statistical significance was P value < 0.05.




Results


LC-MS/MS analysis and identification of DEPs

Ten individuals with muscle-invasive bladder cancer make up Group A. Ten patients with non-invasive bladder cancer make up Group B. Group C consists of six patients with bladder papilloma, while Group D is made up of four healthy individuals. The successful quantification of 2064 Quantifiable proteins and 13,800 Unique peptides in total. According to the basic principles based on enzymatic digestion and mass spectrometry fragmentation, the majority of the peptides were distributed in the range of 7 to 20 amino acids. The mass spectrometry-identified peptide length distribution complied with the quality control standards (Figure S1). The intensity of LFQ for each protein in several samples is displayed in the search results (the original Intensity value of the protein is corrected between samples.). By center-transforming the protein’s LFQ intensity (I) in many samples, the relative quantitative value (R) of each sample’s protein is determined. Where I represent the sample and j denotes the protein, the calculation formula is as follows:

Rij=Iij/Mean (Ij)

Technical repeat data was tested for reproducibility based on Pearson’s correlation coefficients (Figure S2). First, the samples to be compared were chosen to identify differential proteins. The fold change was calculated as the ratio of each protein’s mean relative quantitative values in repeated samples (FC). Calculate, for instance, the protein fold difference between sample group A and sample group B. Where R represents the relative quantitative value of the protein, I represent the sample, and k represents the protein, the calculation formula is as follows:

FCA/B,k=Mean(Rik,i∈A)/Mean(;Rik,i/B)

T-tests were used to determine the significance of the difference between the samples from the comparison group and the samples from the control group. The associated P value was determined as the significance index, using P< 0.05 as the default value. The T-test necessitates that the test data conform to the normal distribution. The relative quantitative value of the protein must undergo Log2 logarithmic transformation before the test. Following is the computation:

Pk=T.test(Log2(Rik,i∈A),Log2(Rik,i∈B))

When P value < 0.05, the differential expression change threshold of 1.5 or higher was used as the threshold for significant up-regulation, while the change threshold of less than 1/1.5 was used as the threshold for significant down-regulation. Based on Figures 1A, C, D, 115 differential proteins were identified between groups A and B, of which 64 proteins were upregulated and 51 were downregulated. According to LC-MS/MS, 36 were downregulated, and 43 were upregulated in group B compared to group D. (Figures 1B, C, E).




Figure 1 | Radar plot and heatmap of differentially expressed proteins in various groups. (A, D) showed fold changes for proteins differentially expressed between group A and group B while (B, E) Are DEPs between group B and group D. In the Radar plot yellow circle and sky blue circle: up-regulated gene and down-regulated gene, and the circle size varies according to the log2 (FC) value; The second circle: the outer circle data represents the average expression of sample (A); The inner circle data represents the average expression amount of sample (B);Irregular shape in circle: abundance of expression of samples (A, B) on each axis. (C) was the number of all differential proteins. In the heatmap (D, E), each row obtains protein. Each column is a sample/repeat, and different color represents different quantity expression.






Functional classification of DEPs

Three categories of GO functional annotation were performed: components of cells, biological processes, and molecular functions. Biological process ontologies were analyzed, and the primary GO terms that differentiated groups A and B were found in cellular process, metabolic process, and biological regulation (Figure 2A). The key GO terms that distinguished groups A and B in the analysis of cellular component ontology were discovered in “intracellular,” “cell,” and “ protein-containing complex. “ “Binding” and “catalytic activity” were identified as the dominant GO terms from molecular function ontology analysis that distinguished groups A and B. Moreover, the significant GO terms between groups B and D were the same as between groups A and B. Cellular process, response to stimulus, and biological regulation were identified as the three dominant GO terms that recognized groups B and D in the analysis of biological process ontologies (Figure 2B). In the analysis of cellular component ontology, the significant GO terms that identified groups B and D were identified in “intracellular,” “cell,” protein-containing complex, Binding, and catalytic activity for the molecular function category.




Figure 2 | Clusters of Orthologous Groups of proteins (COG), Gene ontology (GO), and Subcellular localization annotation for functional classification. (A, C, E) Were the result of GO, COG, and Subcellular localization of DEPs between group A and group B, while (B, D, F) were the result of that between group B and group D. Different color represents various categories.



Clusters of Orthologous Protein Groups or COG. Orthologs obtain proteins from numerous species that have developed in vertical lineages (speciation), with the general understanding being that they carry out the same function as the original protein. The proteins that make up each COG are thought to have descended from an ancestor protein. Prokaryotes and eukaryotes are the two divisions within the COGs. In most cases, eukaryotes are referred to as KOG databases, and prokaryotes are referred to as COG databases. We performed COG/KOG functional categorization statistics on differentially expressed proteins by database alignment. Group A’s regulated functions compared to group B were categorized based on COG/KOG function (Figure 2C). Figure 2D, however, illustrates the regulated functional categorization of groups B and D.

The different membrane structures that proteins bind determine where they are located within eukaryotic tissue cells. We first utilized the WolF PSORT software to annotate the protein’s subcellular structure. Prokaryotic cells frequently lack the inner cell membrane, nuclear membrane-encapsulated nucleus, chromosomes, DNA strands that are not coiled and present in the cytoplasm in an accessible form, and the cytoplasmic membrane found in eukaryotic cells (such as mitochondria or chloroplasts). Based on this, we managed the PSORTb (v3.0) program to annotate the protein’s subcellular structure. Differentially expressed proteins between muscle-invasive and non-muscle-invasive bladder cancer were chiefly found in the cytoplasm (33.04%), extracellular (24.35%), and mitochondria (12.17%) of the cells (Figure 2E). The majority of the differential proteins in the non-muscle invasive bladder cancer and regular groups were located in the cytoplasm (30.38%), extracellular (24.05%), and nucleus (11.39%) (Figure 2F).



Functional enrichment of DEPs

For the differentially expressed proteins in each comparison group, we conducted enrichment analysis at three levels of GO classification, KEGG pathway, and protein domain (here, Fisher’s exact test was employed to determine the significant P value.). It aims to determine whether there is a discernible enrichment tendency in particular functional classes among the differentially expressed proteins. Bubble charts were used to show the functional categories and pathways where the differentially expressed proteins were substantially enriched (P<0.05). Figure 3 displays the outcomes of the GO functional enrichment analyses. Figure 3A shows that group A and group B had enriched DEPs associated with “endocytic vesicle lumen,” “unfolded protein binding,” and “hemoglobin binding.” Figure 3B shows that group B and group D had enriched DEPs associated with “mating,” “spherical high-density lipoprotein particle,” and “axolemma.”




Figure 3 | GO function, KEGG pathway, and protein domain enrichment analysis for all DEPs between groups. (A, C, E) Were the result between group A and group B, while (B, D, F) were those between group B and group D. Bubble size represents the number of DEPs; the enrichment test P value obtained by using Fisher exact test; varied color represents different P value.



A network of known intermolecular interactions, including metabolic pathways, complexes, biological processes, Etc., are connected by KEGG. Metabolism, genetic information processing, environmental information processing, cellular activities, mortal illnesses, drug development, Etc., are the primary components of the KEGG pathway. The results of the KEGG analysis revealed that group A and group B’s DEPs were considerably enriched in “Phagosome,” “Collecting duct acid secretion,” and “Thiamine metabolism” (Figure 3C). Simultaneously, the DEPs in group B and group D were enriched in “Platelet activation,” “NOD-like receptor signaling pathway” and “Glycosaminoglycan degradation” (Figure 3D).

The building blocks of protein evolution are known as protein domains, which remain specific elements that often recur in many protein molecules and have similar sequences, structures, and activities. The length of a domain typically ranges from 25 to 500 amino acids. Protein domain enrichment analysis revealed that group A and group B differed in the “N-terminal domain of ribose phosphate pyrophosphokinase,” “Peptidase M16 inactive domain”, and “the Acyl-CoA dehydrogenase”(Figure 3E). Nevertheless, Tubulin C-terminal domain and Tubulin/FtsZ family, GTPase domain are the two protein domains that differ significantly between groups B and D (Figure 3F).



PPI analysis and Venn analysis

Analyzing the DEPs in various groups using STRING software in conjunction with Cytoscape software aided us in determining the molecular mechanisms that lead to bladder cancer. Figure 4A shows the main DEPs PPI network for group A and group B. In contrast, Figure 4B shows the leading DEPs PPI network for group B and group D. In addition, we employed Venn analysis to identify the essential proteins associated with bladder cancer (Figures 4C, D).




Figure 4 | The relatively concentrated nets were obtained by PPl analysis and the Venn diagram of the DEPs between group A and group B vs group B and group D (A) Represent the key target network for DEPs in group A and group B (B) Represents the key target network for DEPs in group B and group D, the line represents the protein interaction recorded or predicted by STRING, and each node represents the key proteins recorded by Cytoscape. (C) Represents the common DEPs increased between group A and group B and increased between group B and group D (D) Represents the common decreased DEPs.





Correlations between CLIC1 expressions and immune infiltration

The correlation between CLIC1 and specific immune infiltration cells, involving Central memory, Cytotoxic, T-helper 1 (Th1), InfiltrationScore, and regulatory T cells (Tregs), was analyzed by GSCA. Significant correlation coefficients were defined as cor >|0.2|and p< 0.05. Explicitly, CLIC1 revealed a significant negative correlation with CD8_naive, as well as a positive correlation with Cytotoxic, Dendritic cells (DC), exhausted T cells, InfiltrationScore, Macrophage, natural killer cell (NK), Th1 (Figure 5). However, no significant correlation between CLIC1 and the other immune infiltration cells.




Figure 5 | The relationship between CLIC1 and different immune cell infiltration levels. (A) Show that CLIC1 expression negatively correlates with CD8 naive infiltrate levels in bladder cancer. (B-H) A significant positive correlation is demonstrated.




Expression of CLIC1 in the bladder cancer cells and tissues

Cancerous bladder tissues and cell lines demonstrated more elevated levels of CLIC1 expression than normal bladder tissues and normal uroepithelium cells. Cell lines derived from bladder cancer possessed higher levels of CLIC1 expression than normal uroepithelium cells and were examined via RT-qPCR and western blotting. (Figures 6A, B). According to qPCR and Western blotting analyses, bladder tumor tissues contained significantly more CLIC1 protein than normal bladder tissues adjacent to the carcinoma. (Figures 6C–E).




Figure 6 | qPCR and WB analysis of CLIC1 expression in cell lines and tissues. (A) WB analysis of CLIC1 in cell lines. β-Tubulin WB was used to monitor protein loading. (B) CLIC1 mRNA expression level in SV-HUC-1 and bladder cancer cell lines. (C) CLIC1 mRNA expression level in paired primary bladder tumors and corresponding nontumor tissues. (D, E) WB analysis of CLIC1 and relative quantification. Gray value of relative expression levels of CLIC1 normalized to β-Tubulin. P < 0.05 was considered statistically significant. (**p ≤ 0.01, ****p ≤ 0.0001).





Immunohistochemical evaluation of CLIC1 and CD8

IHC was used to assess CLIC1 expression, and the results were based on how strongly the staining reaction occurred, as shown in Figure 7A. Among 50 bladder cancer tissue specimens, we found that eight patients had CLIC1- negative positives, 13 weak positives, 25 moderate positives, and four patients were strong positives. Among the tumor-adjacent normal bladder tissues, there were 32 cases of negative, 12 cases of weak positive, four cases of positive, and two cases of strong positive. In comparison with adjacent tissues, bladder cancer tissues demonstrated statistically significant differences (P<0.05) (Figure 7B). In the further step, we evaluated the association between CLIC1 and the clinicopathological features of the disease. CLIC1 expression was correlated with PT, and T2~T4 patients possessed higher levels of CLIC1 expression than Ta~T1 patients did. Age, gender, and pathological grade were unlinked in any way. (Table 1). CLIC1 expression was examined by detecting its protein expression and scoring the results on a 0 to 3 scale (Figure 7C). Kaplan-Meier survival curve and log-rank tests showed higher expression levels of CLIC1 were significantly correlated with poor patient outcomes based on 50 bladder cancer patients. (Figure 7D). Time-dependent receiver operating characteristic (time ROC) curves at three years of overall survival based on the CLIC1, age, gender, stage, and grade, and at 1, 3, and 5 years of overall survival based on the CLIC1(Figures 7E, F). CD8 expression was reduced in tumor tissues when CLIC1 was highly expressed but high when CLIC1 was expressed low (Figures 7G, H).




Figure 7 | Immunohistochemistry of CLIC1 and CD8 expression and the Kaplan-Meier survival and ROC analysis of CLIC1 index in predicting the prognosis of BC. (A) Representative images of negative (−), weakly positive (+), moderately positive (++), and strongly positive (+++) CLIC1 staining by IHC analysis. (B) Statistical analysis of differing degrees of CLIC1 staining in bladder cancer tissues.(C) Expression levels (IHC score) of CLIC1 in bladder cancer tissues and paired adjacent paracarcinoma tissues. (D) Kaplan-Meier survival analysis based on CLIC1 expression levels. (E) Time ROC curves at 3 years of overall survival based on the CLIC1, age, gender, stage, and grade. (F) Time ROC curves at 1, 3, and 5 years of overall survival based on the CLIC1. (G, H) Immunohistochemistry for CD8. (*Chi-square, ***p≤0.001, **** p≤0.0001).




Table 1 | Relationship between CLIC1 and clinical pathological characteristics in 50 patients with BC.






Discussion

Potential biomarker research employs genomic, proteomic, and metabolomic techniques. Proteomics is the large-scale study of the features of proteins under different situations, including protein expression levels, post-translational modifications, protein interactions, Etc. Numerous serum proteomic studies have screened for biomarkers of various diseases (25–27). In this study, several cutting-edge technologies, including protein extraction, enzyme digestion, liquid chromatography-mass spectrometry tandem analysis, and bioinformatics analysis, were organically combined to conduct quantitative proteome research on samples.

Even though a growing body of research has shown CLIC1 may have an oncogenic role in human hepatocellular carcinoma and medulloblastoma, the protein’s function in BC has not yet been examined (28, 29). In this investigation, CLIC1 was highly expressed in bladder cancer tissues and circulated in the blood. As a result of the mass spectrometry results, CLIC1 was identified as a potential target associated with bladder cancer T stage. The GSCA analysis showed CLIC1 is negatively correlated with CD8 naive immune infiltration. We performed IHC staining on paraffin-embedded bladder tissues to determine CLIC1 and CD8 expression. CD8 T cells were discovered to be more infiltrated in bladder cancers from groups with faint CLIC1 expression. CLIC1 expression in bladder cancer tissue was 84% positive, of which 26% were weak positives (+), 50% were moderate positives (++), and 8% were strong positives (+++). The high expression of CLIC1 in bladder cancer tissue is consistent with previous studies (30). Ultimately, Kaplan-Meier survival curves showed that CLIC1-positive expression was closely related to shorter overall survival in BC patients. According to the findings, CLIC1 may be an oncogene and therapeutic target in BC.

A novel area of oncology research understands how ion channels contribute to the proliferation, invasion, migration, and metastasis of various cancer types (31–34). Ion channels, found in the plasma membrane, can monitor changes in the extracellular environment and react to them. As a result, they are essential for cell signaling and the development of cancer (35). Many aspects of cancer progression are facilitated by ion channels, including migration and metastasis (34, 36–38). Ion channel blockers are frequently prescribed to treat cardiovascular disease (39–41). Nevertheless, specific targeted therapy for cancer patients has yet to be unfound. The membrane remodeling, intracellular trafficking, vacuole formation, and actin rearrangement processes are all mediated by the six evolutionarily conserved members of the chloride intracellular channel (CLIC) family of proteins, CLIC1-CLIC6 (42–44). Chloride intracellular channel 1 (CLIC1), a protein from the CLIC family, is first found to be overexpressed in activated macrophages (45). In an ample range of tumors, CLIC1 is commonly overexpressed. CLIC1 expression has been linked to several malignancies’ poor prognoses and tumor growth, according to reports (28, 30, 46–49). Markedly, it has been reported that changes in CLIC1 are associated with poor prognoses in patients with gall cancer (50), pancreatic cancer (18, 48, 51), epithelial ovarian cancer (52), and hepatic cancers (53). CLIC1 induces cell-matrix adhesions for tumor metastasis, according to research by Peng, J.M. et al. (29). Qiu, Y. et al. found that CLIC1 knockout inhibits the invasion and migration of gastric cancer by upregulating AMOT-p130 expression (54). In cell proliferation, CLIC1 can auto-transmit from the cytoplasm to the plasma membrane without transport vesicles (55). Inhibiting CLIC1 activity may reduce or prevent distant metastases by preventing tumor proliferation and migration, which contribute to distant metastases (56). Previously, suppression of CLICl decreased proliferation and self-renewal properties in glioblastoma cells (57). However, CLIC1’s clinical significance in bladder cancer has yet to be determined. Therefore, we sought to uncover more about the function of CLIC1 in BC.

There is a vital role for tumor immune cell infiltration in the tumor immune microenvironment. Previously, it has been shown that overexpression of CLIC1 leads to CD8 cells undergoing apoptosis (58). The tumor microenvironment contains immune cells, which have proven valuable in predicting tumor prognosis (59). CD8T cells infiltrating tumors can be operated on to predict pancreatic cancer prognosis independently, and high CD8T cell infiltration is associated with prolonged survival (60). All these results indicate CLIC1 is associated with tumor invasion, migration, metastasis, and tumor immune microenvironment and could be an essential biomarker for diagnosis and therapeutic target.

In this study, some things still need to be improved. It is unknown if our findings apply to other groups because our subjects were Chinese. Next, Prognostic factors may equally be affected by differences in treatment regimens between patients. BC patients’ blood CLIC1 levels were undetected after treatment. The molecular mechanism of CLIC1 promoting BC occurrence, development, and metastasis was unstudied in cell or animal experiments. Other research, including more populations, is required. Additional research in vivo and in vitro validation would provide a more thorough understanding of CLIC1’s evolution from non-muscle invasive to muscle-invasive illness. Further research is needed to clarify the precise role CLIC1 plays in bladder cancer and investigate its potential contribution to bladder cancer prognostication.



Conclusion

According to our knowledge, Our research screened CLIC1 as a tumor-promoting protein in bladder cancer for the first time using serum mass spectrometry. And CLIC1 associated with tumor stage, immune infiltrate, and prognosis. According to the previous results, CLIC1 may be a potential biomarker and therapeutic target for BC. More clinical research and biomolecular investigation would be required to supply more data for the subsequent in-depth studies.
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Cuproptosis, a newly discovered form of programmed cell death, plays a vital role in the occurrence and development of tumors. However, the role of cuproptosis in the bladder cancer tumor microenvironment remains unclear. In this study, we developed a method for predicting the prognostic outcomes and guiding the treatment selection for patients with bladder cancer. We obtained 1001 samples and survival data points from The Cancer Genome Atlas database and Gene Expression Omnibus database. Using cuproptosis-related genes (CRGs) identified in previous studies, we analyzed CRG transcriptional changes and identified two molecular subtypes, namely high- and low-risk patients. The prognostic features of eight genes (PDGFRB, COMP, GREM1, FRRS1, SDHD, RARRES2, CRTAC1, and HMGCS2) were determined. The CRG molecular typing and risk scores were correlated with clinicopathological features, prognosis, tumor microenvironment cell infiltration characteristics, immune checkpoint activation, mutation burden, and chemotherapy drug sensitivity. Additionally, we constructed an accurate nomogram to improve the clinical applicability of the CRG_score. qRT-PCR was used to detect the expression levels of eight genes in bladder cancer tissues, and the results were consistent with the predicted results. These findings may help us to understand the role of cuproptosis in cancer and provide new directions for the design of personalized treatment and prediction of survival outcomes in patients with bladder cancer.




Keywords: bladder cancer, prognosis, cuproptosis, tumor microenvironment, therapy



1 Introduction

Bladder cancer (BC) is one of the most common solid tumors worldwide. It is the seventh most common malignant tumor in men and the tenth most common in women, with an estimated 550,000 new cases and 20,000 deaths yearly (1–4). BC is divided into urothelial carcinoma, squamous carcinoma, and adenocarcinoma. Bladder urothelial carcinoma is the most common subtype, accounting for more than 90% of cases (4, 5). Currently, the main treatment method for BC is surgery combined with other therapies; however, due to its high recurrence rate and frequent metastasis, the patient prognosis remains unsatisfactory (5, 6). Molecular typing by gene analysis has become a focus because BC occurrence and development is a complex pathological process (7). To improve the early management and survival rate of patients with BC, it is critical to find new biomarkers and explore new molecular subtypes to predict patient prognosis and drug treatment response.

Copper is an essential trace element for the human body and an important cofactor in many physiological processes, such as mitochondrial respiration and in antioxidants (8, 9). Abnormal copper levels are associated with a variety of diseases (10–12), including high levels in malignant tumors (13, 14). In patients with BC, copper has been found to be abnormal both in the serum and cancer tissues. Furthermore, copper enhances angiogenesis and is involved in the occurrence and development of BC (15, 16). Recent studies have identified a new and non-apoptotic form of programmed cell death induced by copper called cuproptosis (13, 17, 18). In a study published by Tsvetkov et al. (2), intracellular copper was found to bind to the stellated component of the TCA cycle (19, 20), which aggregates mitochondrial lipidated proteins and leads to reduced stability of iron-sulfur clustering (21, 22), leading to this unique type of cell death. Additionally, this report also identifies a series of key genes for cuproptosis.

However, this new form of cell death requires further investigation in BC development. Identifying the characteristics of cuproptosis-related genes in BC and patient subtyping will help to improve understanding of BC occurrence, development, and mechanisms, provide personalized treatment plans, and predict treatment response.

In this study, we combined BC sample transcript data from The Cancer Genome Atlas (TCGA) and Gene Expression Omnibus (GEO) databases to classify patients into two distinct molecular subtypes based on the differentially expressed cuproptosis-related genes. These groups showed different prognoses and immune characteristics. We also established a cuproptosis scoring system for BC, which can help evaluate the cuproptosis pathway in tumors and predict the prognosis of patients, the effects of immunotherapy, and personalized treatment plans.



2 Materials and methods


2.1 Acquisition of data

TCGA (https://portal.gdc.cancer.gov/) and GEO databases (https://www.ncbi.nlm.nih.gov/geo/) were used to download BC gene expression data and corresponding clinical information. The fragments per kilobase million value of the TCGA-BLCA cohort was converted into transcripts per million, which was merged with three GEO cohorts (GSE13507, GSE31684, and GSE32894). Patient data with missing survival information were removed. The batch effect was eliminated using the “ComBat” algorithm in the “sva” R program (23). In total, 1001 patients were included in the analysis. Somatic mutation data and copy number variation data were downloaded from the TCGA database. Thirteen cuproptosis-related genes (CRGs) were obtained from these data.



