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Editorial on the Research Topic 


Biomarkers and immunotherapy for genitourinary tumors


The normal function of the genitourinary system is crucial for maintaining overall health, playing a vital role in metabolism and reproduction. However, due to rapid population growth and an aging trend, the incidence of three major genitourinary cancers including prostate cancer, bladder cancer, and renal cell carcinoma (RCC), has substantially increased, significantly impacting the global disease burden (1). Alongside surgical interventions, systemic therapies like chemotherapy, radiotherapy, and hormone therapy are employed in treating genitourinary tumors. Nevertheless, these approaches face limitations stemming from tumor heterogeneity, clinical variability, and drug resistance, often yielding unsatisfactory outcomes. In recent years, the emergence of immunotherapy, including immune checkpoint inhibitors (ICIs) and messenger RNA vaccines, has propelled precision medicine forward (2, 3). To date, the US Food and Drug Administration has approved ICIs for clinical use in certain genitourinary tumor patients (4). Biomarkers play a pivotal role in early tumor diagnosis, drug development, disease monitoring, and prognosis evaluation. However, current research on urogenital tumor biomarkers remains insufficient, hindering a comprehensive understanding of immunotherapy mechanisms. Therefore, delving into potential urogenital tumor biomarkers will aid in identifying therapeutic targets, enhancing the efficacy of immune and targeted therapies, and bolstering comprehensive patient management for urogenital tumors.

In recent years, the regulatory role of various cell death modes in tumors has garnered significant attention from researchers. Disulfide apoptosis, a novel form of regulated cell death induced by disulfide stress, has emerged as a focus of study (5). Recent research indicated that glucose deficiency triggers the accumulation of disulfide bonds in cytoskeleton proteins, thereby promoting cell death in SLC7A11-overexpressing cancer cells. Chen et al. employed consensus clustering to identify gene clusters and developed a prognostic model for disulfide-related genes. Validation using external datasets and experimental studies revealed that POU5F1 transactivates CTSE, thus promoting the development of bladder cancer cells. Anoikis, characterized by the detachment of cells from surrounding cells or stroma, results in cell death primarily through the regulation of apoptosis-related pathways (6). Similarly, Dong et al. identified nine anoikis-related genes using COX regression and other methods through analysis of the Cancer Genome Atlas (TCGA) and the Gene Expression Omnibus (GEO) databases, validating them in vitro via Reverse Transcription Quantitative Polymerase Chain Reaction (RT-qPCR). Zhang et al. designed a risk model based on long non-coding RNAs associated with anoikis to predict the prognosis of bladder cancer patients. Furthermore, Yuan et al. developed a copper poisoning-associated 11-gene signature model, demonstrating its efficacy as a predictor of survival time and response to Bacillus Calmette-Guérin (BCG)/ICIs in patients with bladder cancer. Wang et al. collected bladder cancer data from multiple databases to establish a prognostic signature for copper-related genes, which was subsequently validated in the GEO cohort. Their findings suggest that monooxygenase DBH-like 1 may play a role in the immune microenvironment of bladder cancer. Zhang et al. employed unsupervised clustering to identify molecules regulated by RNA modification writers in bladder cancer. They validated the established score using databases and clinical samples from hospitals. Population-based clinical studies have also provided valuable insights into the treatment and prognosis of bladder cancer. In a retrospective study by Xu et al., involving 25 patients with muscle-invasive bladder cancer who did not undergo radical cystectomy, the use of programmed cell death-1 (PD-1) inhibitors combined with radiotherapy or chemoradiotherapy yielded promising results. Ding et al. combined data from patients with non-muscle invasive bladder cancer from two institutions to develop a novel nomogram for individually assessing patient survival risk. Zhang et al. retrospectively collected data from 725 bladder cancer patients undergoing radical cystectomy and found that the preoperative systemic immune inflammation index can serve as a predictor of patient prognosis. Additionally, Liu et al. discovered that preoperative sarcopenia is predictive of response to intravesical BCG vaccination in non-muscle invasive bladder cancer patients. Establishing a risk-scoring model is crucial for improving the treatment and prognosis of bladder cancer. Insights into the cellular and molecular mechanisms can deepen our understanding of the biological processes underlying bladder cancer. Furthermore, independent prognostic factors identified from population-based clinical studies can help inform clinical decision-making.