2.2 Consensus cluster analysis of CRGs

An unsupervised consensus cluster analysis was performed on the 13 CRGs using the “ConsensusClusterPlus” R package (24) to classify the patients into different molecular subtypes. The number of clusters was set from 2 to 9, and selection was based on the following criteria: the concordant product distribution function curve had a small slope of decline, there was no small sample size group, and clustering showed high intra-group correlation and low inter-group correlation. Principal component analysis was used to reduce the dimensions and distinguish different subtypes of information.



2.3 Relationship between molecular subtypes, clinical features, and prognosis of patients with BC

The R package “beeswarm” (25) was used to compare the clinical value of the two subtypes. The correlation between clinical parameters age (≤ 65 years or > 65 years), sex (female or male), tumor stage (T1, T2, T3, or T4), grade (high or low grade), and the prognosis was evaluated and illustrated with heatmaps.



2.4 Identification and functional analysis of DEG

Using the “limma” R package (26), we set the filter criteria as log(Fold Change) > 1 and adjusted the p-value to be < 0.05 to obtain differentially expressed genes (DEGs) between different cuproptosis subtypes. These DEGs were then subjected to functional enrichment analysis using Gene Ontology and Kyoto Encyclopedia of Genes and Genomes analyses in the “clusterProfiler” R package (27).



2.5 Construction of the cuproptosis-related prognostic score model

First, univariate COX regression analysis was performed on the DEGs between the two subtypes, and the genes related to prognosis were screened. Unsupervised consensus cluster analysis was performed using the “ConsensusClusterPlus” R package (24) to classify the BC patients in the combined cohort into different gene subtypes. Next, the patients were randomly divided into either the training or testing groups. The optimal results were obtained by LASSO regression analysis of the training group data using the R package “glmnet” (28). A “multiCox” analysis was performed to obtain eight central genes and correlation coefficients. Furthermore, a prognostic model of cuproptosis was established, named CRG_score, where CRG_score = (expression of each gene × correlation coefficient). Based on the median value of the risk score, patients in the training group were divided into high- and low-risk groups. Kaplan–Meier survival analysis was performed, and a receiver operating characteristic curve (ROC) was constructed. To verify the predictive ability of the model, we evaluated its prognosis, sensitivity, and specificity in the testing group. In addition, the “rms” package was used to create a prognostic nomogram and a calibration map.



2.6 Tumor microenvironment analysis of CRG_score

To evaluate the relationship between the CRG_score and TME, the “CIBERSORT” R package (29) was used to evaluate the abundance of immune cells infiltrating tumors in high- and low-risk samples. The correlation between the score and infiltrating cell abundance was analyzed using linear analysis and a heatmap. Simultaneously, the immune cells, matrix, and ESTIMATE scores of patients with BC were calculated using the ESTIMATE algorithm. In addition, we analyzed the differences in the expression of immune test genes in the different CRG_score groups.The single-cell tumor microenvironment expression of cuproptosis-related genes in the tumor microenvironment was analyzed using the TISCH database(http://tisch.comp-genomics.org/).



2.7 Drug sensitivity analysis

To explore the sensitivity of BC high- and low-risk groups to chemotherapies, we calculated the half-maximal inhibitory concentration (IC50) values of four commonly used BC drugs using the “pRRophetic” R package (30) based on the Cancer Drug Sensitivity Genomics database. Drug sensitivity was positively correlated with IC50 values.



2.8 Tissue sample collection

This study was approved by the Ethics Committee of the Fourth Affiliated Hospital of Harbin Medical University. All patients provided signed informed consent before participating in the study. Thirty BC tissue samples and 30 normal BC epithelial tissue samples were collected from patients undergoing surgical resection at the Department of Urology, Fourth Affiliated Hospital of Harbin Medical University. The obtained tissue samples were snap-frozen in liquid nitrogen and stored at −80°C.



2.9 RNA extraction and quantitative reverse transcription-polymerase chain reaction

RNA was extracted from the tissues using TRIzol reagent (Invitrogen, Carlsbad, CA, USA) according to the manufacturer’s instructions. The isolated RNA was reverse transcribed into cDNA using a reverse transcription kit (Takara Bio, Iapan). qRT-PCR was performed using the SYBR Green PCR Master Mix (Takara Bio). The following thermal cycling conditions were used: amplification reactions were performed at 95°C for 1 min and 95°C for 15 min, followed by 40 cycles at 95°C for 15 s and at 52°C for 15 s. All qRT-PCR reactions were performed in duplicates. The primer sequences used are listed in 
Supplementary Table 2
. The relative quantitative method 2−ΔCT was used to analyze the expression data.



2.10 Statistical analyses

All statistical analyses were performed using the R software (version 4.0.5). Statistical significance was set at P < 0.05. In all figures: ∗ < 0.05, ∗∗ < 0.01, ∗∗∗ < 0.001.




3 Results


3.1 Genetic and transcriptional alterations of CRGs in BC

We analyzed the somatic mutation rates of 13 CRGs in the TCGA-BLCA cohort and found 43 mutations (10.39%) in the BC samples. The highest mutation frequency was observed in ATP7B (
Figure 1A
). However, we noticed that all CRGs had copy number variation (CNV) changes, among which ATP7B, PDHB, FDX1, and DLATD had the most significant decrease in copy number, whereas LIPT1 and GCSH had a significant increase in copy number (
Figure 1B
). The chromosomal positions of CRGs with CNV changes are shown in 
Figure 1C
.




Figure 1 | 
Genetic and transcriptional alterations of cuproptosis-related genes in bladder cancer. (A) Frequency of cuproptosis-related gene (CRG) somatic mutations in patients with bladder cancer in The Cancer Genome Atlas cohort. (B) Copy number variations (CNVs) in CRGs. (C) The chromosomal positions of CRGs with CNV. (D) Differential expression of CRGs in normal bladder tissue and bladder cancer tissue. *P < 0.05, **P < 0.01.




Next, we analyzed the differences in CRG expression between tumor and normal tissues in the TCGA-BLCA cohort. Significant differences were observed in DLD, DLST, SLC31A1, and ATP7A expression, which was partially consistent with the CNV (
Figure 1D
). However, the expression of CRGs with a higher frequency of CNVs did not differ between BC and normal tissues. These results showed that there were differences in the genetics and expression levels of CRGs between BC samples and normal tissues, suggesting a potential role for CRGs in BC.



3.2 Identification of cuproptosis subtypes in BC

A total of 1001 patients from three eligible BC cohorts (TCGA dataset, GSE13507, GSE31684, and GSE32894) were integrated for further analysis. Using the expression levels of 13 CRGs, the patients were divided into K groups (k = 2–9). Two molecular subtypes (k = 2) were optimal (
Figure 2A
). Principal component analysis revealed a significant separation between the transcriptional profiles of cuproptosis genes of the two subtypes (
Figure 2B
). Kaplan–Meier survival analysis was performed, and the results are shown in 
Figure 2C
. We also analyzed and compared the patient clinicopathological features (
Figure 2D
). In addition, GSCV enrichment analysis was performed. We found that subtype A is mainly enriched in 14 pathways related to metabolisms, such as amino acid, propionate, and pyruvate metabolism. In subtype B, we found significant enrichment in pathways involving the extracellular matrix receptor, neuroactive ligand-receptor, and cytokine-receptor interactions, which are related to carcinogenesis and metastasis (
Figure 2E
). Next, we investigated the differences in TME immune infiltration. We identified 19 immune cells that were significantly different in abundance between the two subtypes 
Figure 2F
. In addition to T helper cells, two cell types showed more infiltration in subtype A, and other immune cells, including activated B cells, CD4+ T cells, CD8+ T cells, dendritic cells, immature B cells, regulatory T cells, and ten other immune cells were significantly more abundant in subtype B.




Figure 2 | 
Cuproptosis-related gene subtypes and clinicopathological and biological characteristics of two different subtype samples partitioned by consistent clustering. (A) Consensus matrix heatmap defining two clusters (k = 2) and their associated regions. (B) Principal component analysis showing a significant separation of transcriptional profiles between the two subtypes. (C) Kaplan–Meier survival analysis curves of the two subtypes. (D) Heatmap of clinicopathological features between cuproptosis-related gene (CRG) subtypes. (E) Gene set variation analysis of biological pathways between CRG subtypes, where red and blue represent activated and inhibitory pathways, respectively. (F) Differences in immune cell infiltration in the two subtypes. *P < 0.05, **P < 0.01, ***P < 0.001







3.3 Identification of gene subtypes based on differentially expressed genes

Next, we explored the biological differences between the cuproptosis subtypes in BC. First, 126 DEGs associated with cuproptosis subtypes were identified. Gene Ontology analysis showed that DEGs were significantly enriched in extracellular matrix-related biological processes (
Figure 3A
). Kyoto Encyclopedia of Genes and Genomes enrichment analysis showed that these DEGs were enriched in collagen fibril organization, connective tissue development, wound healing, extracellular matrix organization, and extracellular structure organization (
Figure 3B
). Thus, cuproptosis plays an important role in processes related to tumor invasion and metastasis through reordering the extracellular matrix. Univariate COX regression analysis identified 82 genes associated with prognosis. Using these prognostic DEGs, we divided the patients into two genotypes (type A and type B) using a consensus clustering algorithm, which showed that subtype A had significantly lower overall survival than subtype B (
Figure 3C
). The heatmap in 
Figure 3D
 depicts the correlation between clinical data and genotyping. The two gene subtypes showed significant differences in CRG expression levels, which was consistent with the cuproptosis pattern (
Figure 3E
).




Figure 3 | 
Identification of differentially expressed gene subtypes. (A, B) Gene Ontology and Kyoto Encyclopedia of Genes and Genomes enrichment analysis. (C) Kaplan–Meier survival analysis curves of the two subtypes. (D) Clinical case characteristics of differentially expressed gene subtypes. (E) Differences in immune cell infiltrates in the two subtypes. (F, G) Nomogram and calibration curve for bladder cancer patients using the CRG_score. *P < 0.05, **P < 0.01, ***P < 0.001







3.4 Construction of a cuproptosis-related model

The patient samples were randomly divided into training (n = 438) and test (n = 437) groups at a ratio of 1:1. First, from the 13 prognostic DEGs, the best fit of LASSO regression (
Figures 4A, B
) and multivariate COX regression analysis was used to select eight genes. Among them were the high-risk genes PDGFRB, COMP, GREM1, and FRRS1 and the low-risk genes SDHD, RARRES2, CRTAC1, and HMGCS2. Next, we constructed the prognostic features, and the CRG_score was calculated. The patient distribution in the cuproptosis subtypes, genotypes, and two prognostic risk score subtypes is shown in a Sankey diagram (
Figure 4C
). We also explored the relationship between CRC_scores and cuproptosis subtypes A and B and genotypes A and B. The CRG_score was significantly higher in subtype A than in subtype B, suggesting that a low CRG_score may be related to extracellular matrix-related features (
Figure 4D
). We also found that an increase in the CRG_score resulted in a decrease in survival time and an increase in mortality (
Figures 4E, F
).




Figure 4 | 
Construction of the cuproptosis-related gene scores. (A) Using the Trial group samples to find the best fit of LASSO regression. (B) Alluvial plot of the distribution of cuproptosis-related gene (CRG) subtypes and genotypes in different risk groups. (C) Differences in risk scores between genotypes. (D) Differences in risk scores between CRG subtypes. (E, F) Ordinal point and scatter plots of CRG risk score distribution and patient survival.





3.5 Validation of the cuproptosis-related model

Kaplan–Meier survival curve analysis and log-rank tests showed that in both the training and testing groups, patients in the high-risk group had significantly lower survival rates than those in the low-risk group (
Figures 5A, B
). At the same time, we also examined the sensitivity and specificity of CRG_score. The ROC results showed that the area under the curve of the 1-, 3-, and 5-year survival times of the training group was 0.644, 0.657, and 0.609, respectively, and the area under the curve of the 1-, 3-, and 5-year survival time of the testing group was 0.688, 0.750, and 0.773, respectively, indicating that the CRG_score can robustly and reliably predict the prognosis of patients with BC (
Figures 5C, D
).




Figure 5 | 
Verification of cuproptosis-related gene scores. (A) Kaplan–Meier survival analysis curves of the two groups in the training set. (B) Kaplan–Meier survival analysis curves of the two patient groups in the test set. (C) Receiver operating characteristic curves for predicting the sensitivity and specificity of 1-, 3-, and 5-year survival rates using the cuproptosis-related gene score (CRG_score) in the training set. (D) Receiver operating curves for the sensitivity and specificity of CRG_score in predicting 1-, 3-, and 5-year survival in the test set.





3.6 Construction of the nomogram

A nomogram is a tool that can be easily applied clinically to predict tumor prognosis. Due to the inconvenience of direct application of the CRG_score, we created a nomogram of BC based on the CRG_score and independent risk factors (patient sex and age, cancer grade, and tumor stage) (
Figure 3F
). In addition, we assessed nomogram accuracy using calibration curves, which showed high agreement between the clinical observations and nomogram predictions for 1-, 3-, and 5-year overall survival probabilities (
Figure 3G
).



3.7 Evaluation of TME and checkpoints between the two risk groups

Next, we explored the correlation between CRG_score and immune cell infiltration characteristics in the TME. The scatter plot results showed that the CRG_score was negatively correlated with naive B cells, activated dendritic cells, plasma cells, γδ T cells, and regulatory T cells and positively correlated with M0 and M1 macrophages, neutrophils, and activated NK cells (
Figure 6A
). The high-risk group had significantly lower StromalScore, ImmuneScore, and ESTIMATE scores than the low-risk group (
Figure 6B
). We also analyzed the relationship between the eight key genes and immune cell abundance, and all were significantly associated with the abundance of multiple infiltrating immune cells (
Figure 6C
). Furthermore, we investigated the association between the immune checkpoints and our risk model. 
Figure 6D
 shows that 33 immune checkpoints are differentially expressed in the two groups, including PD-1 and PD-L1. These results indicated that the cuproptosis score was closely related to TME. In addition, we analyzed the expression of cuproptosis-related genes in the single-cell immune microenvironment through the BLCA_GSE149652 dataset in the TISCH database. The BLCA_GSE149652 data set divides cells into 17 clusters and contains 6 types of immune cells (
Figure 6E
). The results of the analysis showed that SDHD was expressed in a variety of immune cells, while PDGFRB was less expressed, and none of the other genes were detected (
Figure 6F
).




Figure 6 | 
Tumor microenvironment and immune checkpoints for cuproptosis-related gene scores. (A) Correlation between cuproptosis-related gene scores (CRG_score) and immune cell type. (B) Correlation between CRG_score and immune and stromal scores. (C) Correlation between the abundance of immune cell infiltrates and cuproptosis-related genes. (D) Differences in immune checkpoint expression among different risk groups. (E) Information of BLCA_GSE149652. (F) The expression level of SDHD and PDGFRB in TME in single cells. *P < 0.05, **P < 0.01, ***P < 0.001







3.8 Validation of prognostic signature gene expression

The qRT-PCR analysis of 20 pairs of BC and adjacent non-tumor tissues showed that the expression of PDGFRB, COMP, GREM1, and FRRS1 was higher in BC tissues than in non-tumor tissues. SDHD, RARRES2, CRTAC1, and HMGCS2 were lowly expressed in BC tissues (
Figures 7A–H
).




Figure 7 | 
Expression levels of cuproptosis-related genes in bladder cancer tissues and normal tissues: (A) COMP, (B) CRTAC1, (C) GREM1, (D) FRRS1, (E) HMGCS2, (F) PDGFRB, (G) RARRES2, and (H) SDHD. Data are presented as the mean ± standard deviation. *P < 0.05, **P < 0.01.





3.9 Correlation of tumor mutational burden and drug sensitivity

To further explore the somatic mutations among BC cuproptosis score-related subtypes, we analyzed the data from the TCGA database. Most samples in the high- and low-risk groups had somatic mutations. The five genes with the highest frequency were TP53, TTN, KMT2D, MUC16, and ARID1A. TP53, KMT2D, and ARID1A showed higher mutation frequencies in the high cuproptosis score group, while the opposite was observed for other genes, such as MUC16, SYNE, and RYR2, in the low-risk group compared with those in the high-risk group (
Figures 8A, B
). We also evaluated the linear relationship between the CRG_score and cancer stem cell (CSC) index. The cuproptosis score was negatively correlated with the CSC index (R = −0.33, P < 0.001). BC cells with lower CRG_scores had a lower degree of cell differentiation and more abundant stem cell properties (
Figure 8C
). In addition, we investigated the relationship between CRG_score and the efficacy of commonly used chemotherapies and targeted therapies for BC (
Figure 8D
). The results showed that the CRG_score was associated with the response to 84 drugs. Among the clear first-line and second-line treatment drugs for BC, patients with low CRG_scores were associated with lower IC50 values of methotrexate, while patients with high CRG_scores had lower IC50 values for vinblastine, docetaxel, bleomycin, cisplatin, and paclitaxel. These results suggest that the CRG_score can be used as a predictor of drug response in BC.




Figure 8 | 
Calculating tumor mutational burden and chemosensitivity by cuproptosis-related gene scores. (A, B) Waterfall plot of somatic mutation signature of high- and low-risk groups by cuproptosis-related gene score (CRG_score). (C) Relationship between CRG_score and cancer stem cell index. (D) Relationship between CRG_score and chemotherapeutic drug sensitivity.






4 Discussion

Although treatment methods are constantly developing, the overall survival rate of patients with BC is still not ideal. Therefore, developing new and more effective molecular subtypes, more accurate prognostic evaluations, and personalized treatments are crucial to improving the survival rate of patients with BC. Copper dysregulation has been found in many tumors (31), and many studies have confirmed that copper is related to the occurrence and development of tumors, TME, and immunotherapy responses (32, 33). A new concept of non-apoptotic cell death, cuproptosis (34), has also been described recently, but its effects on BC remain unknown. Therefore, we investigated the expression and mutation changes of cuproptosis-related genes in BC, explored the impact of CRGs on patient prognosis and TME, and established a cuproptosis-related risk score system to predict patient prognosis and guide treatment selection.

The TME refers to the local environment of the tumor where immune and stromal cells, including mesenchymal and endothelial cells, are the two major non-tumor components. There are also secreted products, such as cytokines and chemokines, and the extracellular matrix, consisting of collagen, laminin, and proteoglycans, which constitute the non-cell components (35–37). Tumor cells can reshape the TME, which in turn can further affect the behavior, differentiation level, and tumor cell state, thus affecting patient prognosis (36). Programmed cell death can regulate the immune-related TME (38) and refers to the active and orderly manner of cell death determined by genes and reactive oxygen species level, and these processes are apoptosis, necroptosis (39, 40), pyroptosis (41), and ferroptosis (42). Programmed cell death can affect the tumor immune microenvironment by releasing cell contents, regulating effector cells, or enriching immune cells (43). As a newly discovered mode of programmed cell death, cuproptosis is characterized by the direct binding of copper ions to the lipoacylated components of the TCA cycle in mitochondrial respiration, which leads to the aggregation of lipoacylated proteins and the downregulation of iron-sulfur cluster proteins (44). Lipoacylated components and iron-sulfur cluster proteins are widely present in cells, and they may be targets for tumor therapy.

In this study, we identified and validated two cuproptosis subtypes in BC, where Subtype A has a high level of CRG expression and low levels of immune cell infiltration and highly expresses metabolic pathways. Subtype B CRGs have lower expression levels, but a higher number of immune cell infiltrates, showing characteristics related to the metastatic pathway, which is a low metabolic and high immune infiltration subtype. The two subtypes also showed differences in gene expression and clinical features. We observed that subtype A had better overall survival than subtype B, but there was no evident trend in clinical features. In terms of immunity, subtype B showed higher immune cell infiltration.

We constructed a prognostic model based on the cuproptosis subtype-related prognostic DEGs by LASSO and multivariate COX regression analysis, which consisted of eight gene predictors (PDGFRB, COMP, GREM1, FRRS1, SDHD, RARRES2, CRTAC1, and HMGCS2). Black et al. found that PDGFRB co-expressed with EGRF, exerted a combinatorial effect to induce resistance to EGFR-targeted therapy, and increased the tumorigenicity and invasiveness of bladder tumors (45). This gene encodes for non-collagenous extracellular matrix proteins, which participate in tumorigenesis, cancer development, and the epithelial-mesenchymal transition. The COMP gene predictor increases colon cancer cell proliferation and may be a predictor in BC. GREM1 is a BMP antagonist expressed in bone marrow mesenchymal stem cells and fibroblasts. GREM1 can inhibit tumor cell proliferation, migration, and invasion in various cancers. FPRS1, an enzyme that reduces ferric to ferrous iron prior to its transport to the cytoplasm, is a potential tumor regulator. It is a key enzyme located in the inner mitochondrial membrane and is involved in the TCA cycle and electron transport chain. SDHD, which encodes SDH, has a role in tumor suppression. Abnormal RARRES2 expression has been detected in tumor cells. RARRES2 acts as a chemokine through recruitment and plays an important role in tumor immunity. CRTAC1 is an extracellular matrix protein-coding gene in cartilage and can promote cell proliferation, migration, and extracellular matrix remodeling. Abnormal CRTAC1 expression is related to the occurrence and development of BC. HMGCS2 is a mitochondrial enzyme involved in the ketogenic pathway and can be a tumor suppressor by altering lipid metabolism and adjusting cholesterol synthesis. The expression of these predictors was further confirmed by qRT-PCR in paired BC and normal bladder tissues. The relationship between these predictors and BC has not been reported; therefore, this study provides a new direction for developing prediction and therapeutic targets for BC.

We also studied the cuproptosis score’s effect on immune infiltration. There was a clear correlation between this score and immune cells, immune score, and immune checkpoints. Tumor-associated immune cells within the TME play an important role in the occurrence and development of tumors through pro- or anti-tumor mechanisms. Normally, immune cells recognize and destroy nascent tumor cells; however, because of the unstable cancer genotype, these immune cells may become tumor-associated or supporters, thus promoting tumor survival. In the high-risk group, we found naive B cells, activated dendritic cells, plasma cells, γδ T cells, and regulatory T cells were decreased, but M0 and M1 macrophages, neutrophils, and NK cells were increased. In addition, the CRG_score was positively correlated with the StromalScore, ImmuneScore, and ESTIMATEScore. We also demonstrated that high- and low-score groups of CRG_score have different immune checkpoint pathways activated. We also indicated the optimal drug therapy regimens for treating BC. We measured the sensitivity of patients to different drugs in the CRG_score group. According to IC50 values, vincristine, docetaxel, bleomycin, cisplatin, and paclitaxel showed a better response in the high-risk CRG_score group, whereas methotrexate showed a better response in the low-risk group. These results provide a basis for the individualized treatment selection for patients with BC.

However, our study has some limitations. The data were from public databases, and there was a selection bias. Additionally, our analysis was retrospective and needed to be confirmed by larger prospective studies, and further in vivo and in vitro experiments are required to confirm our results. Lastly, gene interactions are incredibly complex, and we should continue to explore new and practical modeling methods in future studies.
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 Objective

The low detection rate of early-stage and small tumors remains a clinical challenge. A solution to this unmet need is urgently warranted for the accurate diagnosis and treatment of bladder cancer (BC). This study aimed to evaluate the feasibility of CD47 as a target for optical molecular imaging of human BC and conduct preliminary ex vivo imaging experiments.


 Method

Using indocyanine green (ICG) and a CD47 antibody (anti-CD47), we synthesized a new targeted fluorescent probe ICG-anti-CD47. A total of 25 patients undergoing radical cystectomy were prospectively included in ex vivo imaging experiments. Following surgery, the freshly isolated bladder specimens were incubated with ICG-anti-CD47, and images were captured under white light and near-infrared (NIR) light. Standard histopathologic evaluation was performed, and findings were correlated with those of CD47-targeted NIR molecular imaging.


 Results

Based on the ex vivo imaging experiments, 23 and 2 patients were pathologically diagnosed with bladder urothelial carcinoma and bladder squamous cell carcinoma, respectively. There were no adverse effects of ICG-anti-CD47 on the histological structure of the tumor and normal uroepithelium. In the NIR grayscale images, the mean fluorescence intensity of the tumor tissue was significantly higher than that of the adjacent normal background tissue, which markedly improved tumor visualization.


 Conclusion

Anti-CD47-targeted NIR molecular imaging may be a feasible and powerful strategy for the accurate diagnosis of BC. Nevertheless, larger-scale randomized trials are warranted to verify the present findings.




 Keywords: bladder carcinoma, indocyanine green, CD47, near-infrared fluorescence, molecular imaging 

  1 Introduction

Bladder cancer (BC) is the tenth most frequent type of cancer worldwide and the second most common malignant disease of the urinary system (1). It accounts for approximately 474,000 new cases and 197,000 deaths per year. Non-muscle invasive BC (NMIBC) (stages: Ta, carcinoma in situ [CIS], and T1) accounts for approximately 75% of newly diagnosed BC cases. International guidelines recommend that transurethral resection of bladder tumor (TURBT), coupled with individualized intravesical chemotherapy or immunotherapy that is adapted to tumor risk stratification, should be administered to those patients as the routine treatment regimen (2–4).

BC has the highest recurrence rate among all types of cancer, reaching 61% within 1 year (5). Approximately 20% of patients with high-risk NMIBC develop muscle-invasive bladder cancer (MIBC) within 5 years (6). Neoadjuvant chemotherapy combined with radical cystectomy is the first-line treatment for MIBC, and the tumor-specific survival rate of patients after 4 years is 35% (7). Therefore, it is important to optimize the detection and resection of early-stage BC.

The recurrence and progression of bladder tumors endanger patients’ lives, and repeated surgical intervention increases medical costs and negatively influences the well-being of patients. In recent years, these effects of BC have attracted considerable attention (8, 9). Thus, appropriate management of BC is crucial to prolong the overall survival of patients and reduce medical costs. Currently, light cystoscopy (WLC) and WLC-aided TURBT are the standard methods used for the detection, resection, and monitoring of BC. Nevertheless, these techniques are limited by the risk of missed diagnosis, insufficient resection, and inaccurate staging (10).

The bladder can be easily accessed, providing a well-established route for local (i.e., intravesical) drug delivery. Intravesical administration can minimize the potential systemic toxicity of imaging agents, rendering the bladder a suitable organ for endoscopic molecular imaging and image-guided surgery. Recently, attempts have been made to improve the specificity and sensitivity of methods used for the detection of malignant lesions. Consequently, the traditional imaging mode based on functional and structural changes has progressively transformed into molecular imaging based on cellular and molecular pathological processes (11). An increasing number of auxiliary optical imaging technologies have been applied to enhance WLC (12). Optical molecular imaging is the integration between new optical imaging technology and modern molecular biology. The attachment of targeted fluorescent tracers with overexpressed molecules on tumor cells or tumor microenvironment enables qualitative and quantitative analyses of tissue biological behavior in terms of molecular and cellular alterations before the occurrence of changes in the macroscopic structure of tissues (13). Paired optical imaging devices can reveal small or occult tumors with a low rate of false-positive results. Unlike ultrasound or magnetic resonance imaging, optical molecular imaging can provide real-time dynamic images during surgery and be applied to numerous aspects of cancer surgery. These include the detection of small, flat malignant lesions, access to the boundary and depth of tumor invasion, and visualization of important anatomical structures (14). A CD47 antibody (anti-CD47) has been utilized in targeted imaging and tumor-specific administration for bladder urothelial carcinoma (15). CD47-targeted optical molecular imaging can detect BC with high diagnostic accuracy and has the potential to guide its resection (16).

Using indocyanine green (ICG) and anti-CD47, we synthesized a new ICG-anti-CD47 near-infrared (NIR) fluorescence probe for the diagnosis of bladder carcinoma in fresh human samples obtained through radical cystectomy. This report identified a series of diagnosis and treatment alternatives. We performed in vitro NIR molecular imaging of 25 newly isolated BCs by intracavitary perfusion of NIR fluorescent dye ICG-anti-CD47 and ICG. The results of this study may provide a foundation for the clinical use of CD47 as a molecular imaging target for BC diagnosis and treatment, particularly bladder CIS.


 2 Materials and methods

 2.1 Synthesis of amino-modified ICG dots

ICG and amino-modified 1,2-distearoyl-sn-glycero-3-phosphoethanolamine-N- methoxy(polyethylene glycol)-2000 (DSPE-PEG-NH2) were dissolved in chloroform as stock solutions at a concentration of 1 mg/mL. Subsequently, stock solutions of ICG and DSPE-PEG-NH2 were mixed at a 1:6 volume ratio and sonicated for 1 min. Following further dilution with an additional 10 mL of chloroform, the mixture was dried under a vacuum in a rotary evaporator at 37°C to form a lipidic film. After completely removing the organic solvents, phosphate-buffered saline (PBS) (5 mL; pH 7.4) was added, and the lipidic film was sonicated for 30 min to obtain the clear aqueous solution of ICG-NH2 dots.


 2.2 Synthesis of ICG-NH2-anti-CD47 dots

Anti-CD47 was loaded on the surface of ICG-NH2 dots through an amide reaction. Briefly, anti-CD47 (1 mL, 200 µg/mL, Santa Cruz Biotechnology, USA) was dispersed in 10 mL of ethanol (EtOH) containing 1-ethyl-3-(3-dimethylaminopropyl) carbodiimide hydrochloride (0.03 mmol) and N-hydroxy-succinimide (0.75 mmol). After stirring for 30 min, an aqueous solution of ICG-NH2 dots (2 mL; 10 mg/mL) was added to the EtOH solutions and stirred overnight. The products were collected by centrifugation, followed by several washes to remove excess reactant. The prepared ICG-NH2-anti-CD47 dots were dried and re-dissolved in PBS to form clear solutions, which were directly used in experiments.


 2.3 Absorption and fluorescence measurements

Absorption spectra were recorded using an Agilent Cary5000 UV-Vis-NIR spectrophotometer (Agilent Technologies Inc., Santa Clara, California, USA) in toluene in a quartz cuvette with a path length of 1 cm. The luminescence spectra were obtained using an Edinburgh FLS1000 spectrofluorometer equipped with a Xenon lamp (Edinburgh Instruments Ltd., London, UK).


 2.4 In vitro imaging of bladder specimens

From September 2021 to July 2022, with the approval of the ethics committee of the host institution, patients with bladder urothelial carcinoma who underwent radical cystectomy were prospectively enrolled in this study. The presence of bladder carcinoma in these patients was confirmed by computed tomography or magnetic resonance imaging and cystoscopy prior to the operation. Patients with suspected distant metastasis or lymph node metastasis detected through preoperative examination were excluded from the study. All patients provided written informed consent for their participation in the study, and an experienced urologist performed all operations. Fresh and complete bladder samples were collected immediately after resection. The bladder was rinsed thrice with sterile normal saline. Subsequently, ICG-anti-CD47 (excitation, 780 nm; emission, 810 nm; 20 μg/mL); was diluted with PBS at a ratio of 1:100 to prepare 50 mL of the imaging probe, which was slowly injected into the bladder specimen cavity through an 18 F catheter, or ICG (PBS, pH 7.4). Following incubation at room temperature for 30 min, the samples were rinsed thrice with sterile normal saline to remove the unbound antibody. The washed anterior bladder wall was cut longitudinally and placed under the visible and NIR fluorescence separation and combination imager (SES Co., Taiyuan, China). The imager collected both the visible light information and NIR fluorescence information from the bladder specimens in real time. White light, fluorescent, and fused images were simultaneously displayed on the screen. The positive ICG-anti-CD47 fluorescence was designated as the bright area in the NIR grayscale image regardless of the shooting angle. The mean fluorescence intensity (MFI) of the corresponding tissue was expressed according to the mean gray value of the tumor and the adjacent normal background in the NIR grayscale image. The tumor-to-background ratio was calculated as the ratio of the MFI of tumor tissue to that of normal background tissue. After imaging, the fluorescent area was stained with ink and subjected to the standard histopathological examination by the same pathologist. Histological grading and tumor staging were performed according to the World Health Organization grading system established in 2004 and the TNM grading system established in 2017.


 2.5 Statistical analysis

Statistical parameters were calculated according to the following equations: RP=TP/(TP+FN); SPC=TN/(TN+FP);where TP is the true positive; TN is the true negative; FP is the false positive; FN is the false negative; TRP is the true positive rate or sensitivity; and SPC is the true negative rate or specificity. Quantitative data corresponding to normal distribution were presented as the mean ± standard deviation, and the t-test was used to evaluate the divergence. Non-normally distributed data were presented as the median (range) and compared using the Wilcoxon rank-sum test. The data were analyzed using R 4.0.3 and GraphPad Prism 8.0 for Windows software. P-values of < 0.05 denoted statistically significant differences. All statistical analyses were two-tailed.



 3 Results

In this study, we used anti-CD47 to mark ICG and created a new targeted tracer (ICG-anti-CD47). The fluorescence spectrum of ICG-anti-CD47 had an excitation wavelength of 780 nm. From September 2021 to July 2022, 25 patients (22 males and 3 females) who underwent radical cystectomy were included in the study. The mean age of patients was 66.2 years (range: 43–77 years).  Table 1  shows the patient demographic characteristics, preoperative diagnosis, clinical stages of the disease, and the results of imaging studies. After the incubation with ICG-anti-CD47, there was no detection of any adverse morphological manifestations in the specimens. Additionally, there was no evidence of injury or degenerative effects in non-tumor tissues. The use of ICG-anti-CD47 did not change the pathological evaluation of radical cystectomy. The pathological evaluation of 25 bladder specimens resulted in the detection of 29 malignant lesions, including 22 bladder specimens (26 malignant lesions) stained with ICG-anti-CD47 in the experimental group and 3 bladder specimens (3 malignant lesions) stained with ICG in the control group. Different BC pathological frequencies of 29 cases were as follows: 19 cases of high-grade muscle-invasive urothelial carcinoma, four cases of high-grade non-muscle invasive urothelial carcinoma, four cases of CIS, and two cases of squamous cell carcinoma ( Figure 1A ). In two patients, NIR fluorescence imaging guided pathologists to perform white light examinations of CIS that were not observed. In negative control cases (cases 7, 10, and 17), only ICG was used for perfusion (20 μg/mL concentration; 50 mL volume), and there was no specific tumor targeting. Under NIR light, the fluorescence signal of tumor lesions exhibited a 3.14-fold increase, while the fluorescence signal of surrounding normal tissues did not significantly change (the MFI was 55.47 and 17.94, respectively) ( Figure 1B ). The lesions with significantly elevated MFI were identified as noninvasive papillary urothelial carcinoma according to the histopathological analysis. The areas without ICG-anti-CD47 fluorescence were identified as normal urothelial carcinoma. Sensitivity/specificity results for ICG-anti-CD47 targeting of cancerous lesions in the human bladder specimens: carcinoma vs. normal. The true positive(TP) number is 26, the true negative(TN) number is 24, the false positive (FP) number is 0; the false negative (FN) number is 2. The true positive rate (TRP) or sensitivity is 0.929, and the true negative rate or specificity (SPC) is 1.000.

 Table 1 | Patient demographic information, pathological stage and diagnosis, lesions observed by white light and fluorescence examinations, and results of ICG-anti-CD47 NIR molecular imaging. 



 

Figure 1 | (A) Representative images of white light cystoscopy, NIR fluorescence, fusion ex vivo imaging of bladder specimens and tumor sections stained with H&E. The images demonstrate the targeting of noninvasive bladder urothelial carcinoma, invasive bladder urothelial carcinoma, carcinoma in situ, and bladder squamous cell carcinoma by the ICG-anti-CD47 imaging agent. The diagnosis was confirmed by pathological analysis. (B) Quantitative mean fluorescence intensity (MFI) of 22 specimens. The MFI values of tumor tissue and normal tissue were 54.67 ± 16.17 and 19.11 ± 6.41 (P < 0.001), respectively. H&E, hematoxylin-eosin; ICG, indocyanine green; NIR, near-infrared. 




 4 Discussion

Blockade of CD47 function (a universally expressed molecule in all cancers) results in tumor cell phagocytosis and elimination (17). Research has shown that CD47 is expressed in all human bladder tumors, most notably in CD44+ cells (18). Furthermore, CD47 is highly expressed in NMIBC and MIBC compared with the terminally differentiated luminal umbrella cells of normal human bladder urothelium (19). Our previous research has shown that anti-CD47 is more effective in the identification of BC cell lines compared with other molecular tracers (e.g., NYZL1, PLZ4, and CA9 antibodies). CD47-targeted optical molecular imaging has demonstrated high diagnostic accuracy for BC detection and usefulness in the resection of such tumors (20). Another study has shown that the contrast of images was obviously intensified under CD47-targeted NIR molecular imaging, favoring the real-time diagnosis of upper urinary tract urothelial carcinoma (21).

ICG is a NIR fluorescent dye approved by the U.S. Food and Drug Administration. It does not present any detail regarding targeting tumor tissue. ICG is utilized in clinical practice for the visualization of the vascular system or lymphatic vessels (22–24). While ICG has a small amount of fluorescence in an aqueous solution, its emission intensifies with the combination of protein hydrophobic pockets (e.g., albumin) or cell membrane. We employed an ICG-anti-CD47 construct to target BC in human specimens. Ex vivo molecular imaging of 25 BC samples (including two patients with bladder squamous cell carcinoma) illustrated that fluorescent tracer dependent on anti-CD47 targeting guidance attached to CD47 molecules on the surface of tumor cells. Under NIR light, the fluorescence intensities of BC and normal urothelium were notably distinct (MFI: 55.47 ± 8.16 vs. 17.94 ± 3.32, respectively; P < 0.001), supporting the real-time diagnosis of tumors. We found that optical molecular imaging technology significantly enhanced the contrast of visual images. This approach can improve the visualization of tumors and assist physicians in BC detection and treatment. Generally, using NIR optical molecular imaging technology, the qualitative evaluation of fluorescence signals in all patients demonstrated that the MFI in tumor tissues was higher than that recorded in normal background tissues.

The detection of flat, small malignant lesions, particularly CIS, on the bladder wall is difficult. CIS is a high-risk NMIBC constrained to the mucosa. Under WLC, this type of tumor presents a structure and appearance similar to inflammatory lesions, potentially leading to misdiagnosis. The latest European Association of Urology guidelines on NMIBC recommend the use of photodynamic diagnosis or narrow-band imaging as an auxiliary imaging mode for WLC during tumor biopsy and resection (25). This approach can improve the detection rate of papillary lesions and CIS. However, owing to its low specificity for tumors, it may lead to false positive results in BC detection, especially in the presence of inflammatory lesions, scar hyperplasia, and acute bleeding in the bladder (11, 26, 27).

An increased metabolism results in higher acidity of the tumor microenvironment (28). Under the condition of low extracellular pH, insertion of the pH low insertion peptide (pHLIP) into the cell membrane can accurately target acidic cells. In a previous study, 22 fresh intact bladder specimens have been intravesically infused with ICG pHLIP for the diagnosis of BC through targeted imaging. The sensitivity and specificity rates of this method were 97% and 100%, respectively (29). In another study using a mixture of polysaccharide cyanamide cyanine and pHLIP (ICG pHLIP), NIR molecular imaging has been performed on segregated upper urinary tract specimens obtained from 12 patients. Compared with an ordinary white light examination, more tumor lesions were detected by pHLIP-mediated NIR molecular imaging (detection rate: 78.9% vs. 100%, respectively) (30). Therefore, considering the heterogeneity of BC, the use of molecular markers that can classify various tumor features could facilitate the development of more accurate and personalized detection protocols. In the present study, through ICG-anti-CD47 NIR fluorescence imaging, we found and pathologically confirmed two cases of bladder CIS that were not previously detected by cystoscopy.

This study comprised a mixture of different subtypes of urothelial carcinoma and squamous cell carcinoma, as expected given that the disease had advanced to the point where the bladder had to be removed. The cases included typical high-grade urothelial carcinoma but also had different variants with squamous cell differentiation or sarcomatoid features. It appears that the sensitivity (93%) and specificity (100%) of tumor targeting by ICG-anti-CD47 is irrelevant to the subtype of tumor.

There are many studies on molecular markers of bladder cancer, Research shown that the expression of PD-1, PD-L1 and cAMP is able to predict mortality at 3 years in patients with locally advanced (pT3-4) and/or positive lymph nodes disease (31). In addition, Some studies have confirmed that the safety and efficacy of ICG technology and ICG guided NIRF is a very useful tool in pediatric minimally invasive surgery to perform a true imaged-guided surgery (32, 33). Optical molecular imaging has the potential to improve the detection rate of tumor lesions in bladder tissue samples. However, the available evidence is limited to preclinical studies, and several scientific and technical issues still need to be addressed during the clinical transition. For example, fluorescence signal intensity and TBR are important metrics to assess the clinical application value of optical molecular probes. however, even if a higher TBR can be obtained during the operation, the data acquisition may be affected by the region of interest selected by the operator. So, it difficult to conduct multicenter studies and compare experimental results from different research centers.

This study had several limitations. First, this ex vivo feasibility study included a small number of patients. Hence, the present findings should be verified in a study involving a larger sample size. Second, future studies should evaluate this approach in more pathological types of BC (e.g., adenocarcinoma, carcinosarcoma, etc.). However, given the low incidence rate of these pathological types, a longer period of specimen collection may be required. Finally, considering clinical transformation, the use of this target tracer in humans is necessary. Notably, anti-CD47 b6h12 is a murine monoclonal antibody that is not safe for use in humans. Nevertheless, a humanized monoclonal anti-CD47 (HU5F9-G4) is currently being investigated in phase I clinical trials for the treatment of advanced solid tumors and lymphomas (34).

By incubating freshly isolated bladder samples with ICG-anti-CD47 molecular fluorescent tracers, we tested the practicability of this new molecular target. The contrast of images obtained through CD47-targeted NIR molecular imaging was notably enhanced, contributing to the real-time diagnosis of BC. Thus, NIR molecular imaging based on CD47 is a promising diagnostic approach. However, multidisciplinary cooperation among urologists, chemists, physicists, and pharmacologists is necessary to achieve optimal clinical application of this method.


 5 Conclusions

In conclusion, ICG-anti-CD47 has the potential to become a promising tool for the early detection of BC. It exhibits high sensitivity and specificity regardless of the tumor subtype. This method can be used to monitor the stage of disease and mark lesions for surgical resection. Nevertheless, clinical trials involving toxicological and pharmacological studies are warranted to investigate the safety profile of the ICG-anti-CD47 imaging agent. Based on the present findings, this agent may optimize BC diagnosis and resection. Consequently, the recurrence rate may be reduced, the prognosis of patients may be improved, and the medical costs for BC treatment may decline. Additionally, the achievement of targeted imaging may guide the delivery of therapeutic molecules to bladder tumor cells, providing opportunities for targeted therapy of BC.
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Background

Bladder cancer (BC) is a disease with significant heterogeneity and poor prognosis. The prognosis and therapeutic response of BC patients are significantly influenced by endothelial cells in the tumor microenvironment. In order to understand BC from the perspective of endothelial cells, we orchestrated molecular subtypes and identified key genes.





Methods

Single-cell and bulk RNA sequencing data were extracted from online databases. R and its relative packages were used to analyze these data. Cluster analysis, prognostic value analysis, function analysis, immune checkpoints, tumor immune environment and immune prediction were conducted.





Results

Five endothelial-related genes (CYTL1, FAM43A, HSPG2, RBP7, and TCF4) divided BC patients in the TCGA, GSE13507, and GSE32894 datasets into two clusters, respectively. In prognostic value analysis, patients in the cluster 2 were substantially associated with worse overall survival than those in the cluster 1 according to the results of TCGA, GSE13507 and GSE32894 datasets. In the results of functional analysis, the endothelial-related clusters was enriched in immune-related, endothelial-related and metabolism-related pathways. Samples in the cluster 1 had a statistically significant increase in CD4+ T cells and NK-cell infiltration. Cluster 1 was positively correlated with the cancer stem score and tumor mutational burden score. The results of immune prediction analysis indicated that 50.6% (119/235) of patients in the cluster 1 responded to immunotherapy, while the response rate in the cluster 2 decreased to 16.7% (26/155).