The Research Topic comprehensively covers the pathogenesis, pathological classification, diagnosis, treatment, and prognosis of RCC. In the tumor immune microenvironment, Zhang et al. conducted cell experiments revealing elevated expression of tumor-associated M2 macrophages in RCC tissues. These macrophages were found to promote RCC development by regulating the expression of related genes. Intestinal flora’s role in tumor occurrence, particularly its relationship with urinary tract tumors, has garnered attention from researchers. Yang et al. conducted a review of previous studies and summarized the latest evidence on the mechanisms of intestinal and urinary microbiota in renal cancer development and treatment. They proposed that the abundance of microbiota correlates with drug efficacy and that certain microbiota may serve as markers of immune efficacy in renal cancer treatment. In pathological classification, Wu et al. utilized logistic regression analysis of preoperative indicators from 280 RCC patients. Their findings suggest that the preoperative neutrophil-to-lymphocyte ratio can distinguish sarcomatoid RCC from clear cell RCC (ccRCC). Xu et al. also discovered an association between the neutrophil-to-lymphocyte ratio and the prognosis of cancer patients. In terms of diagnosis, Li et al. conducted RT-qPCR on 224 subjects to detect microRNA (miRNA) expression levels. Combined with bioinformatics, they proposed that a combination of four miRNAs in serum could serve as a non-invasive diagnostic biomarker for RCC. Treatment modalities for RCC encompass various approaches, including cell death induction, antibiotics, and modulation of the coagulation system. In addition to the previously mentioned anoikis, immunogenic cell death (ICD) denotes tumor cell demise induced by certain drugs, radiation, and other interventions (7). Dead cells release signaling molecules, activating anti-tumor immunity. Wang et al. and Hao et al. delved into ICD and anoikis, respectively, offering fresh perspectives on the treatment and prognosis of ccRCC. Zheng et al. analyzed the differentially expressed genes of ccRCC, COVID-19, and berberine, revealing the relationship between potential targets and ccRCC and COVID-19 through a comprehensive series of analyses. Yin et al., employing single-cell sequencing and other methodologies, established a signature of coagulation-related genes in ccRCC, offering a potential avenue for clinical treatment. Xiong et al. investigated the distinctive role of the basement membrane gene in ccRCC and observed that low FREM2 expression correlates with a poor prognosis. Su et al. conducted a comprehensive review examining the relationship between the efficacy of ICIs and various components of the tumor microenvironment in renal cancer. Their findings serve as a valuable reference for the advancement of renal cancer immunotherapy. In evidence-based medicine, a meta-analysis conducted by Li et al., pooling data from 8 studies, concluded that cytoreductive nephrectomy is associated with better overall survival compared to the no cytoreductive nephrectomy group.

The occurrence and progression of prostate cancer are influenced by various factors, with gene mutation and aging recognized as significant contributors. Liu et al. conducted next-generation sequencing on 200 prostate cancer tissues and 714 blood samples, identifying common somatic abnormalities such as TP53, PTEN, and KRAS, along with common germline abnormalities including BRCA2, NBN, and ATM. They also observed a correlation between Gleason score and somatic aberrations of TP53, as well as positive germline aberrations of BRCA2/ATM. Han et al. extracted aging-related genes from TCGA and CellAge databases to construct an aging-related prognostic model for prostate cancer patients. The risk score from this model positively correlates with tumor mutation burden and immune checkpoints, aiding in treatment strategy selection for prostate cancer patients. It’s noteworthy that other genitourinary tumors have also been addressed in this context. Penile cancer and germ cell tumors are rare, with traditional therapies limited by tumor metastasis and toxic side effects. Immunotherapy offers promise for more precise treatment approaches (8). Tang et al. indicated the high expression of programmed death-ligand 1 in penile cancer tissue, supporting the use of specific immunotherapy. Additionally, therapeutic human papillomavirus vaccines and adoptive T-cell therapy hold potential as immunotherapy modalities for penile cancer patients. Schepisi et al. highlighted the challenges in applying ICIs to testicular germ cell tumors while pointing out that Chimeric Antigen Receptor T-cell therapy presents a new avenue for immunotherapy. Telomerase activation is implicated in the onset and progression of urothelial carcinoma, with telomerase reverse transcriptase-associated gene alterations expected to find clinical utility in managing urethral cancer. Liu et al. reviewed the variances in senescence among different epithelial cell types and explored the impact of telomerase reverse transcriptase regulatory mechanisms on urothelial carcinoma immunotherapy. Tang et al. conducted targeted next-generation sequencing on patients with upper tract urothelial carcinoma, evaluating the mutational profile using the COSMIC database to unveil the role of genomic mutational landscapes in urothelial carcinogenesis. Zheng et al. reported a case of metastatic primary urethral carcinoma with low expression of human epidermal growth factor receptor 2, in which the patient achieved sustained partial remission following treatment with PD-1 inhibitors and antibody-drug conjugates.

Innate and adaptive immune responses are pivotal in anti-tumor defenses. The discovery of biomarkers in genitourinary tumors holds profound significance in advancing precise and individualized immune treatments. In conclusion, this Research Topic contributes to elucidating the mechanisms and applications of biomarkers and immunotherapy in genitourinary cancers.
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Background

To explore the prognostic significance of sarcopenia and systemic immune-inflammation index (SII) for response to intravesical Bacillus Calmette-Guerin (BCG) in patients with intermediate-, and high-risk non-muscle invasive bladder cancer (NMIBC).



Methods

We retrospectively analyzed 183 consecutive patients treated in Qilu hospital of Shandong University for a first diagnosis of intermediate and high risk NMIBC. Using computed tomography scans at the third lumbar vertebra level, we calculated skeletal muscle index (SMI). Sarcopenia was defined as SMI <43 cm2/m2 for males with BMI < 25 kg/m2, <53 cm2/m2 for males with BMI ≥ 25 kg/m2, and <41 cm2/m2 for females. The response to intravesical BCG immunotherapy and relapse-free survival (RFS) were analyzed.