Conclusion

In this study, we categorized and discovered distinctive prognosis-related molecular subtypes and key genes from the perspective of endothelial cells at the genetic level by integrating single-cell and bulk RNA sequencing data, primarily to provide a roadmap for precision medicine. 
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Introduction

Bladder cancer (BC) ranks as the 6th most common cancer and the 9th leading cause of cancer death in men (1). The mortality rate of BC patients remains high in developing countries, although the prognosis for BC patients in developed counties has significantly improved through various treatment options (including surgery, chemotherapy, and immunotherapy) (1). While suffering a great physical, mental, and financial load, many patients do not have an improved prognosis and only a few patients can benefit from these therapies (2). For instance, radical cystectomy will cause serious harm and drastically lower the quality of daily life. Unfortunately, postoperative survival outcomes are dismal. Therefore, these improvements are far from satisfactory. To provide a solution to this conundrum, researchers are striving to understand the mechanism of BC to prevent the occurrence of BC. We also hope to identify key genes that could pave the way for new, efficient medications (such as anti-PD1/-L1). In addition to exploring new mechanisms and targets, how to apply current treatments is also a field of great concern. To solve this problem, physicians search for highly efficient markers, such as the neutrophil-to-lymphocyte ratio (3) and histological features (4), to choose the optimal therapy for each patient. Researchers are also selecting genes with prognostic value to aid doctors in clinical decisions (5).

An organized microvasculature consists of an endothelial cell layer supported by a basement membrane and surrounded by perivascular cells (pericytes) that provides nourishment for the urothelium as well as its underlying lamina propria and muscularis propria (6, 7). In contrast, in tumor tissue, endothelial cells are surrounded by fewer pericytes, which leads to leaky inter-endothelial cell junctions (8). Hypoxia and nutrient deprivation brought on by leaky tumor vasculature enhance the invasive properties of BC cells (9). Due to the different degrees of leaky tumor vasculature, BC patients have considerably variable survival outcomes (10). Furthermore, tumor cells farther from the vasculature are exposed to lower drug concentrations than those tumor cells closer to it, resulting in differences in treatment outcomes (11). Meanwhile, an insufficient nutrient supply and hypoxia induced by endothelial cells can also promote the enrichment of cancer stem cells, which is similarly related to treatment outcomes (12). Endothelial cell can cause treatment resistance and therefore significantly affect the prognosis and of BC. Recently, single-cell RNA-sequencing (scRNA-seq) technologies have attracted wide attention and allowed us to sequence and analyze thousands of cells per tumor. This scale allows it to discriminate different cell subsets, enabling researchers to explore the function of specific cell infiltration. For instance, immunotherapy relies heavily on the tumor environment. Immunotherapy may be more effective for patients with high CD8 T-cell infiltration than for those with low CD8 T-cell infiltration (13). Although endothelial cells are crucial for BC, there are no endothelial-molecular subtypes which exhibits prognostic value in BC.

Thus, in this study, we collected and analyzed BC data from online databases, integrating single-cell and bulk RNA sequencing data, in order to orchestrate molecular subtypes and identify key genes for BC from the perspective of endothelial cells, paving the way for the development of precision medicine. Then, various methods were employed to validate the cluster and key genes.





Materials and methods




Data acquisition

Through analysis of the single-cell data shared in publications, the Tumor Immunotherapy Gene Expression Resource (http://tiger.canceromics.org/#/home, TIGER) provides cell type markers for free. In this study, we downloaded the markers of endothelial cells with |log2FoldChange| >0.3 based on a prior work (14). BC and normal tissue data, including expression data and clinical data, were extracted from the Cancer Genome Atlas (www.gdc.cancer.Gov, TCGA ). The ‘limma’ package was used to identify the differentially expressed genes between 19 normal samples and 414 BC samples. The differentially expressed genes should have a P value <0.05 and |log2FoldChange| >1. Furthermore, in terms of clinical analysis, patients were disqualified if they had any of the following features: postoperative survival time less than 30 days, not a pure transitional cell cancer, or no survival outcome. The endothelial cell content of each included BC sample in the TCGA dataset was determined with the EPIC algorithm in the ‘immuneeconv’ package (https://github.com/immunomind/immunarch). Then, the correlation between the endothelial cell content and genes from the TCGA dataset was assessed by Pearson correlation analysis. The endothelial-related genes should have |coefficients| > 0.3 and P value < 0.05. To improve the credibility of the results, we validated the results in two external datasets GSE13507 and GSE32894 which were retrieved from the Gene Expression Omnibus (https://www.ncbi.nlm.nih.gov, GEO) database.





Molecular subtypes

After acquiring the aforementioned data, co-expressed genes were screened by the ‘VennDiagram’ package. Then, all co-expressed genes were incorporated into the lasso regression model, which could apply penalties to these genes. The penalty parameter (λ) for the model was determined by 10-fold cross-validation following the minimum criteria. A total of seven genes were selected by lasso regression analysis. The results of the univariable Cox regression model indicated that only five of these genes had significant prognostic value. Then, the patients in the TCGA, GSE13507, and GSE32894 datasets were subtyped by the R packages “ConsensusClusterPlus” and “limma” using the five genes (CYTL1, FAM43A, HSPG2, RBP7, and TCF4). The consensus matrix k value denoted the number of endothelial-related clusters (ERC).





Evaluation of the cluster and function analysis

At first, we assessed the prognostic value of endothelial cell based on the basis of the outcomes of EPIC algorithm and TCGA dataset. To validate the prognostic value of endothelial cell, we also employed MCPCOUNTER algorithm (https://github.com/ebecht/MCPcounter) to calculate the endothelial cell content of each included patients in TCGA dataset. Then, the prognostic value of endothelial cell was identified by Kaplan−Meier curves. After establishing the cluster, Kaplan−Meier curves were utilized to estimate the prognostic value of ERC. First, Kaplan−Meier curves were employed to analyze whether the ERC could predict the overall survival (OS) of patients in the TCGA, GSE13507 and GSE32894 datasets. Meanwhile, the prognostic value of ERC was also validated in various clinical subgroups. Then, according to the results of univariable Cox regression model, covariates with a P value <0.1 were included in the multivariable Cox regression analysis to estimate the independent prognostic value of ERC.

Based on the TCGA dataset and ERC, we performed Gene Ontology (GO) enrichment analysis, which consisted of molecular function (MF), biological process (BP) and cellular component (CC). The following criteria were used to choose the GO terms in light of the GO results: P value < 0.05 and Q < 0.05. Similarly, the enriched Kyoto Encyclopedia of Genes and Genomes (KEGG) pathways were screened out with a P value < 0.05 and Q <0.05. For further evaluation of the potential pathways, REACTOME pathways were carefully selected by Gene Set Enrichment Analysis (GSEA) with a P value < 0.05 and FDR<25%. Furthermore, the interacting proteins of CYTL1, FAM43A, HSPG2, RBP7, and TCF4 were screened by GeneMANIA (www.genemania.org) (15). Furthermore, Tumor Immune Single-cell Hub 2 (http://tisch.comp-genomics.org, TISH2) (16) collects tumor-related scRNA-seq from human studies, providing the differentially expressed genes between endothelial cell and other infiltrating cells based on the scRNA-seq. The function of endothelial cells was next investigated using GO and KEGG analyses with selective criteria P value < 0.05 and Q < 0.05. As is common knowledge, transcription factors are deemed as promising targets for innovative new drugs. Thus, TISH2 also utilized to identify the interacting transcription factors of endothelial cell based on scRNA-seq.





Immune-related analysis

Immune-related analysis was adopted because the functional results indicated that the ERC is mainly engaged in immune-related activities. To identify the correlation between the ERC and immune checkpoints, we compared the expression of 32 checkpoints between the clusters and plotted them as bar plots. Then, we compared the immune cells that had penetrated the clusters in EPIC.

Following our investigation of tumor microenvironment, we obtained tumor mutational burden (TMB) data from the TCGA dataset. Then, the overall TMB was calculated by the ‘maftools’ package and the TMB scores of the clusters were compared. Moreover a mRNA expression‐based stemness index (mRNAsi) was established by a one-class logistic regression machine learning algorithm (17). The mRNAsi can reflect the expression of the tumor immune microenvironment and predict the immunotherapy response. Therefore, we also calculated and compared the mRNAsi score between the clusters. To further verify the above results, based on the TCGA-BC cohort, the Tumor Immune Dysfunction and Exclusion (TIDE) (18) algorithm was used to predict and compare the immunotherapy response between the cluster 1 and cluster 2.





Statistical analysis

According to the normality and quality of variances of the data, one-way ANOVA or the Mann−Whitney U test was used to perform statistical analysis of three or more continuous variables. Quantitative data in two groups were compared using Student’s t test. All analyzed data are displayed as the standard deviation (SD). A P<0.05 was considered significant for all analyses, which were performed using R version 3.6.3 and relative packages. ns, P≥0.05; *, P< 0.05; **, P<0.01; ***, P<0.001.






Results




Construction of the cluster and basic data

Figure 1 shows the workflow of our study. Supplementary Table 1 lists the endothelial-related genes based on the EPIC. Kaplan−Meier curves revealed that patients with high endothelial cell infiltration were significantly associated with worse OS than those with low endothelial cell infiltration based on the results of EPIC (Figure 2A, P=0.024) and MCPCOUNTER algorithms (Figure 2B, P=0.007). Final selection comprised 84 significantly co-expressed endothelial-related genes (Figure 2C). Then, as shown in Figures 2D, E, seven genes were screened by lasso regression analysis. Five genes (CYTL1, FAM43A, HSPG2, RBP7, and TCF4) exhibited significant prognostic value in BC patients according to the results of the univariable Cox regression model (Figure 2F). Finally, these five endothelial-related genes divided BC patients in the TCGA dataset into two clusters (Figure 2G, consensus matrix k = 2). Patients in the cluster 2 were considerably correlated with poorer OS than patients in the cluster 1 (Figure 2H, P<0.001). Similarly, these five endothelial-related genes also classified patients in GSE13507 (Figure 2I, consensus matrix k = 2) and GSE32894 (Figure 2K, consensus matrix k = 2) datasets into two clusters. There were fewer patients in each of the three clusters 2 than in cluster 1. The OS of cluster 2 was significantly worse than that of cluster 1 in GSE13507 (Figure 2J, P=0.013) and GSE32894 (Figure 2L, P<0.001) datasets.




Figure 1 | The workflow of this study.






Figure 2 | The prognostic value of endothelial cells based on the results of EPIC (A) and MCPCOUNTER algorithms (B), the co-expressed genes (C), the cross-validation to determine the optimal penalty parameter lambda (D), Lasso regression of the seven endothelial cell-related genes (E), the prognostic value of these seven genes in overall survival (OS) according to the results of univariable Cox regression analysis in TCGA dataset (F), cluster plot showing two distinct groups in the TCGA database (G), the Kaplan−Meier analysis results of OS in TCGA dataset (H), cluster plot showing two distinct groups in the GSE13507 database (I), the Kaplan−Meier analysis results of OS in GSE13507 dataset (J), cluster plot showing two distinct groups in the GSE32894 database (K), the Kaplan−Meier analysis results of OS in GSE32894 dataset (L).



390 BC patients were included in the TCGA dataset following the exclusion procedure. Table 1 shows that patients in the cluster 2 had a larger proportion of WHO high grade, American Joint Committee on Cancer (AJCC) stage III-IV, T3_4 stage, distant metastasis and death. Detailed information on GSE13507 and GSE32894 datasets is shown in Supplementary Table 2 and Supplementary Table 3.


Table 1 | The clinicopathological characteristics of the TCGA included patients.







ERC had prognostic value

After a preliminary assessment of the prognostic value of ERC, we further verified the prognostic value of the cluster in clinical subgroups. In the TCGA dataset, cluster 2 was significantly associated with worse OS than cluster 1 in many subgroups, such as age >70 years (Figure 3A, P=0.003), male sex (Figure 3B, P=0.001), body mass index <=25 (Figure 3C, P<0.001), smoking history (Figure 3D, P<0.001), World Health Organization (WHO) high grade (Figure 3E, P<0.001), AJCC stage III-IV (Figure 3F, P=0.006), T3_4 stage (Figure 3G, P=0.008), no lymph node metastasis (Figure 3H, P=0.04) and no distant metastasis (Figure 3I, P<0.001) subgroups. Similarly, in the GSE13507 dataset, cluster 2 was statistically correlated with poorer OS than cluster 1 in the age >70 years (Figure 3J, P=0.003), male (Figure 3K, P=0.006) and no distant metastasis (Figure 3L, P=0.019) subgroups. In the GSE32894 dataset, cluster 2 significantly predicted poor OS in the age <=70 years (Figure 3M, P=0.002), male (Figure 3N, P=0.002) and WHO G3 (Figure 3O, P=0.022) subgroups.




Figure 3 | The prognostic ability of the cluster in clinical subgroups: Kaplan−Meier analysis results of subgroups in TCGA dataset: age >70 years (A), male (B), BMI <= 25 (C), with smoking history (D), WHO high grade (E), AJCC stage III-IV (F), T3_4 stage (G), no lymph node metastasis (H), and no distant metastasis (I) subgroups; In GSE13507 dataset: age > 70 years (J), male (K), and no distant metastasis (L) subgroups; In GSE32894 dataset: age <= 70 years (M), male (N), and WHO G3 (O) subgroups. N, lymph node metastasis; M, distant metastasis; WHO, World Health Organization;.



The univariable and multivariable Cox regression was analyses were utilized to evaluate the independent prognostic value of ERC. In the TCGA dataset, the multivariable Cox regression model consisted of age, AJCC stage, T stage, lymph node metastasis stage, distant metastasis stage and ERC (Figure 4A), identifying that the cluster presented independent prognostic value (Figure 4B, P=0.002). Similarly, in the GSE13507 dataset, the multivariable Cox regression model consisted of age, T stage, WHO grade and ERC (Figure 4C), which validated that the cluster had independent prognostic value (Figure 4D, P=0.029). In the GSE32894 dataset, the multivariable Cox regression model consisted of age, WHO grade and ERC (Figure 4E), which also identified that the cluster could independently predict the prognosis of BC patients (Figure 4F, P=0.037).




Figure 4 | Validation of the independent prognostic value of the cluster: univariable (A) and multivariable (B) Cox regression model in TCGA dataset, univariable (C) and multivariable (D) Cox regression model in GSE13507 dataset, univariable (E) and multivariable (F) Cox regression model in GSE32984 dataset, N, lymph node metastasis; M, distant metastasis; WHO, World Health Organization.







The results of function analysis

As shown in Figure 5A, the ERC enriched immune-related and endothelial-related results, such as neutrophil chemotaxis, neutrophil migration, collagen-containing extracellular matrix, intermediate filament, receptor ligand activity, and cytokine activity in GO results. Based on endothelial cells, GO also enriched immune-related and endothelial-related results (Figure 5B). In KEGG analysis, ERC was predominantly implicated in immune-related and metabolism-related pathways (Figure 5C), including the IL-17 signaling pathway, cytokine−cytokine receptor interaction, and drug metabolism-cytochrome P450. Immune-related pathways also appeared in the enriched results of endothelial cell (Figure 5D). Interestingly, endothelial cell was involved in platinum drug resistance pathway. Similarly, the GSEA results also revealed enrichment of immune-related pathways (Figure 5E), such as neutrophil degranulation, antigen processing cross presentation, and downstream signaling events of BCR pathways. In Figure 5F, the ERC was additionally involved the process of metabolism, including fatty acid metabolism, arachidonic acid metabolism and peroxisomal lipid metabolism. According to the results of GeneMANIA, the interacting proteins of the ERC were APCS, FGF7, HOXB13, ID3 and others (Figure 5G). Figure 5H displayed the top interacting transcription factors of endothelial cell.




Figure 5 | Function analysis: the Gene Ontology results based on the ERC (A) and endothelial cells (B), Kyoto Encyclopedia of Genes and Genomes results based on the ERC (C) and endothelial cells (D), Gene Set Enrichment Analysis results (E, F), the protein–protein interaction network (G), the interacting transcription factors of endothelial cells (H).







The results of immune-related analysis

Since the ERC enriched immune-related pathways, we decided to explore the role of the cluster in immune analysis. In immune checkpoints, cluster 2 was positively associated with the expression of many genes, such as CD274, CTLA4, PDCD1, PDCD1LG2, and LAG3. Only SIGLEC15 was highly expressed in the cluster 1 (Figure 6A). In the EPIC results, samples in the cluster 1 notably had a higher proportion of CD4+ T cell and NK cell infiltration, whereas samples in the cluster 2 infiltrated more B cells, endothelial cells and macrophages (Figure 6B).




Figure 6 | Immune-related analysis based on TCGA dataset: immune checkpoints (A), immune infiltration (B), the tumor mutational burden between the clusters (C), the overall survival in groups (D), the stemness index between the clusters (E), the overall survival in groups (F), the MSI Expr Sig score in the clusters (G), the T-cell exclusion score between the clusters (H), the T-cell dysfunction score between the clusters (I), the TIDE score between the clusters (J), the number of the patients with or without response to immunotherapy between the clusters (K). TMB, tumor mutational burden; mRNAsi, stemness index. ns: P≥0.05; *, P< 0.05; **, P<0.01; ***, P<0.001.



After calculating the TMB score of each included sample in TCGA, we compared the scores between the clusters and identified that the mean score of cluster 1 was significantly higher than that of cluster 2, which might indicate that patients in the cluster 1 may be more likely to benefit from immunotherapy (Figure 6C). Then, we also compared the OS between the four subgroups and found that patients in the cluster 1 and high TMB score subgroups had the best prognosis (Figure 6D). To further pinpoint the above results, we compared the mRNAsi scores between the clusters. As shown in Figure 6E, the results of the stemness index illustrated that the cluster 1 had a statistically higher mRNAsi score than the cluster 2, which also supported that patients in the cluster 1 were more likely to benefit from immunotherapy. In the prognostic analysis, patients in the cluster 1 and high mRNAsi score subgroups had the best prognosis (Figure 6F). In terms of TIDE analysis, interestingly, cluster 1 was positively correlated with the MSI Expr Sig score (Figure 6G), while cluster 2 was positively related to T-cell exclusion (Figure 6H) and T-cell dysfunction (Figure 6I). Meanwhile, cluster 1 had a significantly lower TIDE score than cluster 2 (Figure 6J). In the prediction of immunotherapy, there were 119/235 (50.6%) responders in the cluster 1, while there were only 26/155 (16.7%) responders in cluster 2 (Figure 6K). All results of TIDE analysis supported that patients in the cluster 1 were more likely to benefit from immunotherapy. The correlation between endothelial cell and immunotherapy was evaluated by TIDE (Supplementary Figure 1).






Discussion

In contrast to endothelial cells surrounded by pericytes in nonmalignant tissues, endothelial cells in the tumor vasculature have lower pericyte coverage and loose and leaky inter-endothelial cell junctions (8). Within tumor locations, This deficiency leads to hypoxia and insufficient nutrient supply (9). Furthermore, in the BC microenvironment, endothelial cells can induce poor prognosis by releasing von Willebrand Factor (VWF) (10). Given the important role of endothelial cells in the tumor microenvironment, we orchestrated molecular subtypes and identified key genes for BC from the perspective of endothelial cells, laying the possibility for developments in precision medicine. In this study, for the first time, we were able to classifiy and identify distinctly prognosis-related molecular subtypes at the genetic level by integrating single-cell and bulk RNA sequencing data. Meanwhile, we explored the correlation between the clusters and immunotherapy.

Cytokine-like protein 1 (CYTL1), located on human chromosome 4p15-p16, is a protein coding gene, which has proangiogenic effects via promoting sprouting and vessel formation (19, 20). Family with sequence similarity 43 member A (FAM43A) is a protein coding gene and can predict the prognosis of triple-negative breast cancer (21). Heparan Sulfate Proteoglycan 2 (HSPG2), encoding the perlecan protein, has an anti-angiogenesis effect and interacts with VEGFR2 on the surface of endothelial cells (22, 23). Retinol Binding Protein 7 (RBP7) can promote the migration and invasion of colon cancer cells (24). Transcription factor 4 (TCF4), a member of the helix–loop–helix (bHLH) transcription factor family, is upregulated in BC tissues and may serve as a predictor for BC patients (25). These results indicated that these five genes were involved in the function of endothelial cells in the tumor microenvironment or in the development of BC.

When stimulated by BC cell-derived small extracellular vesicles, endothelial cells can enhance O-GlcNAcylation to promote angiogenesis in BC tissues (26). Furthermore, endothelial cells can be activated by interleukin (IL)-1 to facilitate BC progression and dissemination (27). Using CD34 as a marker for endothelial cells, three studies confirm that endothelial cells can predict prognosis in BC patients (28–30). These results indicate that endothelial cells can significantly influence the development of BC. Consistent with the aforementioned literature, in our study, patients with high endothelial cell infiltration were statistically associated with worse OS than those with low endothelial cell infiltration according to the results of EPIC in the TCGA dataset. This result might be due to endothelial cell-induced tumor progression and metastasis. In the ERC, patients in the cluster 2 were positively correlated with endothelial cell infiltration and had considerably poorer OS, which was consistent with previous studies. Meanwhile, patients with BC appeared to benefit independently from the ERC. Hence, we propose that ERC may be able to forecast patients with BC’s prognosis.

According to the functional analysis’s findings, the ERC was enriched particularly rich in metabolic, endothelial-related and metabolism-related pathways. Meanwhile, the results of endothelial cell enrichment were congruent with the results of ERC, suggesting that the ERC was genuinely built on endothelial-related genes. The GO results, including collagen-containing extracellular matrix and intermediate filaments, revealed that ERC was associated with endothelial cells. GSEA of enriched pathways, including fatty acid metabolism, arachidonic acid metabolism, and peroxisomal lipid metabolism, identified the ERC was involved in the regulation of metabolism. In accordance with the present results, previous studies have demonstrated that BC cells’ metabolism is rewired as a result of hypoxia caused by endothelial cells in the tumor vasculature, which increases the invasive capabilities of the cells (13). The interaction protein FGF7 is expressed only by epithelial cells, indicating that the constructed ERC genes were closely related to endothelial cells. Another interaction protein, HOXB13, could participate in various immune-associated processes, which was consistent with the functional results of the ERC.