Results

Compared with BCG responders, BCG non-responders were associated with sarcopenia (P < 0.001), carcinoma in situ (P < 0.001), T1 stage (P < 0.001), multiple tumor (P < 0.001), tumor diameter >=3cm (P < 0.001), and have a significant increase of neutrophil-to-lymphocyte ratio (NLR) (P < 0.001), platelet to lymphocyte ratio (PLR) (P = 0.004), SII (P < 0.001). The area under the ROC curve (AUC) of the BMI, NLR, PLR, and SII for response to intravesical BCG immunotherapy were 0.425, 0.693, 0.631, and 0.702 respectively. Logistic regression analysis demonstrated that sarcopenia and SII were predictors of response to intravesical BCG immunotherapy. The Kaplan-Meier survival analysis showed that the RFS of patients with BCG response, lower SII and no sarcopenia was significantly increased compared with that of patients with BCG non-response, higher SII and sarcopenia, respectively. Subgroup analysis demonstrated that the RFS of patients with high SII and sarcopenia was significantly decreased compared with those with low SII and no sarcopenia in Ta stage subgroup, T1 stage subgroup, non-Cis subgroup, multiple tumor subgroup, single tumor subgroup, tumor diameter≥3cm subgroup and tumor diameter<3cm subgroup, respectively (P < 0.05). However, there was no significant difference in RFS for patients in CIS subgroup (P > 0.05). Multivariate Cox analysis shown that sarcopenia (p=0.005) and high SII (p = 0.003) were significantly associated with poor RFS.



Conclusions

Both sarcopenia and high SII are useful predictors of response to intravesical BCG in intermediate- and high-risk NMIBC patients. Patients with intermediate- and high-risk NMIBC that had sarcopenia or high SII at diagnosis were associated with poor RFS, and the combination of sarcopenia and SII may be a better predictor of RFS.
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Introduction

Bladder cancer (BC) is the 10th most commonly diagnosed cancer worldwide, and the most common genitourinary malignant tumors, with approximately 573,000 new cases and 213,000 deaths (1). It is reported that approximately 70% of patients with BC present with a disease confined to the mucosa (stage Ta and carcinoma in situ (CIS)) or submucosa (stage T1), also known as non-muscle invasive bladder cancer(NMIBC) (2).

The European Association of Urology (EAU) guidelines divided NMIBC patients into low-, intermediate-, and high-risk groups according to clinical features (3). The gold standard treatment for intermediate- and high-risk NMIBC is represented by transurethral resection of bladder tumor (TURBT) and a second TURB when necessary (residual tumor or absence of muscle in the specimen), followed by adjuvant intravesical treatment (3). Studies confirmed that Bacillus Calmette Guerin (BCG) is the most effective intravesical treatment for preventing the recurrence of NMIBC (4–7). Although NMIBC has a good prognosis with a 5-year overall survival rate of approximately 90%, 30–80% of cases will recur and 1–45% of cases will progress to muscle invasion within 5 years (8). In these patients, predicting BCG failure may avoid ineffective BCG therapy and its adverse effects as well as a delayed radical cystectomy (RC) procedure in some individuals. At present, the European Organization for Research and Treatment of Cancer (EORTC) model is the most commonly used tool to evaluate the recurrence and progression risk of NMIBC after intravesical BCG treatment. Although this scoring system is useful in clinical practice, the accuracy of prediction still needs to be improved (9, 10). Therefore, updating new predictors is necessary to improve risk classification and prediction of recurrence.

Nutritional status and immune function are related to occurrence and development of tumors, and muscle and inflammation status are good indicators of nutritional status and immune function. Sarcopenia is a progressive and systemic skeletal muscle disorder involving the accelerated loss of muscle mass and function that is associated with increased adverse outcomes (11). Sarcopenia is well recognized as a negative factor for immunity. Recently, accumulating evidence has suggested that sarcopenia is associated not only with a higher rate of treatment-related complications but also with a poorer oncologic prognosis, including bladder cancer (12–17). Dylan J Martini et al. (18) found that body composition may be prognostic and predictive of clinical outcome in immune checkpoint inhibitors-treated patients with urothelial carcinoma; Zhi-Bin Ke et al. (19) have proved that lower relative visceral fat area was independent predictors of response to intravesical BCG immunotherapy, suggesting that sarcopenia may be a crucial indicator of relapse after intravesical BCG treatment. Levels of inflammation are closely related to immune function. It has been reported that inflammation may play a key role in the initiation, development, and progression of several malignant tumors (20, 21). Numerous studies have demonstrated that several inflammatory markers may be associated with response to intravesical BCG immunotherapy of NMIBC, and pre-operative neutrophil-to-lymphocyte ratio (NLR) has been recommended by EUA guidelines for predicting BCG efficacy. Systemic immune-inflammation index (SII), calculated using peripheral lymphocyte, neutrophil and platelet counts, is a novel marker of inflammation level and may be related to the efficacy of BCG in patients with NMIBC. Herein, we performed a retrospective analysis to explore whether the preoperative sarcopenia and SII were associated with the response to intravesical BCG immunotherapy and prognosis in intermediate- and high-risk NMIBC patients.



Materials and methods


Patients

We retrospectively analyzed 183 consecutive patients treated in Qilu hospital of Shandong University for a first diagnosis of intermediate and high risk NMIBC (according to EORTC and EAU guidelines) from January 2015 to December 2021. Intravesical BCG immunotherapy consisted of one induction course (6 weekly instillations) followed by at least one year of monthly maintenance schedule. All patients accepted adequate BCG instillation and were followed up regularly. Cystoscopy and cytology were reviewed every 3 months for a period of 2 year, and every 6 months thereafter until 5 years, and then yearly (3). Random biopsies including bladder and prostatic urethra for patients were performed if necessary. The exclusion criteria are as follows (1): combined with other malignancies (2); other histological variants except urothelial carcinoma (3); active infection or hematologic neoplasms (4); incomplete data (5); previous TURBT (6); patients lost at follow-up.