We explored the correlation between the ERC and immune analysis due to both functional analysis and interaction proteins which indicated that the cluster was involved in immune-related processes. In immune checkpoints, cluster 2 was positively associated with the expression of numerous genes, such as CD274, CTLA4 and PDCD13, while only SIGLEC15 was highly expressed in the cluster 1. Due to the current controversy about the expression of immune checkpoints in BC and their predictive value for immunotherapy response, we were unable to make any recommendations on which cluster was more likely to benefit from immunotherapy (31). Only the fact that the clusters were at least different is known. Therefore, we assessed and compared the infiltrating cells between the clusters. Samples in the cluster 1 had a statistically significant increase in CD4+ T cells and NK-cell infiltration. CD4 T cells can enhance antitumor immunity by inhibiting angiogenesis (32). NK cells are suppressed in a hypoxic environment (33). This might have caused the high NK-cell infiltration in the cluster 1. Furthermore, high NK-cell infiltration was associated with a better immunotherapy response than low NK-cell infiltration (33). There was no discernible change in CD8 + T cell infiltration between the cluster 1 and cluster 2. This phenomenon might be explained by the results of TIDE analysis. The T cells in the cluster 2 were substantially related with a higher proportion of exclusion and dysfunction than T cells in the cluster 1. As we know, T cells with sufficient function are the cornerstone of immunotherapy response. Therefore, these results suggested that although the absolute number of CD8 + T cells in the clusters was equal, the cluster 1 might has more sufficient functional CD8 + T cell infiltration. Furthermore, in the cluster 2, more B cells infiltrated this cluster. Exhausted or dysfunctional CD8+ and CD4+ T cells are frequently programmed to solicit B-cell help in the face of tumor persistence (34). This fact might explain why the cluster 2 had more B-cell infiltration and identified the presumption that the cluster 1 might has more sufficient functional CD8 + T cell infiltration. Therefore, we hypothesized that the cluster 1 would be more likely to benefit from immunotherapy. Then, to further pinpoint the possibilities, we calculated and compared the TMB score between the two clusters. The mean TMB score of cluster 1 was substantially higher than that of cluster 2. A high TMB score was positively associated with the immunotherapy response rate, which also supported our hypotheses (35). Inadequate nutrient supply and hypoxia caused by inadequate nutrient supply and hypoxia promote enrichment of cancer stem cells (12, 36). Thus, we assessed the cancer stem cells in the two clusters by the mRNAsi score. A high mRNAsi score was positively associated with the immunotherapy response rate (17). Cluster 1 had a statistically higher mRNAsi score than cluster 2, which also supported that patients in the cluster 1 were more likely to benefit from immunotherapy. Given the results of TMB and mRNAsi, patients with high microsatellite instability (MSI) scores could benefit more from immunotherapy (35). The comparison results of the MSI Expr Sig score between the clusters supported that patients in the cluster 1 were more likely to benefit from immunotherapy. Notably, cluster 2 was positively related to T-cell exclusion and dysfunction. This result might explain why patients in the cluster 1 were more likely to respond favorably to immunotherapy, despite the fact that CD8+ T-cell infiltration between the two clusters. Furthermore, cluster 1 outperformed cluster 2 in terms of TIDE score, which indicated that cluster 1 might have a higher response rate than cluster 2. As a result, we displayed the response rate of these two clusters in Figure 6K. The results showed that 50.6% (119/235) of patients in the cluster 1 responded to immunotherapy, while the response rate in the cluster 2 decreased to 16.7% (26/155). According to these results, we might infer that patients in the cluster 1 were more likely to benefit from immunotherapy. Naturally, more in vivo and in vitro research on this discovery is required.

In the era of precision medicine, how to treat patients effectively, quickly, and affordably is a key concern. In this investigation, we identified molecular subtypes that could well predict the pathogenesis of individual patients with BC and predict the response to immunotherapy. In this approach, timely warning can be given from a clinical perspective before the dilemma of insufficient treatment and poor prognosis in patients with BC.





Conclusion

In this study, we classified and identified distinctly prognosis-related molecular subtypes and key genes from the perspective of endothelial cells at the genetic level by integrating single-cell and bulk RNA sequencing data, primarily to provide a roadmap for precision medicine.
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Purpose

Bladder cancer (BLCA) is one of the most frequently diagnosed urological malignancies and is the 4th most common cancer in men worldwide. Molecular targets expressed in bladder cancer (BLCA) are usually used for developing targeted drug treatments. However, poor prognosis and poor immunotherapy efficacy remain major challenges for BLCA. Numerous studies have shown that long non-coding RNAs (LncRNAs) play an important role in the development of cancer. However, the role of lncRNAs related to inflammation in BLCA and their prognostic value remain unclear. Therefore, this study is aimed to explore new potential biomarkers that can predict cancer prognosis.





Methods

We downloaded BLCA-related RNA sequencing data from The Cancer Genome Atlas (TCGA) and searched for inflammation-related prognostic long non-coding RNAs (lncRNAs) by univariate Cox (uniCox) regression and co-expression analysis. We used the least absolute shrinkage and selection operator (LASSO) analysis to construct an inflammation-related lncRNA prognosis risk model. Samples were divided into high-risk score (HRS) group and low-risk score (LRS) group based on the median value of risk scores. The independent variable factors were identified by univariate Cox (uni-Cox) and multivariate Cox (multi-Cox) regression analyses, and receiver operating characteristic (ROC) curves were used to compare the role of different factors in predicting outcomes. Nomogram and Calibration Plot were generated by the R package rms to analyze whether the prediction results are correct and show good consistency. Correlation coefficients were calculated by Pearson analysis. The Kaplan-Meier method was used to assess the prognostic value. The expression of 7 lncRNAs related with inflammation was also confirmed by qRT-PCR in BLCA cell lines. Kyoto Encyclopedia of Gene and Genome (KEGG) pathways that were significantly enriched (P < 0.05) in each risk group were identified by the GSEA software. The R package pRRophetic was used to predict the IC50 of common chemotherapeutic agents. TIMER, XCELL, QUANTISEQ, MCPCOUNTER, EPIC and CIBERSORT were applied to quantify the relative proportions of infiltrating immune cells. We also used package ggpubr to evaluate TME scores and immune checkpoint activation in LRS and HRS populations. R package GSEABase was used to analyze the activity of immune cells or immune function. Different clusters of principal component analysis (PCA), t-distribution random neighborhood embedding (t-SNE), and Kaplan-Meier survival were analyzed using R package Rtsne’s. The R package ConsensesClusterPlus was used to class the inflammation-related lncRNAs.





Results

In this study, a model containing 7 inflammation-related lncRNAs was constructed. The calibration plot of the model was consistent with the prognosis prediction outcomes. The 1-, 3-, and 5-year ROC curve (AUC) were 0.699, 0.689, and 0.699, respectively. High-risk patients were enriched in lncRNAs related with tumor invasion and immunity, and had higher levels of immune cell infiltration and immune checkpoint activation. Hot tumors and cold tumors were effectively distinguished by clusters 2 and 3 and cluster 1, respectively, which indicated that hot tumors are more susceptible to immunotherapy.





Conclusion

Our study showed that inflammation-related LncRNAs are closely related with BLCA, and inflammation-related lncRNA can accurately predict patient prognosis and effectively differentiate between hot and cold tumors, thus improving individualized immunotherapy for BLCA patients. Therefore, this study provides an effective predictive model and a new therapeutic target for the prognosis and clinical treatment of BLCA, thus facilitating the development of individualized tumor therapy.





Keywords: bladder cancer, inflammation, lncRNA, prognosis, immune




1 Introduction

Bladder cancer (BLCA) is a common cancer with high morbidity and mortality rates worldwide. Most BLCA patients are often diagnosed in the late stages and lack effective treatments (1, 2). There were about 81,400 new BLCA cases and 17,980 BLCA deaths in the United States in 2020 alone. Due to the poor selectivity and side effects of traditional treatments, new treatment strategies are urgently needed for BCLA (3). Immunotherapy is increasingly used in the treatment of malignant tumors, particularly advanced BLCA. Although immunotherapy with immune checkpoint inhibitors (ICIs) can greatly increase the survival rate and duration of response, only a few patients respond to ICIs (4). Therefore, finding an effective immunotherapy for BCLA patients remains a key direction of research.

Previous studies have shown that many malignant tumors are caused by infection, which along with inflammation accounts for 25% of the causes of cancer (5, 6). Persistent infection during chronic inflammation can cause cell DNA damage and tissue damage and repair, leading to genomic changes and hence tumor development. Chronic inflammation is characterized by persistent neutrophil infiltration, which is also a feature of the tumor microenvironment (TME). Neutrophils can promote tumorigenesis by inhibiting adaptive immune responses in the TME (7). It has been reported that inflammation is the initiating factor for TME. Macrophages are important components of tumor immune cells and can promote tumorigenesis and tumor development (8). M1 macrophages promote type I immune response by secreting pro-inflammatory cytokines (9, 10), whereas M2 macrophages promote tumor progression by producing T helper 2 (Th2) cytokines (11, 12). Based on these findings, we hypothesize that inflammation-related genes may be potential molecular targets for BLCA treatment.

The role of long non-coding RNAs (lncRNAs) in cancer progression has been increasingly investigated in recent years. LncRNAs are > 200 bp in length and widely distributed throughout the genome. They play a key role in diverse biological and physiological processes, including epigenetic control, cell cycle regulation, and cell differentiation (13). LncRNAs have also been shown to be involved in inflammation-related diseases (14). The inflammatory TME is the key to most tumors progressing from controllable inflammation to uncontrollable inflammation. Therefore, inflammation-related lncRNAs may play a pivotal role in the transition to inflammatory TME during tumor development (15–17). According to research, LncRNA-PDPK2P promotes hepatocellular carcinoma (HCC) progression via the PDK1/Akt/Casepase-3 signaling pathway, and PDPK2P expression can be used as a prognostic marker for HCC (18). However, the role of inflammation-related lncRNAs in BCLA treatment is yet to be examined. Here, we investigated the effectiveness of inflammation-related lncRNAs in classifying cold and hot tumors to improve the efficacy of immunotherapy and provide potential biomarkers for the selection of immunotherapy in BLCA patients (19).




2 Materials and methods



2.1 Data collection

A workflow for this study is summarized in Figure 1. RNA-seq data and clinical characteristics were acquired from the TCGA (https://portal.gdc.cancer.gov/), including 19 normal bladder samples and 414 BLCA samples. Perl was used to combine the individual RNA-seq data by sample ID. A total of 14,056 lncRNAs were identified in the BLCA cohort. Patients with short or missing overall survival (OS; <30 days) were excluded.




Figure 1 | Study workflow.






2.2 Acquisition of inflammation-related lncRNAs

A total of 200 inflammation-related genes were downloaded from the Molecular Signatures Database (http://www.gsea-msigdb.org/gsea/index.jsp) (Supplementary Table 2). The correlation between the 14056 lncRNAs and the 200 inflammation-related genes in BLCA was determined using the Spearman approach (20). LncRNAs with a correlation coefficient of > 0.4 and P < 0.001 were defined as inflammation-related lncRNAs. Differentially expressed inflammation-related lncRNAs were identified by |log|FC| > 1 and P < 0.05 using the R package Limma.




2.3 Prognostic model construction and LASSO regression analysis

To determine the stability and accuracy of the prognosis, we analyzed the 1,041 inflammation-related lncRNAs by uniCox regression and removed overfitting variables using LASSO regression. A PRS model was constructed to accurately predict overall survival rate (OS) of BLCA samples. The ideal values for the penalty parameters were identified after 10 cross-validations to build the inflammation-related lncRNAs-based prognostic model (21). The 1-, 3-, and 5-year receiver operating characteristic (ROC) curves of the model were constructed. The risk score was calculated by: Risk score  , where expr (i) is the relative mRNA expression of the gene in every patient i, and coef (i) is the LASSO coefficient of the gene in every patient i. The median risk score was used to classify samples into low-risk score (LRS) and high-risk score (HRS) groups. We obtained 400 patients with pertinent clinical information and randomly divided them at 1:1 into the training and test groups using by “caret” package.




2.4 Independence factor analysis

Independent factors, including risk scores and clinical parameters, were analyzed by uniCox and multiCox regression analyses. ROC analysis was used to determine the predictive accuracy of each factor.




2.5 Construction of nomogram and calibration plot

Nomograms for the 1-, 3-, and 5-year OS rates were generated by the “rms” package based on the risk score and clinical parameters. A calibration plot was created to measure the consistency between the predicted outcome and the actual survival rate.




2.6 Functional enrichment analysis

Kyoto Encyclopedia of Gene and Genome (KEGG) pathways that were significantly enriched (P < 0.05) in each risk group were identified by the GSEA software (https://www.gsea-msigdb.org/gsea/login.jsp).




2.7 TME and immune checkpoints

The enrichment of immune cytokines in the HRS group were evaluated based on the GSEA results. To evaluate immune cell infiltration, correlations between risk scores and immune checkpoint molecule expression were determined by TIMER, EPIC, MCPcounter, QUANTISEQ, CIBERSORT, XCELL, and CIBERSORT. TME variations in each risk group were analyzed by Limma package and presented in a bubble chart. TME score and immune checkpoint activity were compared between the LRS and HRS groups by the “ggpubr” package.




2.8 Prediction of potential compounds for BLCA treatment

IC50 values of compounds were obtained from the Genomics of Drug Sensitivity in Cancer (GDSC) website (https://www.cancerrxgene.org/) to identify candidate drugs for BLCA treatment. Chemicals that may be used for BCLA treatment were predicted using the R packages pRRophetic, limma, ggpub, and ggplot2 (22).




2.9 Consensus clustering by seven inflammation-related prognostic lncRNAs

To study BLCA response to immunotherapy, BLCA patients were divided into subgroups by the “ConsensesClusterPlus” package, and the immunotherapy responses in these subgroups were determined based on the lncRNA expression levels. Principal component analysis (PCA), Kaplan–Meier estimation, and t-distributed stochastic neighbor embedding (t-SNE) were performed by the “Rtsne” package, and immunoassay and drug sensitivity analyses were performed by “Limma”, “scales”, and “pRRophetic” packages.




2.10 Cell culture

Sv-huc-1, T24, and 5637 cell lines were purchased from IMMOCELL (Xiamen, Fujian, China) and respectively cultured in DMEM-F12K medium, McCoy’s 5A medium, and RPMI-1640 medium containing 1% streptomycin-penicillin and 10% FBS (Gibco) at 37°C.




2.11 RNA extraction and qRT-PCR

Total RNA extraction was performed on the three cell lines using the RNA Isolation Kit (R6934-01, Omega Bio-Tek, USA) as per the manufacturer’s protocol. Total RNA concentration and purity were determined by absorbance readings at 260 nm with a spectrophotometer (Quawell UV Spectrophotometer Q3000). RNA was reversely transcribed into cDNA using the TOYOBO ReverTra Ace qPCR RT kit, and amplified by real-time PCR using the Bio-Rad CFX Manager system. Expression levels of AC068196.1, LNCAROD, MAP3K14-AS1, AC021321.1, LINC02256, NR2F1-AS1, and KCNQ1OT1 were calculated by the 2−ΔΔCq method (23). Primers are shown in Supplementary Table 1.




2.12 Statistic analysis

Spearman correlation analysis was employed to calculate correlation coefficients. Using the Kaplan–Meier method, the Cox regression model, and log-rank test, the prognostic value was evaluated. The Wilcoxon rank-sum test was utilized to compare the two groups. Three or more groups were compared by the Kruskal-Wallis test. Two-tailed P < 0.05 indicated significant difference.





3 Results



3.1 Identification of inflammation-related lncRNAs in BLCA

A workflow of this study is shown in Figure 1. The RNA-seq data of 433 samples, including 19 normal samples and 414 BCLA samples, and their corresponding 412 clinical files were analyzed. A total of 1,041 inflammation-related lncRNAs were identified through correlation analysis of the expression of 14,056 lncRNAs and the mRNA expression of 200 inflammation-related genes. 642 differentially expressed inflammation-related lncRNAs, including 515 upregulated and 127 downregulated lncRNAs, were identified (Figure 2A). The heatmap results revealed that BLCA patients could be clearly divided into two distinct groups (Figure 2B). The correlations between the 200 inflammation-related genes and 642 lncRNAs are shown in Figure 2C; Supplementary Table 3.




Figure 2 | Inflammation-related lncRNAs in BLCA patients. (A) Volcano plot of 642 differentially expressed lncRNAs. (B) Heatmap of the expression of 642 inflammation-related lnRNAs in normal samples and tumor samples. (C) Network between 200 inflammation-related genes and 642 lncRNAs.






3.2 Prognostic signature construction and validation

To prevent overfitting of the prognostic signature, We performed lasso regression on these lncRNAs and extracted 7 lncRNAs related to inflammation in BLCA, when the first-order value of Log(λ) was the least probable deviation (Figures 3A, B). We used the following formula to calculate the risk score: AC068196.1 × (-2.68949664829451) + LNCAROD × (0. 313548802975356) + MAP3K14-AS1 × (-0.936638242135287) + AC021321.1 × (-0.746810149653322) + LINC02256 × (1.412877497541) + NR2F1-AS1 × (0.563351996798577) + KCNQ1OT1 × (2.09002192071773) (24). 7 inflammation-related lncRNAs were markedly correlated with OS as determined by uniCox regression (all P < 0.05) and made a heatmap (Figures 3C, D). In addition, The Sankey diagram revealed that 7 lncRNAs were upregulated (Figure 3E). Furthermore, using the risk score formula, the distribution of risk scores, survival status, survival time, and the related expression criteria of these lncRNAs were compared between the LRS and HRS groups of patients in the train, test, and entire sets, which revealed that the patients in the high-risk group had low overall survival rate and worse prognosis (Figure 4).




Figure 3 | Construction of the 7 inflammation-related lncRNAs model.Cox regression analysis of inflammation-related lncRNAs in BLCA. (A) 10-fold cross-validation in the LASSO analysis. (B) LASSO coefficient profile of the 7 inflammation-related lncRNAs. (C) Univariate Cox regression analysis. (D) Heatmap of the expression profiles of 7 lncRNAs. (E) The Sankey diagram of inflammation genes and lncRNAs.






Figure 4 | Prognosis value of the 7 inflammation-related lncRNAs model in the train, test, and entire sets. (A–C) Kaplan–Meier survival curves of patients in the train, test, and entire datasets, respectively. (D-F) Survival time and status in the train, test, and entire datasets, respectively. (G–I) Inflammation-related lncRNAs model based on risk scores of the train, test, and entire datasets, respectively. (J–L) Heatmaps of the expression of the 7 lncRNAs in the train, test, and entire sets, respectively.






3.3 LncRNA expression in BCLA cell lines

Furthermore, we validated expression of the 7 inflammation-related lncRNAs in the normal bladder cell (SV-HUC-1), and BLCA cells (T24 and 5637) by qRT-PCR. The expression level of AC021321.1, AC068196.1 showed no difference between T24 cell line and SV-HUC-1. The expression level of LNCAROD, LINC02256, NR2F1-AS1, MAP3K14-AS1, and KCNQ1OT were significantly higher in the BLCA cell lines than in SV-HUC-1 cells (Figure 5).




Figure 5 | The mRNA expression levels of 7 lncRNAs in two bladder cancer cell lines by qRT-PCR. (A) AC068196.1; (B) LINC02256; (C) KCNQ1OT1; (D) AC021321.1; (E) MAP3K14-AS1; (F) NR2F1-AS1; (G) LNCAROD. *p < 0.05, **p < 0.01, and ***p < 0.001. ns, not statistically significant.






3.4 Cox analysis and nomogram construction

UniCox regression revealed significant differences in risk scores (HR=1.051 and 95%CI [1.034-1.067], P < 0.001), age (HR=1.030, 95%CI [1.014-1.047], P < 0.001) and stage (HR=1.675, 95%CI [1.372-2. 044]; P < 0.001) (Figure 6A). MultiCox regression also showed significant differences in risk scores (HR=1.048 and 95%CI [1.031-1. 065], P < 0.001), age (HR=1.030 and 95%CI [1.014-1.047], P < 0.001) and stage (HR=1.675 and 95%CI [1.372-2.044], P < 0.001) (Figure 6B), indicating that risk score, age, and stage were three independent prognostic factors for BCLA. Furthermore, the ROC AUC of the 1-, 3-, and 5-year OS rates was 0.699, 0.689, and 0.699, respectively, which demonstrated that the constructed model accurately predicted the OS rate of BLCA patients (Figure 6C). By combining the results of the constructed model with clinical traits, it was revealed that the risk score has a significantly higher AUC than other clinical traits, indicating that risk score was superior to other clinical traits in OS prediction for BLCA patients (Figure 6D). OS rates of stages I-II and stages III-IV BLCA patients were significantly lower in the HRS group than in the LRS group (Figures 6E, F). It indicated that patients with different staging had significantly lower survival rates in the HRS group than in the LRS group. A nomogram was further constructed to predict the 1-, 3-, and 5- year OS of BCLA patients (Figure 6G), We also utilized the 1-, 3-, and 5-year calibration plots to attest that the nomogram had a good concordance with the prediction of 1-,3-, and 5-year OS (Figure 6H).




Figure 6 | Univariate Cox and multivariate Cox regression analyses and nomogram construction. (A, B) Univariate Cox (A) and multivariate Cox (B) analyses of clinical factors and risk score for prediction of overall survival. (C, D) 1-, 3-, and 5-year ROC curves of risk score and clinical characteristics. (E, F) Kaplan–Meier survival curves of patients in the stage I-II and stage III-IV groups, respectively. (G) 1-, 3-, and 5-year overall survival predicted by the nomogram integrating risk score, age, and tumor staging. (H) Calibration curves for 1-, 3-, and 5-year overall survival.






3.5 GSEA

In order to study the differences in biological functions between risk groups, we used GSEA software to explore HRS groups across the entire set KEGG pathway. The GSEA of the HRS group showed that the majority of the top 10 enriched KEGG pathways were related with tumor immunity and invasion, including “chemokine signal pathway” and “leukocyte transendothelial migration” (Figure 7; Supplementary Figure 1). Therefore, we attempted to perform immune analysis in the model.




Figure 7 | Enrichment of immune cytokines in the top 10 pathways in the high-risk group.






3.6 Immune cell and drug sensitivity analyses

Immune cell bubble plots showed that more immune cells are related with HRS populations on different databases (Figure 8A). The correlation of immune cells calculated on different platforms indicated that the risk score was positively correlated with Neutrophil TIMER, Myeloid dendritic cell_TIMER, Monocyte_XCELL, Macrophage M1_QUANTISEQ, T cell CD8+_TIMER, and Macrophage M1_XCELL, Macrophage_XCELL (P < 0.05) (Figure 8B; Supplementary Table 4). ssGSEA revealed higher relative frequency of immune cells and better immune functions in the HRS group than in the LRS group (Figures 8C, D). The HRS group had higher immune cell scores, stromal cell scores, and ESTIMATE scores, indicating greater immune cell infiltration (Figure 9A). It was also found that both immune cell infiltration and ICI activation were higher in the HRS group (Figure 9B) (25). We can select appropriate checkpoint inhibitors for BLCA patients who can be grouped according to risk patterns. The IC50 values of nine immunotherapeutic, chemical, and targeted agents, such as AUY922 and BMS.509744, were lower in the HRS group, demonstrating that the HRS group responded better to these treatments (Figure 10).