Outcomes

The primary outcome was response to intravesical BCG instillation. According to EAU guidelines (3), high grade tumor recurrence or progression to muscle invasive bladder cancer (MIBC) during follow-up were considered as BCG non-response in this study, while low grade low stage tumor recurrence should not be considered as BCG non-response. The secondary outcome was relapse-free survival (RFS), defining as the interval from the initiation of BCG therapy to the first recurrence or progression to MIBC.



Data collect

Data were extracted from Qilu hospital of Shandong University using the hospital’s medical record system. Computed tomography (CT) images and blood parameters were collected within 7 days prior to TURBT. We selected axial images from CT scans at the third lumbar spine vertebra (L3) level when both transverse processes of L3 were visible and convert them into Digital Imaging and Communications in Medicine (DICOM) format for analysis. The delineation of skeletal muscle was performed using Slice-O-Matic software (Rev-9, Tomovision, Montreal, Quebec, Canada) and the threshold of Hounsfiled Unit (HU) was −29 to +150 HU. Skeletal muscle index (SMI) was defined as skeletal muscle area divided by patient height in meters squared. Sarcopenia was defined as SMI <43 cm2/m2 for males with BMI < 25 kg/m2, <53 cm2/m2 for males with BMI ≥ 25 kg/m2, and <41 cm2/m2 for females (22). Sarcopenia measurements were performed two times by a single radiation oncologist, and the final results were averaged. The NLR, platelet to lymphocyte ratio (PLR) and SII were used to evaluate the inflammatory status of patients. The NLR was defined as the neutrophil count divided by the lymphocyte count, the PLR as the platelets count divided by the lymphocyte count. And SII was calculated as platelet count × neutrophil count/lymphocyte count.



Statistical analysis

Continuous variables presented as mean ± standard deviation or median (interquartile range [IQR]), categorical variables were presented as actual counts and percentages. Significance tests used to compare BCG responders with BCG non-responders were the Mann-Whitney U test or Student’s t test for continuous variables and the Chi-Square test for dichotomous parameters. Youden index refers to sensitivity+ specificity – 1 in receiver operating characteristic (ROC) curve. The optimal SII cutoff value was defined by creating a receiver operating characteristic (ROC) curve to yield the highest Youden index value. Logistic regression was used to determine independent predictors of response to intravesical BCG. We defined the outcome variable as responder. The univariate and multivariate Cox regression analyses were performed to identify independent prognostic variables affecting RFS after intravesical BCG therapy. We take <70 years, female, no smoking, no drinking, no hypertension, no diabetes, low grade, non-Cis, Ta stage, single tumor, tumor diameter< 3cm, no sarcopenia and low SII as reference. Kaplan Meier curves and log rank test were used to compare cancer free survival between the two groups. A p < 0.05 was considered statistically significant. The analyses were conducted using IBM SPSS version 25.0 (SPSS Inc., Chicago, IL, USA).

The study protocol was approved by the Ethics Committee of Qilu hospital of Shandong University. The Ethics Committee of Qilu hospital of Shandong University waived of written informed consent. The entire study was performed in accordance with the Declaration of Helsinki.




Results

A total of 183 patients were included with a median follow-up of 30 months (IQR: 13.0–47.0). We divided the patients into two groups according to the response to intravesical BCG immunotherapy, the patients’ characteristics were shown in Table 1. Compared with BCG responders, BCG non-responders were associated with sarcopenia (P < 0.001), carcinoma in situ (P < 0.001), T1 stage (P < 0.001), multiple tumor (P < 0.001), tumor diameter >=3cm (P < 0.001), and have a significant increase of NLR (P < 0.001), PLR (P = 0.004), SII (P < 0.001).


Table 1 | Baseline characteristics of patients stratified by response to intravesical BCG instillation.



The area under the ROC curve (AUC) of the BMI, NLR, PLR, and SII for response to intravesical BCG immunotherapy were 0.425, 0.693, 0.631, and 0.702 respectively (Figure 1; Table 2). Therefore, BMI has limited value in predicting the response to intravesical BCG immunotherapy, whereas SII was the best immune-inflammation predictor. We use Youden index as cutoff value to divide SII into high SII group and low SII group.




Figure 1 | The receiver operating characteristic curve of BMI, NLR, PLR, SII in predicting response to intravesical BCG immunotherapy. BMI, Body Mass Index; NLR, Neutrophilic Lymphocyte Ratio; PLR, Platelet Lymphocyte Ratio; SII, Systemic Immune-Inflammation Index.




Table 2 | ROC analysis of inflammation index and BMI for response to intravesical BCG therapy.



In univariable logistic regression analysis, seven factors (grade, T stage, CIS, tumor number, tumor diameter, SII, and sarcopenia) reached statistical significance. Then, above seven factors were included in the multivariate logistic analysis. The variables with p <0.05 were identified as independent predictors of response to intravesical BCG, including T stage, Cis, tumor number, tumor diameter, SII, and sarcopenia (Figure 2).




Figure 2 | Multivariate logistic regression analysis for response to BCG. BCG, Bacillus Calmette-Guerin; SII, Systemic Immune-Inflammation Index; CIS, Carcinoma in Situ.



To explore the prognostic value of combined preoperative sarcopenia with SII for response to intravesical BCG immunotherapy in NMIBC, ROC curve comparing preoperative sarcopenia and SII with EORTC risk table was performed. The area under the ROC curve of the preoperative sarcopenia and SII, EORTC risk table, preoperative sarcopenia and SII + EORTC risk table for response to intravesical BCG immunotherapy were 0.793, 0.853, and 0.906 respectively (Figure 3).




Figure 3 | The receiver operating characteristic curve comparing preoperative sarcopenia and SII with EORTC risk table. SII, Systemic Immune-Inflammation Index; EORTC, European Organization for Research and Treatment of Cancer.



Boxplot (Figure 4) showed that patients with sarcopenia had significantly higher SII value than patients without sarcopenia (503.07 (353.39- 771.99) versus 418.31 (315.48- 570.32), p= 0.036).




Figure 4 | Boxplot of SII in patients with sarcopenia and without sarcopeni. SII, Systemic Immune-Inflammation Index.



The Kaplan-Meier survival analysis showed that the RFS of patients with BCG response, lower SII and no sarcopenia was significantly increased compared with that of patients with BCG non-response, higher SII and sarcopenia, respectively (Figure 5). Based on this result, we analyzed survival depending on sarcopenia and SII. Patients were divided into three groups according to sarcopenia and SII: patients with no sarcopenia and low SII, patients with sarcopenia and high SII, and patients with either sarcopenia or high SII. The survival of patients exhibiting sarcopenia accompanied by high SII was significantly poorer than those with no sarcopenia and low SII (Figure 5). Further, we performed subgroup analysis of the above results according to T stage, CIS, tumor number, tumor diameter. Subgroup analysis demonstrated that the RFS of patients with high SII and sarcopenia was significantly decreased compared with those with low SII and no sarcopenia in Ta stage subgroup, T1 stage subgroup, non-Cis subgroup, multiple tumor subgroup, single tumor subgroup, tumor diameter≥3cm subgroup and tumor diameter<3cm subgroup, respectively (P < 0.05) (Figure 6). However, there was no significant difference in RFS for patients in CIS subgroup (P > 0.05). Therefore, sarcopenia accompanied by high SII has limited predictive value on RFS in NMIBC patients with CIS (Figure 6).




Figure 5 | The Kaplan-Meier relapse-free survival analysis between BCG responder and non-responder (A), low and high SII group (B), no sarcopenia and sarcopenia group (C), No sarcopenia and low SII group, Either sarcopenia or high SII group, and Sarcopenia and high SII group (D), respectively. BCG, Bacillus Calmette-Guerin; SII, Systemic Immune-Inflammation Index.






Figure 6 | Subgroup survival analysis exploring the effect of sarcopenia accompanied by high SII on RFS. (A) Ta stage subgroup; (B) T1 stage subgroup; (C) Non-CIS subgroup; (D)CIS subgroup; (E) single tumor subgroup; (F) multiple tumor subgroup; (G) tumor diameter<3cm subgroup; (H) tumor diameter>=3cm subgroup. SII: Systemic Immune-Inflammation Index; RFS: Relapse-free survival; CIS: Carcinoma in Situ.



The results of univariate and multivariate Cox analysis were summarized in Table 3. In univariate Cox analysis, seven variables were associated with survival (p< 0.1), including smoking, grade, Cis, T stage, tumor number, tumor diameter, sarcopenia and SII, and those factors were included into multivariate Cox analysis. In the multivariate Cox analysis, group with high grade (p=0.015), CIS (p=0.030), T1 stage (p=0.001), multiple tumor (p<0.001), tumor diameter≥3cm (p=0.036), sarcopenia (p=0.005) and high SII (p = 0.003) were significantly associated with poor RFS.


Table 3 | Univariable and multivariable cox analyses of RFS.





Discussion

The results of the present study demonstrated that sarcopenia and SII were associated with response to intravesical BCG treatment and RFS in intermediate- and high-risk NMIBC. We conducted a ROC curve comparing preoperative sarcopenia and SII with EORTC risk table to explore the prognostic value of combined preoperative sarcopenia with SII for response to intravesical BCG immunotherapy in NMIBC. The area under the ROC curve proves that preoperative sarcopenia combined with SII has significant prediction value for response to intravesical BCG immunotherapy in NMIBC, and combining it with EORTC risk table can improve the prediction accuracy of EORTC risk table. Furthermore, we divided the patients into three groups: sarcopenia and high SII, either sarcopenia or high SII, no sarcopenia and low SII. And, we interestingly found that patients with sarcopenia and high SII showed the poorest RFS, and patients with no sarcopenia and low SII had the best RFS, suggesting that sarcopenia accompanied by high SII was a valuable predictor of poor RFS in those patients.