Figure 8 | Investigation of tumor immune factors. (A) The immune cell bubble of risk groups. (B) The correlation between risk score and immune cells. (C, D) Relative frequency of immune cells and immunological activities assessed using ssGSE. *p < 0.05, **p < 0.01, and ***p < 0.001.






Figure 9 | Investigation of tumor immunotherapy. (A) Comparison of immune scores between low-risk and high-risk groups. (B) Expression of 18 immune checkpoints in different risk groups. *p<0.05, **p<0.01, and ***p<0.001.






Figure 10 | Immunotherapy response of risk groups. The IC50 values of 9 immunotherapeutic, chemical, or targeted agents used in the risk groups.






3.7 Consensus clustering and precision therapy

The patients were grouped into 3 clusters according to inflammation-related lncRNAs expression (Figure 11A) (26). The three clusters were clearly distinguished by PCA (Figure 11B) and t-SNE analysis (Figure 11C), and the two risk groups were distinctly separated by PCA (Figure 11D). The OS rate was higher in cluster 1 than in clusters 2 and 3 (P < 0.001) (Figure 11E), and most BLCA patients in cluster 1 belonged to the LRS group, while most BLCA patients in clusters 2 and 3 belonged to the HRS group (Figure 11F). The immune and stromal cell scores of cluster 3 were the highest among the three clusters, and the immune score of cluster 2 was higher than that of cluster 1, which was consistent with the results of the Sankey diagram, and indicated a greater extent of immune cell infiltration in the HRS group. In addition, our data showed that TME varied among different clusters (Figure 11G), and immune cell infiltration was greater in clusters 2 and 3 (Figure 12A; Supplementary Table 5). The expression of most ICIs decreased as cluster number increased (cluster 1 < cluster 2 < cluster 3), including IDO1, CD274 (PD-L1), HAVCR2 (TIM3), and LAG3 (Figure 12B), which were highly effective therapeutic targets for hot tumors. We then classified clusters 2 and 3 as “hot” tumors and cluster 1 as a “cold” tumor based on their TME and responses to immunotherapy (27). It was found that clusters 2 and 3 (hot tumors) were highly associated with cell infiltration and more sensitive to immunotherapy. By comparing drug sensitivity, we discovered that 14 immunotherapeutic, chemical, or targeted agents, including AUY922, had lower IC50 values in clusters 2 and 3 (Figure 12C; Supplementary Figure 2B), which indicated that hot tumors responded better to these treatments.




Figure 11 | Differences between cold and hot tumors. (A) Patients were divided into three clusters by ConsensusClusterPlus. (B) PCA of clusters. (C) t-SNE of the three clusters. (D) PCA of risk groups. (E) Kaplan–Meier survival curves of each cluster. (F) The Sankey diagram of risk groups. (G) Comparison of immune scores among clusters 1–3.






Figure 12 | Prediction of immunotherapy efficacy. (A) Heatmap of immune cells in each cluster. (B) Differences in the expression of 18 immune checkpoints among the 3 clusters. (C) Immunotherapeutic agents that showed significantly different IC50 among the 3 clusters. *p<0.05, **p<0.01, and ***p<0.001.







4 Discussions

At present, BLCA is still a major global health concern, with a prevalence of about 500 to 50,000 new cases each year (28). BLCA is a highly differentiated cancer with a poor prognosis (29), and the 5-year OS rate for all BLCA stages is still less than 20% (30). Once the tumor reaches the locally advanced or metastatic stage, conventional chemotherapy treatments for BLCA are no longer effective (31). There is an urgent need for new diagnostic and therapeutic methods to assess the prognosis of bladder cancer and to provide guidance for individualized clinical treatment. Clinical biomarkers of urine in liquid biopsies have been shown to be useful in the diagnosis and prognosis of bladder cancer. Urine is easy to obtain, does not require special patient compliance, and has a simple composition, making it highly useful for clinical practice (32). In addition, ICIs have demonstrated to be effective treatments for BLCA and other malignant tumors. However, only a small number of patients have a lasting response to ICIs, and hence it is vital to identify more accurate response indicators to improve the efficacy of immunotherapy (33). Invasive tumors with high immune scores are known as “hot tumors”, whereas non-invasive tumors with low immune scores are known as “cold tumors”. For example, tumors with high expression of MHC class I and immune checkpoints are called “hot tumors”. However, ICIs are only effective for hot tumors and essentially ineffective for cold tumors (34). T cell targeted immunotherapy and other immunotherapeutic drugs can be used for the treatment of hot tumors. On the other hand, cold tumors, also known as immunosuppressive tumors, are difficult to be recognized by immune cells, resulting in fewer T cells infiltrating into and around the tumor (35, 36). CD8+ T cells are activated by tumor antigens and infiltrate the tumor. The application of anti-PD-1/PD-L1 antibodies can significantly enhance the efficacy of immunotherapy (34). In order to enhance anti-tumor immunity, immunotherapy alone is far from enough. Transforming cold tumors into hot tumors will be pivotal to improve the efficacy of immunotherapy (35).

In this study, we constructed a prognostic model using 7 inflammation-related lncRNAs. The new model classified patients into two groups, namely the HRS group and the LRS group, which were then subjected to Kaplan-Meier analysis, ROC analysis, GSEA analysis, and IC50 prediction. Our results showed that the risk group can serve as a guide for clinical evaluation and prognosis prediction, but cannot effectively distinguish hot tumors from cold tumors. We also observed that BCLA patients can be divided into different subtypes based on gene expression clustering. Each tumor subtype has a different TME, prognosis, and immune response (27). By dividing these lncRNAs into three groups through consensus clustering, we observed that cluster 1 had less CD8+ T cell infiltration and an immunosuppressive TME, while clusters 2 and 3 had greater CD8+ T infiltration, an increased immune score, and PD-L1, LAG3, and TIM3 expression. Therefore, we identified clusters 2 and 3 as “hot tumors” which are more susceptible to immunotherapy drugs (26, 35). It is known that immunotherapy such as anti-programmed death ligand (PD-L)1/PD-1 therapy is more effective for hot tumors. In order to achieve a better tumor response to immunotherapy, various studies have investigated the means of transforming cold tumors into hot tumors (37, 38). Our findings demonstrated that inflammation-related lncRNAs not only serve as prognostic markers that effectively differentiate between cold and hot tumors, but also provide a theoretical basis for individualized BCLA treatment.

Inflammation is an immune response to infection, trauma, or other stressors, and is crucial for maintaining overall health (39). Chronic inflammation can increase the risk of cancer and promote cancer growth by inducing tumorigenesis, progression, and metastasis (40). A growing number of studies have shown that tumorigenesis may be driven by an inflammatory TME, especially in gastric cancer (41), glioma (42), and colorectal cancer (43, 44). Therefore, inflammation may be a contributing factor to BCLA progression. We generated a 7 lncRNA-based risk marker to explore its correlation with BLCA. The functional roles of some of these selected lncRNAs in cancer progression have been reported in several studies. Jia et al. (45) found that LNCAROD is involved in tumor malignancy and chemoresistance, especially in a hypoxic microenvironment, by increasing PKM2 levels and ultimately aerobic glycolysis in cancer cells. Kuang et al. (46) reported that the lncRNA MAP3K14-AS1 has a prognostic marker for BLCA. Luo et al. (47) showed that NR2F1-AS1 can modulate cancer cell proliferation, invasion, migration, apoptosis, cell cycle, and glycolysis via various mechanisms, and is aberrantly expressed in numerous malignancies, which suggests that NR2F1-AS1 may be a potential therapeutic target and prognostic marker for cancer. He et al. (48) demonstrated that KCNQ1OT1 can recruit DNA methyltransferases to the EIF2B5 promoter to downregulate EIF2B5 expression and thereby promote ovarian cancer metastasis.

We calculated individual AUC values for ROC to obtain the most accurate model and the optimal cut-off point for distinguishing HRS and LRS BLCA patients. Kaplan-Meier analysis showed significantly shorter survival in the HRS group. Surprisingly, it was found that risk scores were related with BCLA staging. Furthermore, risk scores were significantly higher in high-grade BLCA patients than in low-grade BLCA patients, and were consistent with prognosis. As a result, we constructed a nomogram that integrates these characteristics to generate accurate predictions of clinical outcomes.

The GSEA of differentially expressed genes (DEGs) between the HRS and LRS groups showed that DEGs in the HRS group were significantly related with the chemokine signal pathway, leukocyte transendothelial migration, extracellular matrix (ECM) receptor signaling, and adherens junction, which are highly correlated with tumor invasion. Moreover, we also calculated the chemosensitivity of patients based on the IC50 value and screened for candidate small-molecule compounds.

Previous studies have shown that circulating tumor cells play an important role in tumor development and metastasis, and are closely related with survival of BLCA patients. Detection of circulating tumor cells can help assess the prognosis of BLCA patients and guide individualized clinical treatment (49).

Similarly, these inflammation-related lncRNAs can not only be used as prognostic predictors for BLCA prognosis but also provide guidance for clinical drug use, which was helpful for further experimental research and a better understanding of BLCA pathogenesis. However, this study also has several limitations. The risk assessment data of our lncRNAs originated from a public database, and there is a lack of more external transcriptome information to verify the role of these inflammation-related lncRNAs in BLCA. The specific molecular mechanism of inflammation-related lncRNAs in BLCA is not clear, and hence further studies are needed. On the other hand, heterogeneity among the normal and tumor samples may affect the accuracy of the data analysis. However, the construction of this model only requires tumor samples with clinical information, so it may not affect the accuracy of inflammation-related lncRNAs in predicting BLCA risk. The immune cell results were calculated using different platforms, which can be regarded as an external verification. Collectively, our findings may open new avenues for finding suitable treatment alternatives for BLCA patients, and our model is feasible for future exploration of BCLA pathogenesis and clinical guidance in BCLA treatment. Since both lncRNAs and inflammatory signaling pathways are involved in the progression of tumor cells (50), further understanding of their molecular mechanisms will improve treatment efficacy and reduce treatment-related toxicities in BCLA patients.




5 Conclusions

In summary, this study provides a valid model for prognosis prediction and clinical management of BLCA patients, thus providing a reference for the development of individualized tumor therapy. Risk scores can predict the sensitivity of patients to chemotherapy. Inflammation-related lncRNAs can predict prognosis by identifying hot and cold tumors, and provide therapeutic strategies, which will greatly improve the individualized therapy and patient prognosis. Understanding the mechanisms of inflammation-related lncRNAs in BLCA may provide new insights to treatment strategies for BCLA and other cancers.
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Bladder cancer is a complex disease with variable prognosis. Recent investigations into the molecular landscape of bladder cancer have revealed frequent genetic alterations and molecular subtypes with therapeutic implications. Consequently, a shift toward personalized treatment of bladder cancer is underway. To this end, several biomarkers have been developed and tested in their ability to predict response to treatment in patients with bladder cancer and potentially help direct therapy. We performed a search of recently published PubMed articles using terms “biomarker,” “bladder cancer,” and the respective treatment discussed (i.e., “neoadjuvant” or “BCG”). In this review, we summarize the latest studies on novel biomarkers in bladder cancer with a focus on those intended to improve risk stratification and treatment selection.
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1 Introduction

Bladder cancer (BC) is the most common malignancy of the urogenital tract. More than 1.6 million people are living with BC worldwide. Over 80,000 new cases and 17,000 deaths are expected in the United States alone in 2022 (1). At initial diagnosis, approximately 75% of people have non-muscle invasive bladder cancer (NMIBC), with the remainder having muscle invasive bladder cancer (MIBC) or metastatic disease (2). In addition to personal cost, BC incurs a significant healthcare cost. BC has the highest lifetime treatment costs per patient of any cancer (3). These costs are amplified by the high recurrence and progression rates of NMIBC (4).

The treatment of BC is complex and outcomes are varied. Treatments for both NMIBC and MIBC are based on clinical and histopathologic information. However, only a subset of patients derive benefit from these treatments. Robust biomarkers are needed to manage patients with both NMIBC and MIBC. In the United States, no biomarker is has gained Food and Drug Administration (FDA) approval for use in therapeutic decision making and none are widely used in clinical practice.

This situation underscores the need to develop and validate biomarkers to help direct BC treatment. Prognostic markers can have implications for surveillance schedules and early intervention. When intervention is needed, predictive biomarkers can personalize treatment decisions by helping to identify those who would benefit most.

The European Association of Urology’s (EAU) 2022 guidelines note that evidence is still insufficient to routinely incorporate biomarkers such as molecular subtype or gene signatures into the clinical management of BC; however, several markers predictive of treatment response are acknowledged (5). The most recent version of the EUA guidelines, as well as those from the American Urological Association (AUA) and the National Comprehensive Cancer Network (NCCN) acknowledge particular circumstances in which the use of urinary biomarkers may be considered, indicating a growing body of evidence into the reliability of such markers (5–7).

In order to review the current evidence on promising new biomarkers, we performed a PubMed search using terms “biomarker,” and “bladder cancer,” or “bladder tumor,” and the respective treatment discussed (i.e., “neoadjuvant” or “BCG”), limited to terms appearing in the abstract or title to ensure that biomarkers in bladder cancer treatment was the primary topic of investigation. Articles published in the last 20 years were included in our initial review. Figure 1 details our inclusion criteria for manuscripts selected for review in full. Articles describing novel biomarkers with high predictive potential were preferentially included, as well as validation studies of such biomarkers. We also included highly referenced systematic reviews where appropriate. In this article, we provide a review focusing on novel developments in predictive biomarkers in NMIBC and MIBC.




Figure 1 | Diagram of search results and inclusion criteria.






2 Non-muscle invasive bladder cancer

Approximately 75% of BC cases present as NMIBC, which includes superficial mucosal lesions (pTa), lamina propria invasion (pT1) and carcinoma in-situ (CIS) (2). The EAU guidelines risk-stratify patients with NMIBC into low, intermediate, or high risk based on the probability of disease progression (5). A combination of clinical and histopathological risk factors are used to determine a patient’s risk group. Currently, these are the only widely adopted predictive factors. In patients with intermediate and high-risk tumors, intravesical instillation of bacillus calmette guerin (BCG) after transurethral resection (TUR) reduces tumor recurrence and has been shown more effective than TUR and chemotherapy. Patients are maintained on a schedule of BCG instillation for 1-3 years depending on risk and provided that they demonstrate response. Despite treatment, 31-78% of patients will experience recurrence, and 1-40% will progress to muscle invasive disease at five years (8). The high rate of failure underscores the need for improved means of risk stratification.

Furthermore, 30% of patients experience some degree of systemic side effects, and many discontinue treatment (9). Therapy failure, tumor progression, and recurrence represent major challenges in the management of NMIBC. In cases which progress to MIBC without metastasis or lymph node invasion, cystectomy is the treatment of choice for appropriate surgical candidates. Evidence suggests that early cystectomy in high-risk NMIBC confers a cancer-specific survival advantage, while deferred cystectomy is associated with worse oncologic outcomes (10, 11). Biomarkers are needed to better identify patients at risk of recurrence or progression, and patients less likely to respond to BCG treatment.



2.1 Potential predictive biomarkers for BCG treatment



2.1.1 Immune response and inflammatory markers

The mechanism of action of BCG is incompletely understood but is thought to involve local destruction of tumor cells as well as activation of the immune response and recruitment of inflammatory cells (12). Many steps in the pathway of immune response activation by BCG have been described. BCG attaches to fibronectin on the surface of urothelial cells before being internalized into the cell (13). Following internalization into the cell, BCG antigens are loaded onto major histocompatibility complex (MHC) II molecules and subsequently presented on the surface of urothelial cells where they are recognized by cluster of differentiation (CD) 4 cells, invoking at response by T helper-1 (Th-1) cells and inducing the release of interleukins (IL)-2, IL-12, interferon (IFN)- γ, and tumor necrosis factor (TNF)- β. This leads to recruitment of natural killer (NK) cells and cytotoxic T lymphocytes (CTLs) (14). These steps in the activation pathway point to potential immune and inflammatory biomarkers for predicting response to BCG. Table 1 provides a summary of original studies in biomarkers predictive of BCG response or outcomes after BCG treatment.


Table 1 | Biomarkers predictive of outcomes after BCG treatment.



Because of their role as immune mediators, cytokines have been investigated as predictive biomarkers of BCG response. Urinary cytokine levels appear to increase during BCG treatment and are associated with survival outcomes and recurrence (22, 23). This implicates cytokines as potential non-invasive biomarkers, though further studies are needed to determine predictive combinations. In a study of 50 patients with high and intermediate risk NMIBC, Salmasi et al. measured urinary cytokine levels prior to BCG instillation and at interval time points throughout treatment. The authors found that the percent change of cytokines IL18BPa, IL23, IP10, and IL8 from baseline to 13 weeks was predictive of treatment response. Additionally, higher levels of urinary sex hormone binding globulin (SHBG) and lower urinary IFN-inducible T-cell α chemoattractant (ITAC) at 13 weeks predicted poor failure-free survival (15). Similarly, in a study of 20 patients with CIS, Watanabe et al. measured cytokine levels after the first and eighth instillation of BCG (17). Urinary IL-2 level at the later instillation was found to be independently associated with BCG response.

The ability to predict response early in the course of treatment is certainly important to distinguish those patients who are unlikely to benefit from further treatment. However, given that BCG treatment is not without side effects, biomarkers that can predict response prior to the first BCG instillation hold even greater clinical value. Cai et al. explored the pre-treatment ratio of IL-6, a T-cell growth and B-cell differentiation mediator, to IL-10 a known immune dysregulator, as a predictor of BCG response (16). The authors found that a higher (>0.10) IL-6/IL-10 ratio was associated with a lower recurrence rate. In a study of 64 patients with NMIBC, Murakami et al. tested the predictive ability of the commercially available urine-based diagnostic test Oncuria™ which measures 10 biomarkers associated with malignancy (18). The study found that pre-treatment levels of nine of these markers were associated with recurrence after completion of BCG treatment, with a sensitivity of 82% and specificity of 85%. These results have been subsequently validated in additional patients. This study suggests that contemporary investigation of biomarkers predictive of BCG response can take advantage of the clinical tests we already have. Indeed, Oncuria has recently gained FDA breakthrough designation as well as Conformite Europeenne (CE) marking in the EU (24). Based on these results, a multi-center phase 3 clinical trial of Oncuria as a predictive assay BCG treatment is underway (25).

UroVysion is another commercially available urine-based fluorescence in situ hybridization (FISH) assay with FDA approval for use in the diagnosis and surveillance of bladder cancer. Studies have evaluated the possibility of using a positive UroVysion analysis after the BCG induction cycle to predict poor response to BCG therapy and serve as an indicator of recurrence and progression (26). UroVysion has an advantage over singleplex protein-based markers and cytology due to its lower susceptibility to inflammatory influences and is therefore mentioned by the AUA guidelines as a possible tool to assess response to intravesical therapy (6). However, in a validation study in the same context, the test performance proved inadequate to guide decision making in an individual patient (27).

Several studies have described high neutrophil-to-lymphocyte ratio (NLR) as a prognostic factor for recurrence and progression in patients with NMIBC (28). A metanalysis by Vartolomei et al. examined six studies involving a total of 2,298 patients with various grades of NMIBC. Not only was high pre-treatment NLR found to be associated with worse recurrence-free survival, but in three studies, high NLR was also associated with decreased progression-free survival (PFS) in patients with high-risk NMBIC treated with BCG (29). Adamkiewicz et al. examined lymphocyte-to-monocyte ratio (LMR) in addition to NLR in patients undergoing BCG therapy and found LMR to be more predictive of progression after BCG (19). In summary, although urinary cytokine levels and peripheral immune cell ratios require further validation as prognostic markers, they represent potential for low-cost, non-invasive methods of determining response to BCG and selecting patients for early surgical intervention.




2.1.2 Single gene/protein markers

Early studies focused on identifying a specific gene or gene product that was associated with disease outcomes. Typically these gene products had previously been implicated in the pathogenesis of other malignancies. Human epidermal growth factor receptor 2 (HER2), for instance, is an established prognostic factor in breast cancer. In comparing patients with low grade NMIBC, high grade (HG) NMIBC and papillary urothelial neoplasms of low malignant potential, Chen et al. found that HER2 amplification in a subset of HG-NMIBC patients was associated with aggressive tumor behavior (30). In a study of patients with T1G3 NMIBC treated with transurethral resection of bladder tumor (TURBT) alone or TURBT + BCG, Cormio et al. found overexpression of HER2 to be a stronger predictor of disease-free survival (DFS) and PFS than BCG treatment (31).

Fibroblast growth factor receptor (FGFR) alterations are seen in many types of cancer. FGFR3 is involved in pathways of cell growth, cellular differentiation, and angiogenesis. Studies on the prognostic value of FGFR3 in NMIBC have discordant findings. In a study of 80 patients with T1 disease, Sikic et al. found high expressions of FGFR3 to be associated with increased risk of recurrence (HR=3.78) but improved overall survival (OS) (HR=0.50) (32). Hernandez et al. found no association between FGFR3 and survival or recurrence in a sample of patients with T1G3 disease (33). Subsequent studies of FGFR3 as a single predictor (or in combination with another biomarker) of outcomes after BCG have failed to demonstrate statistical significance (34).

Although several early studies explored the potential of single prognostic and predictive biomarkers, results varied and large validation studies were lacking. Contemporary research has largely moved away from single biomarkers, favoring the discovery and validation of diagnostic signatures instead.




2.1.3 Molecular subtypes and implications for NMIBC

Molecular subtypes of MIBC have been described and appear to affect response to therapy (35, 36). Similarly, recent studies classifying NMIBC into different molecular subtypes based on gene expression patterns have revealed implications for BCG response (37). De Jeong et al. performed molecular profiling of 132 BCG-naïve patients with high risk NMIBC and 44 patients with post-BCG recurrence and identified three distinct BCG response subtypes associated with differences in PFS and recurrence. The molecular subtype associated with the worst PFS and recurrence, termed BCG response subtype 3 (BRS3), was found to have overexpression of immunosuppressive genes, including PD-1/PD-L1 and chemokines, as well as overexpression of basal and epithelial-to-mesenchymal transition (EMT) activation markers. PFS in this cohort was 61%, compared to 78% and 83% in the other two molecular subtypes (20). Kim et al. similarly identified three molecular subtypes exhibiting distinct prognostic features (21). One subtype, termed DP.BCG+ showed worse PFS, even though the patients responded to BCG. Another subtype, REC.BCG+, showed worse recurrence-free survival (RFS) but also responded to BCG. Each subtype had at least three pathways whose activations were distinctly associated with that subtype. These studies provides further evidence that gene-based prognostic markers can be used to subclassify patients with NMIBC into prognostic and predictive subgroups, and also suggests specific pathways that may be implicated in progression and recurrence.