Sarcopenia, defined as progressive loss of muscle mass and function, is associated with poor nutritional status and immune function, while poor nutritional status and immune function may lead to further decreases in physical capacity and progression of disease. In this study, CT scans at L3 level were used to assess sarcopenia, and sarcopenia was defined as SMI <43 cm2/m2 for males with BMI < 25 kg/m2, <53 cm2/m2 for males with BMI ≥ 25 kg/m2, and <41 cm2/m2 for females. The interaction between sarcopenia and cancer has been the focus of research in recent years, and a large number of studies have proved that sarcopenia often predicts poor survival outcomes in tumor patients (12, 13). Besides, Zhi-Bin Ke et al. also demonstrated that lower relative visceral fat area was vital independent predictors of response to intravesical BCG immunotherapy and was associated with preferable prognosis in NMIBC patients (19). This is the first study to explore the relationship between sarcopenia and response to intravesical BCG instillation. The mechanisms underlying the prognostic value of sarcopenia in response to intravesical BCG instillation may include the following two points. First, sarcopenia often occurs in the elderly and often represents poor nutritional status, so their immune function and response to BCG are poor. In addition, skeletal muscle is no longer considered as a pure motor unit, but more and more considered as an organ with immune regulatory properties in the past two decades. IL-15 is a muscle derived myokine that can regulate the proliferation and activation of natural killer cells, CD8 + T cells, and B-cells in the circulation to enhance immunity (23). More importantly, Emma Kurz et al. identifies an important role for exercise in driving an immune-mediated anti-tumor effect in pancreatic cancer through the activation of the IL-15/IL-15Rα axis (24). Therefore, lower levels of some myokines in patients with sarcopenia may affect the efficacy of intravesical BCG instillation. Third, studies have shown that the mechanism of BCG is mainly the increase of T lymphocytes, with a predominance of T helper/inducer cells. Cytokines associated with the development of sarcopenia, such as transforming growth factor (TNF)-β (25) and interleukin (IL)-6 (26), cause T-cell exhaustion, leading to BCG failure in NMIBC patients. Taking sarcopenia as one of the predictors of response to intravesical BCG can improve the accuracy of prediction and select patients with poor intravesical BCG effect as soon as possible for follow-up treatment, so as to avoid recurrence or progression to MIBC.

We also proved that SII value preoperatively evaluated could be a valuable tool to predict BCG response in patients with NMIBC. The results of this study showed that NLR, PLR and SII of BCG non-responders were significantly higher than those of BCG responders. ROC curve revealed that SII was superior to NLR or PLR in predicting the response to intravesical BCG treatment. We also proved that SII value preoperatively evaluated was a valuable tool to predict BCG response and an independent prognostic factor for RFS after BCG therapy in intermediate- and high- risk NMIBC patients. Moreover, we proved that SII combined with sarcopenia can predict response to intravesical BCG immunotherapy and RFS in intermediate- and high- risk NMIBC patients.

In recent years, more and more attention has been paid to the relationship between systemic inflammation and muscle consumption (27, 28). Interestingly, both sarcopenia and inflammation are common in the elderly, who are prone to bladder cancer. Persistent inflammation may contribute to sarcopenia (29). The inflammatory response would have consumed energy and proinflammatory cytokines such as IL-6, TNF-α could lead to muscle damage (30). Moreover, the dysfunction of skeletal muscle tissue can release TNF, TWEAK and IL-6, leading to chronic inflammatory response (31). In this study, we also found that patients with sarcopenia had significantly higher SII value than patients without sarcopenia. The mechanisms underlying the inflammatory response and sarcopenia during NMIBC may lead to new treatments to prevent sarcopenia in NMIBC patients, and may find novel methods to treat bladder cancer. Furthermore, sarcopenia and inflammation are closely related and promote each other in NMIBC patients (32), and they all damage the immune function. Therefore, we believe that SII accompanied by sarcopenia has significant value in predicting response to BCG in NMIBC patients.

There are some limitations in this study. First, results should be interpreted with caution due to its retrospective nature and limited sample size. Second, although CT is the gold standard imaging modalities for assessing muscle mass and quality, there is no clear cutoff value to identify sarcopenia. In this study, we used criterion defined by Martin et al. (22), which has been used to define sarcopenia in most previous studies on bladder cancer (33). Third, this study only included the Chinese population and did not represent other ethnic groups. Despite these limitations, this is the first study to explore that sarcopenia and SII are predictors of response to intravesical BCG in intermediate- and high- risk NMIBC patients.



Conclusion

Both sarcopenia and high SII were useful predictors of response to intravesical BCG in intermediate- and high-risk NMIBC patients. Patients with intermediate- and high-risk NMIBC that had sarcopenia or high SII at diagnosis were associated with poor RFS, and the combination of sarcopenia and SII may be a better predictor of RFS.
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Background

Renal cell carcinoma (RCC) is the most common kidney cancer in adults. According to the histological features, it could be divided into several subtypes, of which the most common one is kidney renal clear cell carcinoma (KIRC), which contributed to more than 90% of cases for RCC and usually ends with a dismal outcome. Previous studies suggested that basement membrane genes (BMGs) play a pivotal role in tumor development. However, the significance and prognostic value of BMGs in KIRC still wrap in the mist.



Methods

KIRC data were downloaded from the Gene Expression Omnibus (GEO) and The Cancer Genome Atlas (TCGA) databases. A prognostic risk score (PRS) model based on BMGs was established using univariate and least absolute shrinkage and selection operator (LASSO) and the Cox regression analysis was performed for prognostic prediction. The Kaplan-Meier analysis, univariate Cox regression, multivariate Cox regression, receiver operating characteristic (ROC) curves, nomogram, and calibration curves were utilized to evaluate and validate the PRS model. All KIRC cases were divided into the high-risk score (HRS) group and the low-risk score (LRS) group according to the median risk scores. In addition, single-sample gene set enrichment analysis (ssGSEA), immune analysis, tumor microenvironment (TME) analysis, principal component analysis (PCA), and half-maximal inhibitory concentration (IC50) were also applied. Expression levels of BMGs were confirmed by qRT-PCR in both human renal cancer cell lines and tissues.



Results

We established the BMGs-based prognostic model according to the following steps. Within the TCGA cohort, patients’ prognosis of the HRS group was significantly worse than that of the LRS group, which was consistent with the analysis results of the GEO cohort. PCA patterns were significantly distinct for LRS and HRS groups and pathological features of the HRS group were more malignant compared with the LRS group. Correlation analysis of the PRS model and TME features, such as immune cell scores, stromal cell scores, and ESTIMATE values, revealed a higher immune infiltration in the HRS group compared with the LRS group. The chemotherapeutic response was also evaluated in KIRC treatment. It showed that the HRS group exhibited stronger chemoresistance to chemotherapeutics like FR-180204, GSK1904529A, KIN001-102, and YM201636. The therapeutic reactivity of the other 27 chemotherapeutic agents was summarized as well. Furthermore, the FREM2 level was measured in both human kidney tissues and associated cell lines, which suggested that lower FREM2 expression prompts a severer pathology and clinical ending.



Conclusions

Our study showed that KIRC is associated with a unique BMG expression pattern. The risk scores related to the expression levels of 10 BMGs were assessed by survival status, TME, pathological features, and chemotherapeutic resistance. All results suggested that FREM2 could be a potential candidate for KIRC prognosis prediction. In this study, we established a valid model and presented new therapeutic targets for the KIRC prognosis prediction as well as the clinical treatment recommendation, and finally, facilitated precision tumor therapy for every single individual.
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Background

Renal cell carcinoma (RCC) is a type of urinary cancer contributing to approximately 2.4% of all types of cancers (1). It has high mortality and recurs easily. Clear cell renal cell carcinoma (ccRCC), papillary renal cell carcinoma (pRCC), and chromophobe renal cell carcinoma (chRCC) occupied ratios of 90%, 6% to 15%, and 2% to 5% of all renal cancers, respectively. The mainstream therapies for KIRC contains surgical resection, chemotherapy, and radiotherapy, however, all treatments showed limited effects (2).

Basement membranes (BMs) is a unique form of extracellular matrix (ECM) and acted just like a barrier for restraining cancer cells’ propagation to a distant place (3). Dynamic remodeling of the ECM usually participates in cancer development (4). The altered tumor microenvironment (TME) promotes tumor growth by pathologically remodeling ECM (5). BMs contain multiple components that determine the histological morphology framework, function in stress adaptation, and selective permeation (6). A large number of BM genes (BMGs) and their related mutations have been proved to be involved in multiple human diseases (7, 8). The TME, including various cellular components, ECM, and soluble growth factors, is highly related to tumor progression (9). The BMs is also an important histological boundary to distinguish the non-invasive (carcinoma in situ) and invasive tumors (10). BMs damage exacerbates local metastasis and the invasion of tumor cells (11).

Due to the noticeable function of BMs in tumor development, exploration of BMs-associated biomarkers and potential therapeutic targets to inhibit tumor progression has remarkably attracted researchers’ attention. For instance, the epithelial-mesenchymal transition of the BMs enables cells with an epithelial phenotype to transform to a quasi-mesenchymal phenotype, which could promote tumor metastasis from the initial location to distant organs (12). Collagen, laminin, and integrins are major components of bone marrow that contribute to tumor cell metastasis, and they are considered important anticancer targets (12). Also, cell migration could be strictly regulated by BMs, of which the breakdown is also a crucial step for allowing tumor progression (13).

In this article, a comprehensive evaluation of 541 KIRC datasets and 72 normal kidney tissue datasets was performed, and a BM-dependent prognostic risk score (PRS) model was developed. The PRS model is capable of independently predicting KIRC patients’ outcomes, and their chemotherapeutic resistance to FR-180204, GSK1904529A, KIN001-102, and YM201636 as well. In addition, we assessed its predictive value, diagnostic efficacy, chemotherapeutic effect, immunotherapeutic effect, and tumor immune infiltration in KIRC patients. These findings provide new insight into the involvement of the BMs in the therapy of KIRC.



Materials and methods


Microarray datasets

The study flowchart is shown in Figure 1. We extracted RNA-seq datasets from the TCGA database (14), involving 541 KIRC samples and 72 normal kidney samples, as well as clinical data of 537 KIRC cases retrieved from the TCGA database. The GEO database was utilized to access microarray data distribution for GEO: GSE167573 via the GPL20795 platform (15). Using an annotation platform, it was attempted to transform the Entrez gene ID of each sample to the associated gene symbol. In the case of targeting the same Entrez gene ID via multiple probes, the average value was used. A combination of individual RNA-seq data was carried out by sample ID using Perl.




Figure 1 | The flow diagram of this research.





Acquisition of BMGs

In a recent study, 224 BMGs were identified (7). The expression levels of 224 BMGs were then extracted from TCGA and GEO cohorts [FDR< 0.05, log2 (fold-change (FC)] > 1]. The “limma” R package was used to identify differential expressed genes (DEGs). Additionally, 106 BMGs with common differences between TCGA and GEO cohorts were selected.



Identification of genes with differential expression and functional enrichment

The “limma” R package was utilized for the analysis of the differential expression of BMGs in cancerous and normal tissue specimens. It was attempted to consider the statistical significance of genes with FDR< 0.05. The “org.Hs.eg.db” R package was utilized, in order to transform each DEG’s gene symbol into an Entrez Gene ID. Using the “clus-terProfiler” R package, KEGG pathway enrichment and GO analyses were carried out on DEGs to figure out the primary biological characteristics and cell functioning pathways (P< 0.05). Finally, we employed the “enrichplot” and “ggplot2” R packages to illustrate the results of the enrichment analyses.