The development of massively parallel sequencing (or NGS) has dramatically changed our ability to detect genetic variations in malignant cells. Whereas traditional methods of genome and transcriptome analysis allowed for the interrogation of just a few candidate genes at a time, NGS has enabled genome-wide profiling as well as comprehensive transcriptome analysis including mRNA and non-coding RNA. Recently, next-generation sequencing (NGS) has been used to identify gene alterations in recurrent NMIBC that may correlate with response to BCG. Pietzak et al. performed NGS of 105 BCG-naïve patients with NMIBC. The authors identified alterations in ERBB2 or FGFR3 (mutually exclusive) present in the majority of high-grade tumors (57%) (38). Alterations in a chromatin-modifying gene, ARID1A, were significantly associated with an increased risk of recurrence after BCG [hazard ratio (HR) 3.14]. In a study using NGS of urine cytology from patients with high risk NMIBC, Scott et al. identified TERT, TP53, ERBB2 and chromatin remodeling genes KDM6A and ARID1A as the most frequently altered genes (39).

Epigenetic changes have also been implicated in BCG response. Agundez et al. analyzed the methylation status of 25 tumor suppressor genes in patients with T1G3 NMIBC treated with non-maintenance BCG and found gene combinations predictive of disease progression (40). In a retrospective study of 108 patients with NMIBC, absence of methylation on PMF-1, a gene involved in cellular proliferation, was associated with recurrence HR: 2.03 and progression (HR:2.91) (41). Furthermore, in multivariable analysis, the authors found that among PMF-1 methylation status and clinical and pathological factors of sex, age, focality, tumor size, and concomitant CIS, only PMF-1 methylation was significantly associated with recurrence and progression. Epigenetic changes may therefore serve as a more precise means of risk-stratifying patients with NMIBC than the clinical and histopathologic features currently used.

There is clearly potential for existing and newly identified molecular subtypes to stratify patients based on response likelihood. Similar potential exists in using genetic alterations and epigenetic signatures as biomarkers in this space. However, follow-up studies in larger and more diverse cohorts are needed to further explore the clinical applicability of these markers.






3 Muscle-invasive bladder cancer

Approximately 25% of patients with BC present with muscle-invasive disease. Among those with NMIBC, 7-40% will experience progression at five years (8). For patients with primary or secondary MIBC, definitive treatment is with neoadjuvant systemic chemotherapy followed by complete resection. Neoadjuvant immunotherapy has been introduced in recent years, and serves as an alternative treatment for those ineligible for chemotherapy. Even with definitive treatment, patients with MIBC have high rates of recurrence and progression, and neoadjuvant therapies only benefit a small proportion of patients. Given the variability in clinical benefit, and availability of new treatment options, clinical biomarkers are needed to help direct treatment decisions. Here we review predictive biomarkers for response to systemic therapy in MIBC.



3.1 Neoadjuvant chemotherapy

Cisplatin-based neoadjuvant chemotherapy (NAC) followed by radical cystectomy (RC) with pelvic lymph node dissection is the standard of care for patients with MIBC. The primary roles of NAC are to reduce tumor size to enable complete resection and to treat micrometastases and improve the risk of recurrence (42). Appropriate regimens include methotrexate, vinblastine, doxorubicin, cisplatin (MVAC) and gemcitabine, cisplatin (GC) (43). Although both EUA and NCCN guidelines recommend NAC, this treatment is underutilized, with only 20% of patients with MIBC in the United States receiving NAC (7, 44). Low clinical application may in part be due to high rates of cisplatin ineligibility, particularly in an elderly population, and limited clinical benefit (45, 46). In patients with MIBC, NAC confers a 9% disease-free survival benefit and 5% overall survival benefit over 5 years, compared to local treatment alone (47). However, only approximately 40% of patients with MIBC show pathologic response to NAC (<pT1, N0 at time of cystectomy) and survival benefit appears to be limited to those with pathologic response (43). In patients who do not respond to systemic therapy, treatment with NAC unnecessarily delays surgery, which can negatively impact prognosis. Identification of those who will benefit from NAC is therefore imperative to reduce inappropriate treatment and overall morbidity and to expedite local treatment for patients unlikely to respond. Biomarkers for response to NAC have the potential to dramatically improve patient selection. While no biomarker has yet gained widespread clinical use, several promising developments have been made in predictive markers of response to NAC.



3.1.1 New developments in molecular classification and their impact on MIBC treatment

There is substantial evidence to suggest that molecular differences among muscle-invasive bladder tumors impact response to treatment. Genomic profiling has dramatically improved our appreciation of the heterogeneity of BC and facilitated its classification into clinically meaningful molecular subtypes (48). Several molecular taxonomies for BC have been proposed over the years including a recent international consensus classification (Table 2) (49). The distinction between basal and luminal subtypes is recognized by all major bladder cancer taxonomies and their differing response to neoadjuvant treatment has been described in multiple studies (50). In a study of 269 patients receiving NAC, Seiler et al. reported that patients with luminal type tumors had the best overall survival regardless of NAC treatment, whereas patients with basal type tumors saw the greatest improvement with NAC compared to surgery alone (36). This differential benefit was later observed in a comparative study of 601 patients with MIBC, 40% of whom received NAC and 60% of whom underwent cystectomy alone. The authors found that non-luminal tumors had the highest benefit from NAC, with a 5-year overall survival benefit of 10%, compared to no significant survival benefit in those with luminal tumors (51). These data suggests that neoadjuvant chemotherapy may be most appropriate for patients with non-luminal BC subtypes.


Table 2 | Classification systems for bladder tumor subtypes.



NGS technology has allowed for a more granular classification system for BC. The Cancer Genome Atlas (TCGA; RRID : SCR_003193) project performed whole-exome and whole-genome sequencing on 131 bladder cancer specimens and later updated this sample to include a total of 412 patients (52, 53). Their analysis allowed for the stratification of bladder cancer into five mRNA-based subtypes: luminal-papillary, luminal-infiltrated, basal-squamous, luminal, and a previously undescribed neuronal subtype. Perhaps most exciting are the therapeutic implications of each subtype based on expression patterns. For instance, neuronal type tumors have high mutation rates in TP52 and RB1 genes, similar to other small cell neuroendocrine cancers (NEC); following the treatment pattern for other NECs, cisplatin-based therapy is suggested to be most appropriate for this subtype (54).

Gene expression profiling has yielded promising results toward a more personalized approach to MIBC treatment. For example, in a randomized Phase 2 trial (SWOG S1314), patients with MIBC were randomized to dose-dense (dd)MVAC or GC (55, 56). The primary goal of the trial was to assess the utility of the Co-expression Extrapolation (COXEN) algorithm, a treatment-specific gene-expression model, in predicting favorable response to therapy. COXEN scores were determined for each of the two treatments (COXEN GC and COXEN ddMVAC). The authors found that, while the treatment-specific scores were not predictive of response, the COXEN GC score was associated with pathologic downstaging in a pooled analysis of patients. More recently, in a secondary analysis, the authors found that the COXEN GC score was a significant predictor of overall survival in the pooled arm (abstract, presented at the 2022 American Society of Clinical Oncology) (57). Though further studies are needed, these findings highlight the potential of gene-expression profiling to discover predictive biomarkers and help direct treatment in this time of increasing therapeutic options for MIBC.

Furthermore, tumoral RNA from 303 MIBC treated with NAC were queried for 10 mRNA; ANG, APOE, Serpine1, CA9, IL8, MMP9, MMP10, Serpina1, SDC1 and VEGA. This 10 gene panel (low expression vs. high expression of this signature) was able to predict recurrence free survival HR = 2.05 (1.19-3.52), p = 0.0118 (58).

In three studies, immunohistochemistry (IHC)-based or mRNA-based biomarkers were associated with differential outcome based on subtype (Table 3). Font et al. and Razzaghdoust et al. demonstrated an association between biomarkers of basal or basal/squamous subtype and improved pathologic complete response (pCR) (59, 60). However, a study by Jütte et all suggests that the luminal subtype is associated with improved pathologic response (61). These findings underscore a major limitation in the discovery of subtype-associated predictive markers thus far. Although some studies have been able to show a difference in response to NAC based on molecular subtype, others show no association (62). This discrepancy is likely due to various factors intrinsic to the studies themselves, including small cohorts and differing sequencing techniques. It has also been suggested that there exists significant intra-tumoral and intra-subtype heterogeneity which undercuts the prognostic value of subtyping. Gouin et al. described a previously uncharacterized subpopulation of MIBC cells distinguished by a high expression of N-Cadherin 2 and other epithelial markers (63). This subpopulation was seen in both luminal and basal subtypes and was associated with poor outcomes regardless of NAC, but improved outcomes with immune checkpoint therapy (ICT). Similar investigations are needed to improve predictions of therapy response based on subtype and to better substratify patients with MIBC.


Table 3 | RNA and tissue based biomarkers of bladder cancer subtype.






3.1.2 Alterations in DNA repair pathways as predictors of response

Platinum-based therapies function by forming DNA crosslinks and interfering with cell division. DNA damage repair (DDR) mechanisms are elicited and, if unable to repair the damaged DNA, apoptosis is induced. MIBC is characterized by a high genetic mutational rate. Alterations in DDR genes have therefore been a substantial area of investigation in identifying which patients may benefit from cisplatin-based NAC. Table 4 catalogues recent studies in DDR gene alterations and expression in predicting response to NAC.


Table 4 | Alterations in DNA damage repair genes associated with response to NAC.



DDR genes ATM, RB1, or FANCC have been implicated in the response of MIBC to platinum based NAC. In a 2015 study, Plimack et al. found that alterations in one or more of these genes was associated with pCR (64). A follow up study looking at long term outcomes (median follow-up 74 months) in this cohort showed that patients with alterations in at least one gene maintained better OS and DFS; the 5-year survival rate for patients with alteration(s) was 85% compared to 45% for those without (65).

ERCC1 and ERCC2 are nucleotide excision repair (NER) proteins that serve to repair damaged DNA strands. The correlation between increased expression of ERCC1 and resistance to platinum-based chemotherapy has been well established across many types of cancer (66). Similarly early studies identified ERCC1/2 as a prognostic marker in patients with MIBC. High expression of ERCC1 is associated with worse disease-free survival and overall survival in patients receiving NAC (67). Recent studies demonstrate the association between genetic alterations to ERCC2 and improved pathologic response after NAC (68, 69). Van Allen et al. performed whole exome sequencing of 50 patients with MIBC and found inactivating ERCC2 mutations exclusively in responders to NAC. These results offer not only a predictive biomarker for response to NAC but also a targetable pathway to potentially improve cisplatin sensitivity (70).

ERBB2 (aka HER2) is a receptor tyrosine kinases with potential for predicting response in MIBC. The association between ERBB2 and poor prognosis in breast cancer is well established and led to the development of ERBB2-targeted therapies. ERBB2 expression has also been associated with poor prognosis in bladder cancer (71). More recently, a study showed that ERBB2 alterations are associated with pCR to treatment with NAC (72). HER2 expression therefore offers a means of stratifying patients who are likely to benefit from platinum-based NAC.




3.1.3 Non-coding RNAs

NGS allows for the interrogation of non-coding RNA (ncRNA) segments to assess for markers in these previously untested regions. The few recent studies on ncRNA as potential predictive biomarkers in MIBC reveal exciting new insight into our current classification system. A 2019 study by de Jong et al. identified a distinct subset of the mRNA-based luminal-papillary subtype using a long noncoding RNA (lnc-RNA) signature (73). This subgroup had favorable prognosis and was associated with distinct mutational profiles. Much like the Gouin study, de Jong’s analysis of ncRNA has the potential to further refine current molecular subtypes based on previously unidentified markers.

Discovery of biomarkers based on genetic alterations, tissue expression, and molecular subtype holds promise for selecting patients most likely to benefit from NAC. It is clear that the molecular characterization of MIBC into clinically relevant subtypes is still incomplete, though great strides have been made in the era of large-scale genomic sequencing. Currently, no single gene or protein-based biomarker has sufficient evidence to be incorporated into routine clinical practice when selecting patients for NAC, largely due to small sample sizes and the lack of validation studies.





3.2 Neoadjuvant immunotherapy

Although platinum-based NAC remains the standard of care, up to half of patients with advanced BC are ineligible for cisplatin (74). Treatment for ineligible patients or those who refuse pre-operative cisplatin has traditionally been upfront radical cystectomy. The recent approval of immune checkpoint inhibitors (ICI) for use in BC represents a breakthrough in treatment, as no new therapies had been approved for decades prior.

In 2016, the FDA approved programmed death-ligand 1 (PD-L1) inhibitor atezolizumab for the treatment of locally advanced and metastatic bladder cancer. Since then, four additional PD-L1 (durvalumab, avelumab) and PD-1 (nivolumab, pembrolizumab) inhibitors have been approved for use in bladder cancer. Based on their demonstrated efficacy and durable response in advanced and metastatic BC, PD-1/PD-L1 inhibitors are now being tested in the neoadjuvant setting (75). The ABACUS trial assessed the effectiveness of two cycles of atezolizumab as neoadjuvant therapy in a cohort of 88 patients with MIBC ineligible for cisplatin (76). The rate of pCR was 31% and the rate of downstaging was 39%. Higher response rates were achieved in the PURE-01 trial which assessed the efficacy of pembrolizumab in 50 patients with MIBC regardless of cisplatin eligibility (77). In this trial, the rate of pCR was 42% and the rate of downstaging to NMIBC was 54%. Trials assessing single agent and dual agent ICIs in the neoadjuvant setting have mostly yielded pCR rates similar to those seen with cisplatin-based therapies (78). As with NAC, a similar problem of limited response is encountered with ICIs (79). Therefore, a strong interest exists to identify biomarkers for stratifying response, and several of the randomized trials of ICIs have reported differential response based on immune-related markers.

Biomarkers such as PD-L1 expression, tumor mutational burden (TMB), and alterations in DDR genes have been associated with response to PD-L1 inhibitors in patients with metastatic BC (80, 81). A 2018 study of 50 patients from the PURE-01 trial found that high pre-operative TMB, DDR alterations, and PD-L1 expression independently correlated with pCR (77). The association between TMB and PD-L1 expression was upheld in a subsequent study of the updated PURE-01 cohort which included patients with variant histology (82). In this study, the association was present regardless of histologic subtype, suggesting these markers may be a better predictor of response to ICI than histopathologic features. Powels et al. found no correlation between these markers and outcomes of pathologic response or recurrence-free survival in patients enrolled in the ABACUS trial (76, 80).

The contradictory findings highlight a limitation in the assessment of biomarker-based response to ICI thus far. Expression assays and cutoff values vary by study, rendering pooled or comparative analyses challenging. For instance, biomarker analysis from the ABACUS trial analyzed the expression of PD-L1 on immune cells using a 5% cutoff. By comparison, studies of the PURE-01 cohort used the combined positive score (CPS) which includes PD-L1 expression on tumor and immune cells.

Biomarker analysis in the ABACUS trial did find that a high presence of intraepithelial CD8+ cells preoperatively was significantly associated with improved pCR (40%, compared to 20% in those with absent CD8). Also predictive was an 8-gene cytotoxic T-cell transcriptional signature (tGE8), a marker of interferon signalizing that indicates the presence of CD8+ effector cells. It has been established across multiple cancers that immune infiltration, that is, the proximity of CD8+ cells to the tumor, may influence response to PD-1/PD-L1 therapy even more than effector cell density (83). The immune infiltration of tumors is classified into three phenotypes with demonstrated predictive value for ICI response (84). The inflamed phenotype is characterized by infiltration of CD8+ and CD4+ T cells into the parenchyma of the tumor; in the excluded phenotype, immune cells are present but remain in the stroma surrounding the cancer cells; finally, the desert phenotype describes an absence of abundant immune cells in both the parenchyma and the stroma. Unsurprisingly, tumors with inflamed phenotype have been associated with better response to ICIs (83, 85).

Accordingly, biomarkers that classify patients based on immune phenotype and expression of effector cells may be a powerful way to distinguish ICI responders. As in the case of NAC, advances in genomics and transcriptomics have facilitated the identification of potential phenotype-based markers. Jiang et al. constructed nine-gene signature that was found to correlated with level of immune infiltration (86). This signature was able to predict immunotherapeutic response in two cohorts with an AUC of 0.64 and 0.69 respectively. You et al. identified two genes, discoidin domain receptor (DDR) 1 and 2, whose mutually exclusive expression patterns correlated with immune phenotype in BC. High expression of DDR2 indicated a T-cell inflamed phenotype whereas high levels of DDR1 indicated a non-inflamed phenotype. Furthermore, DDR signature score was developed which predicted overall survival in two independent cohorts undergoing ICI therapy (87). These studies offer a potential way to stratify ICI responders based on multi-gene expression signatures.





4 Circulating tumor cells and extracellular vesicles

Beyond the genetic and surface protein expression of tumor cells themselves, the contents released by tumors have recently been studied as potential biomarkers in both NMIBC and MIBC. Circulating tumor cells (CTCs) are malignant cells in the peripheral blood derived from the primary tumor. These disseminated cells have the potential to evolve clinically significant distant metastases (88). The detection of high levels of CTCs in serum may therefore hold prognostic potential. A large metanalysis comprising 20 studies and 1,339 patients found that CTCs were detectable in 20-30% of patients with NMIBC compared to 40-100% of patients with MIBC (89). A recent studies demonstrated that the number of CTCs is significantly higher in patients with MIBC compared to those with NMIBC and higher in those with high-grade compared to low grade BC, suggesting a potential role in risk-stratifying patients (90). CTCs have even been studied in the context of prognosis after RC and response to NAC. In a study of 100 patients with advanced non-metastatic BC undergoing RC, the detection of CTCs in the peripheral blood preoperatively was associated with significantly higher risk of recurrence, cancer-specific mortality, and overall mortality (91). Yang et al, among a total cohort of 196 patients, measured pre-treatment CTCs in 32 NMIBC patients undergoing NAC followed by RC (92). They found that tetraploid CTCs were able to distinguish NAC-sensitive patients from NAC-resistance patients with an AUC of 0.80. Although studies are mostly limited by small sample sizes, CTCs represent an exciting potential for minimally invasive biomarker analysis as they do not require sampling of the primary tumor.

Similarly, there has been a growing interest in the diagnostic and prognostic potential of extracellular vesicles (EVs) in BC. EVs are packages of genetic information and proteins released by virtually every type of cell, including tumor cells, and mediate cell-cell communication. The role of tumor EVs in promoting cancer progression has been established in multiple cancers, including BC (93, 94). The lipid bilayer of EVs stabilize their contents from degradation. Serum and urinary EVs are therefore being investigated as a way to diagnose BC or distinguish patients at higher risk of progression. Studies have focused on the concentration of urinary EVs as well as their contents. One study found significantly higher concentration of EVs in patients with bladder cancer which could distinguish them from healthy controls with a sensitivity of 81% and specificity of 90% (95).

Due to the presence of EVs in the urine and ongoing efforts to find urinary biomarkers to outperform cytology, many of the studies on EVs have centered on their diagnostic potential. However, recent studies have alluded to their prognostic value as well. Zhan et al. evaluated the expression of eight lnc-RNAs in urinary EVs (96). The authors found that increased expression of two lnc-RNAs, PCAT-1 and MALAT, was associated with poor RFS.




5 Conclusion

The treatment landscape of bladder cancer is quickly changing with the introduction of immunotherapy. Improved sequencing techniques have dramatically contributed to our understanding of BC as a heterogenous disease and enabled the development of several biomarkers with the potential to help predict response to treatment and appropriately select patients for these. In the case of NMIBC and MIBC, no biomarker has yet been adopted in routine clinical practice; however, the use of biomarker-based patient selection in recent clinical trials promises to refine our understanding of how certain markers drive response. The majority of biomarkers in bladder cancer have not yet transitioned from bench to bedside. However, it is hopeful that soon one or several compelling predictive biomarkers will emerge and be incorporated into standards of care.
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Outcome EORTC only model EORTC only model plus mIS

RFS 0.57 0.60
PFS 0.61 0.70

RES, Recurrence free survival; PFS, Progression free survival; HR, Hazard ratio; mlS,
modified Immunoscore (CD3, CD8, CD45Ro, FOXP3); EORTC, European Organisation
for Research and Treatment of Cancer
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Variable RFS.H R CI p-value PFS:HR CI p-value

EORTC low risk + high mIS 1 1

EORTC low risk + low mIS 13 0.42-4.2 0.64 - - -
EORTC medium risk + high mIS 1 1

EORTC medium risk + low mIS 14 0.72-2.9 0.30 1.6 0.44-6.1 0.46
EORTC high risk + high mIS 1 1

EORTC high risk + low mIS 14 0.74-2.9 0.30 29 0.79-11.0 0.08

RFS, Recurrence free survival; PFS, Progression free survival; HR, Hazard ratio; CI, Confidence interval; mIS, modified Immunoscore (CD3, CD8, CD45Ro, FOXP3); EORTC, European
Organisation for Research and Treatment of Cancer.

Because of low patient count within EORTC low risk group and only one patient with progression no substratification in high and low mIS was feasible.

Bold values mark statistically significant p values.
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0.307869

P-value

0.025017
0.009198
0.005153
0.002694
0.004105
0.035230
0.011135
0.005414
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Covariates

Age (years)

Gender

Grade

Stage

T-stage

M-stage

N-stage

BLCA, bladder cancer; T, tumor; N, node; M, metastasis.

Type

<65

>65
FEMALE
MALE
High Grade
Low Grade
Stage I-1T
Stage I1I-IV/
TO-T2
T3-T4

Mo

M1

NO-N1
N2-N3

Total

159 (40.15%)
237 (59.85%)
104 (26.26%)
292 (73.74%)
375 (95.42%)
8 (4.58%)

126 (
268 (
117 (
247 (
(
0 (

189

31.98%)
68.02%)
32.14%)
67.82%)
94.97%)

5.03%)
273 (76.9%)
82 (23.1%)

Test

84 (42.86%)
112 (57.14%)
57 (29.08%)
139 (70.92%)
184 (95.34%)
9 (4.66%)
69 (35.57%)
125 (64.43%)
68 (37.57%)
113 (62.43%)
89 (95.7%)
4(43%)
130 (75.14%)
43 (22.86%)

Train

75 (37.5%)
125 (62.5%)
47 (23.5%)
153 (76.5%)
191 (95.5%)
9 (4.5%)
57 (28.5%)
143 (71.5%)
49 (26.77%)
134 (73.22%)
100 (94.34%)
6 (5.66%)
143 (78.57%)
39 (21.43%)
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Screening cohort

Controls Patients

Age (mean + SD) 69.43 + 10.37 72.00 + 10.10
Sex

Male 5 5

Female 2 2
stage

NMIBC 4

MIBC 3
grade

Low 3

High 4

Training cohort

P value Controls Patients
0.647 66.54+17.16  65.14 + 13.94
1.00

42 43
8 7
34
16
15
35

NMIBC, non-muscle-invasive bladder cancer. MIBC, muscle-invasive bladder cancer.

Validation cohort

P value Controls Patients P value

0.655 70.05 +12.85 7198 + 9.8 0.437
1.00 1.00

35 36

8 7

27

16

9

34
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MKLN1-AS(Median,
Interquartile range)
TALAM1(Median,
Interquartile range)
TTN-AS1(Median,
Interquartile range)
UCA1(Median,
Interquartile range)

Stage
NMIBC MIBC
553(147-  9.64(4.5-
14.64) 23.02)
7.59(243-  6.54(2.70-
16.68) 17.46)
6.96(2.11-  11.24(5.23-
21.07) 19.75)
10.17(3.38-  30.24(8.15-
37.49) 55.18)

P
value

0.036

0.872

0.365

0.036

Low

7.26(1.62-
13.81)
7.28(1.89-
14.90)
6.61(2.64-
16.06)
10.49(3.49-
38.79)

Grade

High

8.86(3.12-
21.62)
6.61(2.77-
17.29)
10.88(3.52-
21.23)
16.46(4.79-
44.95)

NMIBC, non-muscle-invasive bladder cancer. MIBC, muscle-invasive bladder cancer.

p:
value

0.229

0.799

0.339

0.424

<68

8.63(3.62-
17.15)

7.48(2.87-
16.88)

10.19(4.41-
19.11)

15.82(4.38-
45.49)

Age

>68

6.45(2.04-
22.28)
6.05(1.96-
17.05)
9.43(2.03-
21.75)
1240(3.55-
40.35)

P
value

0712

0.364

0.701

0.776

Male

7.976(2.94-
17.53)
6.86(2.55-
17.03)
9.99(3.18-
20.81)
15.19(3.96-
39.52)

Sex

Female

9.41(1.42-
24.25)

7.10(2.67-
15.26)

9.94(2.14-
17.87)

13.36(4.19-

42.63)

P
value

0.591

0.923

0.864





OPS/images/fonc.2022.976407/crossmark.jpg
©

2

i

|





OPS/images/fonc.2022.964672/table3.jpg
Variable RFS.HR p-value PFS.HR p-value

EORTC low risk 1 1

EORTC medium risk 2.04 0.04 7.23 0.06
EORTC high risk 1.02 0.95 3.87 0.20
CD3 0.94 0.50 0.72 0.06
CD8 0.87 0.11 0.93 0.68
CD45Ro 1.08 0.36 1.33 0.10
FOXP3 0.89 0.23 0.78 0.18

RFS, Recurrence free survival; PFS, Progression free survival; HR, Hazard ratio; mIS, modified Immunoscore (CD3, CD8, CD45Ro, FOXP3); EORTC, European Organisation for Research
and Treatment of Cancer.
Bold values mark statistically significant p values.
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Number of patients 158

Male 117 (74.1%)
Female 41 (25.9%)
Age (y) 68 (IQR: 60-76)
Median follow-up time (m) 48 (IQR: 74.5-192.6)
Number of patients with follow-up time:

>60 months 135 (85.4%)
>120 months 80 (50.6%)
>180 months 47 (29.7%)

Primary bladder tumor stage

Ta/Tcis 90 (57%)
T1 68 (43%)
Primary bladder tumour grade (2004 Classification)

Low grade 101 (63.9%)
High grade 57 (39.1%)
EORTC risk group

Low risk 26 (16.5%)
Medium risk 45 (28.5%)
High risk 87 (55%)
Number of patients with:

recurrence 86 (54.4%)
progression 23 (14.6%)
progression to muscle-invasive disease 15 (9.5%)

Data presented as median (IQR) or number (percent).
IQR, Inter-Quartile-Range; EORTC, European Organisation for Research and Treatment
of Cancer.





OPS/images/fonc.2022.964672/table2.jpg
Variable RFS.HR p-value PFS.HR p-value

EORTC low risk 1 1

EORTC medium risk 2.08 0.03 6.13 0.08
EORTC high risk 118 0.61 4.63 0.14
CD3 (n. continuous) 0.90 0.13 0.76 0.06
CDS8 (n. continuous) 0.87 0.05 0.84 0.20
CD45Ro (n. continuous) 0.93 022 1.01 0.95
FOXP3 (n. continuous) 0.89 0.12 0.83 0.22
mIS (n. continuous) 0.95 0.03 0.93 0.15
Age 1.03 0.01 1.06 0.01
Multifocality 1.65 0.03 1.76 0.19

RFS, Recurrence free survival; PFS, Progression free survival; HR, Hazard ratio; mIS, modified Immunoscore (CD3, CD8, CD45Ro, FOXP3); EORTC, European Organisation for Research
and Treatment of Cancer.
Bold values mark statistically significant p values.
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BC cases Non-cancer controls

No. of patients 60 23
(BPH: 17; urinary stone: 3; cystitis: 3)
Mean age (y) + SD 66.77 + 11.56 60.35 + 7.40
Gender
Male 55 21
Female 5 2

Tumor grade

Low 28

High 32

T stage

Ta 30

CIS 5

T1 22

T2 3

Hematuria on urinalysis

Present 56 12
Absent 4 11
Cytology

Negative 51 23
Positive 9 0

BC, bladder cancer; BPH, benign prostatic hyperplasia; a2M, alpha 2-macroglobulin; ELISA, enzyme-linked immunosorbent assay.
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A. Sensitivity, specificity, AUC, and Youden index according to various cut-ofis of a2M leveis. Data of urine cytology are also
shown as a reference.

Cut-off Sensitivity (%) Specificity (%) AUC Youden index
0025 967% s 057 e

003 9%50% 1% o6t 2

0035 3% 1% o6t 1%

004 s67% 3% 061 2s%

0015 67% 3% 036 s

005 7508 s 035 os%

Urine cytology 150% 1000% 038 150%

B. Summary of a2M status with a cut-off of 0.035 (highest Youden index) and urine cytology results in the validation cohort.

Group A2M expression statws urine cytology il mening N a2MELISA, mean (SD) a2V ELISA value, range
Bladder cancer negative negtive both miss s 0026 (0004) 002-0031
(N-60) pos negtive eyt miss 7 109 (152) 0035-6455

nega positive a2M miss o NA
pos posiive both deteet 9 383 051)

Non-cancer control nega negative both tue s 0018 (0014) 00034

N=23) posite negative @M ke positve 15 007 0016) 006012
negative positive Ueyt flse positve 0 N NA
posiie posiive both ke o N Na

arienry eracibelar vesichs s2M, alvie 2-mecroiobulics ELISA. enrvme-Haked lamumosorbent sssars BC. bladder cancer.
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Characteristic Cluster2
155
Age, mean = SD 67.1 + 10.99 69.1 £ 9.76 0.066
BMI, mean + SD 26.46 £ 5.49 27.6 + 5.63 0.067
Sex, n (%) 0.351
| Female 57 (14.6%) 45 (11.5%)
Male | 178 (45.6%) 110 (28.2%)
Smoking history, n (%) 0.381
No | 68 (18%) 37 (9.8%)
Yes | 161 (42.7%) 111 (29.4%)
WHO grade, n (%) 0.005
High grade = 216 (55.8%) 153 (39.5%)
Low grade 7 (4.4%) 1(03%)
AJCC stage, n (%) < 0.001
AJCC stage 11 | 94 (24.2%) 29 (7.5%)
AJCC stage III-IV | 139 (35.8%) 126 (32.5%)
T stage, n (%) » < 0.001
T34 123 (34.3%) 122 (34%)
Ta2 | 87 (24.2%) 27 (7.5%)
Lymph node metastasis, n (%) 0.050
N+ | 64 (18.2%) » 60 (17.1%)
NO | 143 (40.7%) 84 (23.9%)
Distant metastasis, n (%) 0.029
| MO | 137 (70.3%) 48 (24.6%)
Ml | 4(21%) 6(3.1%)
Overall survival, n (%) 0.001
Alive | 148 (37.9%) 71 (18.2%)
Dead | 87 (22.3%) 84 (21.5%)

AJCC, American Joint Committee on cancer; BMI, body mass index; SD, Standard deviation; WHO, World Health Organization; n, Number.
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Coefficient HR p-value
GSDMB Gasdermin B -0.364568368 0.694496 1.11E-06
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AIM2 Absent in melanoma 2 -0.137029941 0.871944 0.002339
FOXO3 Forkhead box O3 0.281533186 1.32516 0.046972
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stage nosis number light Background

diagnosis MFI

1 M/55 | pT3bNO Moderately 1 + + 56.78/17.21 330
differentiated squamous
cell carcinoma

2 M/51 pT3aN2 Infiltrating high-grade HGI 2 + + 45.33/19.09 237
urothelial carcinoma

3 M/82 | pTINO Noninvasive high-grade =~ HGN 3 + + 51.23/14.72 348
papillary

urothelial carcinoma

4 M/67 | pT2aNO Infiltrating high-grade HGI 4 + + 48.29/15.93 3.03
urothelial carcinoma
with squamous
differentiation

5 M/63 | pT2bNO Infiltrating high-grade HGI 5 + + 49.48/22.19 223
urothelial carcinoma
with squamous
differentiation

6 M/76 pT4aN1 Invasive urothelial HGI 6 L + 79.30/26.41 3.00
carcinoma

involving prostate

% M/75 | pT2aNO Infiltrating high-grade HGI 7 + 1CG 42.45/36.28 117
urothelial carcinoma

8 F/72 pT2bNO Infiltrating high-grade HGI 8 + + 53.29/13.85 384
urothelial carcinoma

9 M/68 | pTINO Noninvasive papillary HGN 8 + + 58.35/17.39 335
urothelial carcinoma

10 F/66 pT3bN1 Invasive urothelial HGI 10 +* ICG 41.28/39.73 1.04
carcinoma

11 M/75 | pT3bNO Infiltrating high-grade HGI 11 + + 47.29/13.98 338
urothelial carcinoma

12 M/66 Pt2aN0 Invasive urothelial HGI 12 + + 57.39/17.97 319
carcinoma

13 M/77 pTINO Infiltrating high-grade HGN 13 . + 54.38/15.73 345
urothelial carcinoma

14 M/59 | pT2bNO Infiltrating high-grade  HGI 14 + + 49.28/13.84 356
urothelial carcinoma
CIS CIS 15 *® + 47.76/14.92 3.20

15 M/69 | PTINO Noninvasive high-grade =~ HGN 16 + + 61.29/21.73 282
urothelial carcinoma

16 F/72 pT3bN2 Invasive urothelial HGI 17 + ICG 53.39/48.47 110
carcinoma

17 M/73 | pT2aNO Invasive urothelial HGI 18 + + 59.48/21.29 2.79
carcinoma
CIS CIS 19 - + 57.83/18.24 317

18 M/65  Pt3bNO Infiltrating high-grade HGI 20 + + 5571/14.38 3.87

urothelial carcinoma
with squamous
differentiation

19 M/43 | pT2aNoO Highly differentiated 21 + + 61.33/21.49 285
squamous cell
carcinoma

20 M/72 pT3bNO Invasive urothelial HGI 22 * 4 51.39/18.36 2.80
carcinoma, some of
which are sarcomatoid
carcinoma

CIS CIS 23 - + 49.41/16.96 291

21 M/64 | pT3bNO Infiltrating urothelial HGI 24 o+ + 74.22/24.45 3.03
carcinoma

22 M/65 PT2bNO Infiltrating urothelial HGI 25 i : § 65.32/18.81 347
carcinoma

23 M/63 | pT2aNO Infiltrating urothelial HGI 26 + + 58.39/18.72 312
carcinoma

24 M/58 | PTINO Infiltrating urothelial HGI 27 + i 49.73/16.76 297
carcinoma
CIS CIS 28 + + 47.72/16.54 3.16

25 M/60 PT2bNO Infiltrating urothelial HGI 29 o+ #: 52.18/15.39 3.39
carcinoma
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Gene Study, Detection Definition Path response outcome Survival

alterations Year method Regimen PR outcome
T2-4, Alteration in 1+ of the 3 DDR genes predicted PR and better
ATM, RB1, Plimack, D-34 DNA NO-1, ddGC, OS in discovery and validation cohorts
FANCC 2015 V-24 sequencing Mo MVAC <pT1pNOcMO
ERBB2 Groendijk, GC, GCa, [ERBB2 missense mutations associated with
(HER2) 2016 94 NGS NR MVAC <ypT2 complete response NR
ERCC2 ERCC2
alterations
GC, [ERCC?2 alterations associated with response associated with
Liu, 2016 55 WES 2T2 MVAC <pT1 (OR 8.3; 95% CI, 1.4-91.4) better OS
GC, ddGC,
T2-T4, ddMVAC,
Van Allen, NO/N GC
2014 58 WES + MO + sunitinib pT0/pTis ERCC2 mutation associated with CR NR
FGFR3 T0-4, ypT1/pTa/
Yang, 2018 = 52 PCR, IHC NO/N+  GC pTis FGFR3 mutation associated with response NR
7pl2 7p12 amplification (genes HUSI, EGFR,
TO-T4, ABCA13, and IKZ) associated with non-
Pichler, NO-N3, response (sens 71.4%, NPV 87.5%, spec
2020 23 WES, IHC Mo GC ypTO-TINO 100%) 7p12

CI, confidence interval; D, discovery; dd, dose dense; GC, gemcitabine and cisplatin; GCa, gemcitabine and carboplatin; IHC, immunohistochemistry; MVAC, methotrexate, vinblastine,
doxorubicin and cisplatin; NGS, next generation sequencing; NPV, negative predictive value; NR, not reported; OR, odds ratio; OS, overall survival; PR, pathologic response; PCR, polymerase
chain reaction; V, validation; WES, whole exome sequencing.
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Study, Year NAC Detection Marker and associated subtype Predictive

Regimen method accuracy

Association of marker with
outcomes

Low FOXA1/GATA3; High KRT5/6/14 —>

Basal/Squamous
High FOXA1/GATA3; Low KRT5/6/14 —>
Luminal
GC, CMV, High FOXA1/GATA3; High KRT5/6; Low
Font, 2020 126 GCa THC KRT14 -> mixed-cluster NR
High expression KRT20, ERBB2, ESR1 —>
Jiitte, 2021 54 GC RT-qPCR Luminal NR
Razzaghdoust,
2021 63 GC, GCa IHC KRT5/6(+)/KRT20(-) —> Basal NR

Basal/Squamous associated with
higher chance of pCR
(OR 3.96)

Luminal associated with 40% higher
chance of pCR

KRT5/6(+)/KRT20(-) (basal)
associated with pCR

GC, gemcitabine and cisplatin; CMV, cisplatin, methotrexate, and vinblastine; GCa, gemcitabine and carboplatin; IHC, immunohistochemistry; NR, not reported; RT-qPCR, real time

quantitative polymerase chain reaction; OR, odds ratio; pCR, pathologic complete response.
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Classification (year)

#

Subtypes

Subtypes described

LUND
(2012)

UNC
(2014)

MDA
(2014)

TCGA
(2017)

Consensus
(2020)
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Luminal
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Luminal

Luminal-
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Basal
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# Patients/ Association with treatment

Biomarker(s) Samples response Sens. Spec. PPV NPV AUC

Immune Response and Inflammatory Markers

50 - high/ Increased % change IL18BPa and IL23 and
105 cytokines, including: IL18BPa, intermediate risk Decreased % change IP10 and IL8 at 13 weeks
1123, 1P10, IL8, SHBG, ITAC NMIBC -> worse FFS (15)

72 high-risk NMIBC
49 controls - no IL-6/IL-10 ratio > 0.10 associated with lower
IL-6/IL-10 ratio malignancy recurrence rate after BCG (16)

Higher levels of IL-2, IL-6, IL-8, IL-10, and
TNF-o. at the 8th BCG instillation associated
with BCG response
IL-1PB, IL-2, IL-6, IL-8. IL-10, IL-12, IL-2 level predictive of response in
IEN-y, TNF-0. 20 - CIS multivariable analysis 17)

Higher levels of CA9, ANG, and MMP10 prior
to BCG associated with greater risk of

Oncuria™: APOE, AIAT, ANG, 64 - high/ recurrence
CA9, IL8, MMP9, MMP10, PAIL, intermediate risk 10-biomarker panel (Oncuria™) predictive of
SDCI and VEGF NMIBC recurrence 81.8 849 0529 0957 0897 | (18)
125 - NMIBC
(patients with only ~ LMR > 3.25 predictive of progression after
NLR, PLR and LMR CIS excluded) BCG 0.756* (19)
Molecular Subtypes

132 - high risk
NMIBC, BCG-naive
44 - post-BCG BCG-response subtype 3 associated with worse
3 Novel BCG-response subtypes recurrence PES, recurrence (20)

DP.BCG+ subtype: worse PFS despite BCG
response
REC.BCG+ subtype: worse RFS despite BCG
3 Novel molecular subtypes 948 - NMIBC response @y

CIS, carcinoma in situ; LMR, lymphocyte-to-monocyte ratio; NLR, Neutrophil to Lymphocyte Ration; NPV, negative predictive value; PLR, platelet-to lymphocyte ratio; PFS, progression-free
survival; PPV, positive predictive value; RFS, recurrence-free survival.
*in multivariable model including clinical and pathologic factors.
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Clinical factors TCGA BLCA GSE13507 E-MTAB-1803 GSE32548 GSE32894
n=403 % n=165 % n=73 % n=130 % n=224 %

Age

<60 107 26.55 46 27.88 22 30.13 27 20.77 46 20.54

>60 296 73.45 19 7212 51 69.86 108 79.23 178 79.46
Gender

Male 298 73.95 135 81.82 62 84.93 99 76.15 163 72.77

Female 105 26.05 30 18.18 1 16.07 31 23.85 61 27.23
T stage

<T2 4 0.99 104 63.03 0 0 91 70 173 77.23

T2 366 94.29 61 36.97 73 100 38 29.23 51 22.77
Grade (WHO 2004)

Low 20 4.96 1056 63.64 = = - = = -

High 380 94.29 60 36.36 = = = = = =
Grade (WHO 1999)

G1 = = = = 0 0 15 11.54 45 20.09

G2 = & = = 4 5.48 40 30.77 84 37.50

G3 = = . = 69 94.52 75 57.69 93 41.52
Vital status

Alive 248 61.54 96 58.18 30 41.10 105 80.77 199 88.84

Dead 166 38.46 69 41.82 43 58.90 25 19.23 25 11.16
Follow-up (mean + SD, year)

210+223 3.98 +£3.10 240 244 4.14 +£2.38 3.28 £2.10

SD, Standard Deviation.
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Variables

TCGA-BLCA
Age
Gender
Grade

T stage
OLFML2B
GSE13507
Age
Gender
Grade

T stage
OLFML2B
E-MTAB-1803
Age
Gender
Grade

T stage
OLFML2B
GSE32548
Age
Gender
CGrade

T stage
OLFML2B
GSE32894
Age
Gender
Grade

T stage
OLFML2B

Univariate analysis

HR (95% Cl) P
1.04(1.02-1.06) 3.69E-05
0.85(0.59-1.22) 3.74E-01
262575654.67(0-Inf) 9.95E-01
1.76(1.38-2.25) 6.40E-06
1.15(1.04-1.27) 6.37E-03
1.07(1.04-1.1) 4.53E-08
0.64(0.36-1.14) 1.29E-01
2.74(1.69-4.43) 4.00E-05
2.05(1.64-2.58) 5.06E-10
1.65(1.24-2.2) 5.46E-04
0.99(0.96-1.02) 6.83E-01
1.08(0.45-2.59) 8.63E-01
0.88(0.31-2.49) 8.12E-01
2.92(1.88-4.53) 1.74E-06
1.31(0.97-1.75) 7.39E-02
1.04(0.99-1.08) 9.34E-02
1.29(0.48-3.43) 6.13E-01
2.26(1.07-4.77) 3.26E-02
3.53(1.89-6.6) 7.42E-05
2.19(1.48-3.24) 9.12E-05
0.98(0.95-1.01) 1.79E-01
1.47(0.55-3.93) 4.45E-01
7.59(2.45-23.52) 4.45E-04
0.98(0.62-1.56) 9.42E-01
2.06(1.49-2.86) 1.56E-05

Multivariate analysis

HR (95% CI)

1.04(1.02-1.06)
0.84(0.59-1.21)
3539739.69(0-Inf)
1.77(1.37-2.29)
1.08(0.98-1.2)

1.07(1.04-1.1)
0.78(0.42-1.43)
0.94(0.51-1.71
2.09(1.57-2.79)
1.03(0.72-1.48)

1(0.97-1.08)
1.8(0.7-4.64)

1.08(0.38-3.11)

3.04(1.92-4.83)
1.4(1.02-1.92)

1.05(1.01-1.1)
1.37(0.49-3.84)
0.62(0.21-1.83)
4.22(1.69-10.5)

1.47(0.9-2.41)

0.96(0.91-1.01)
1.13(0.42-3.06)
5.8(1.82-18.45)
0.96(0.58-1.6)
1.62(1.11-2.35)

1.66E-04
3.60E-01
9.92E-01
1.61E-05
1.22E-01

3.07E-07
4.19E-01
8.33E-01
4.78E-07
8.67E-01

8.35E-01
2.23E-01
8.84E-01
2.34E-06
3.90E-02

2.82E-02
5.50E-01
3.85E-01
1.98E-03
1.26E-01

8.44E-02
8.14E-01
2.91E-03
8.87E-01
1.27E-02

HR, hazard ratio; Cl, confidence interval; Inf, infinity.

Bold means p < 0.05.
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