Construction and validation of a PRS model

Samples attained from TCGA and those samples from GSE167573 were designated as training datasets and test datasets, respectively. Using the ID of each sample, it was attempted to combine the expression levels of differentially expressed BMGs of each sample with the relevant prognostic outcomes. Prognosis-associated genes (PAGs) were identified using univariate Cox regression (uni-Cox-reg) on differentially expressed BMGs from the TCGA (training dataset) and GEO (test dataset). The “maftools” R package was applied for the analysis of the mutation and the associated genes in the training dataset of KIRC samples. The analysis of PAGs was performed via the “glmnet” R package with the assistance of the least absolute shrinkage and selection operator (LASSO), which develop a PRS model that could accurately predict overall survival rate (OS) of KIRC samples. The estimation of the penalty parameter of the model was carried out via the 10-fold cross-validation. The following formula was utilized for calculating the risk score of each sample: risk score  , in which “expre” represents the gene expression levels from the PRS model, and “coef” indicates non-zero regression coefficients derived by LASSO regression analysis (Supplementary Table 2). Division of samples into high-risk score (HRS) group and low-risk score (LRS) group was carried out using the median value of risk scores. The log-rank test and Kaplan-Meier analysis were utilized to compare OS-related differences between the two above-mentioned groups. The “survivalROC” R package was utilized to plot the time-dependent ROC curves, which assisted in investigating the accuracy of predictability of the PRS model. The validity and accuracy of the PRS model were verified via the test dataset.



Principal component analysis

With the assistance of the “limma” R package, PCA of the PRS model and differentially expressed BMGs from the TCGA were conducted to compare the two above-mentioned groups. First, using PCA, expression patterns of all the differentially expressed BMGs were assessed. Then, the expression patterns of BMGs attained from the PRS model were assessed using PCA. The PCA results were illustrated via the ggplot2 R package.



Association of risk scores with clinical characteristics

In the TCGA cohort, using the sample ID, we incorporated clinical features with the risk score of each sample. The association between risk scores and clinical features was investigated by the “limma” R package. It was attempted to collect KIRC-related clinical data from the GEO cohort to analyze the association between risk scores and clinical features. Clinical features between two or more groups were compared via Kruskal-Wallis and Wilcoxon rank-sum tests. P< 0.05 indicated a significant difference.



Gene set variation analysis

The “GSVA” R package was employed to compare differences in biological processes between the two above-mentioned groups. Assessment of pathway changes or biological processes is feasible via GSVA, owing to its non-parametric and unsupervised features, via expression matrix samples (16). The “c2.cp.kegg.v7.4.symbols” was obtained from the GSEA database (https://www.gsea-msigdb.org/gsea/msigdb) (17). A statistically significant enrichment pathway was demonstrated by FDR<0.05.



Predicting potential compounds for the treatment of KIRC

The pRRophetic R package was employed to predict the IC50 of common chemotherapeutic drugs (18). IC50 indicates a substance’s efficacy in terms of inhibiting particular biochemical or biological functions. We employed Wilcoxon signed-rank test to assess group differences. Using the “pRRophetic”, “limma”, “ggpub”, and “ggplot”2 R packages, compounds that could be used for KIRC treatment were predicted.



GO and KEGG pathway enrichment assays

Differentially expressed BMGs in cancerous and normal tissue specimens were screened. Through the “clusterProfiler” R package, GO and KEGG enrichment analyses of these genes were performed (19).



Estimation of TME

The ssGSEA was conducted using the “GSEABase” and “GSVA” R packages to assess immune-associated infiltration in each TCGA cohort sample. Moreover, the gene sets were taken from the previous work to evaluate immune-associated characteristics in TME, including numerous human immune-associated functions and immune cell subtypes, such as regulatory T cells (Tregs), NK T cells, CD8+ T cells, etc (Supplementary Table 3) (16, 20). The difference in the enrichment scores between the LRS and HRS groups was analyzed via the ssGSEA algorithm. The association between immune cells and risk scores was predicted using “TIMER”, “EPIC”, “MCPcounter”, “QUANTISEQ”, “CIBERSORT”, “XCELL”, and “CIBERSORT” to assess immune infiltration status (21). P< 0.05 indicated statistical significance.



Cox regression analysis and nomogram development

We constructed nomograms containing clinical features and PRS models through the “rms” R package to predict the OS of KIRC specimens on the basis of the TCGA cohort. Prediction of the accuracy of the nomogram was conducted via time-dependent calibration curves. Using multivariate Cox regression (multi-Cox-reg) analysis, we determined whether the PRS model was an independent indicator of OS in KIRC. ROC curves were utilized to calculate the AUC value, which showed the diagnostic value of the nomogram.



Patients’ recruitment and ethical statement

We recruited 6 patients with kidney cancer who received partial and radical nephrectomy at Wuhan Third Hospital from August 2021 to August 2022. The protocol passed the approval of the Ethics Committee of Wuhan Third Hospital. All patients were diagnosed with renal cell carcinoma.



Cell culture

HK-2, ACHN, and CAKI cell lines were attained from a company (BNCC, Henan, China). The culture of HK-2, ACHN, and CAKI cell lines in DMEM-F12 and RPMI-1640 was undertaken at 37°C media with 1% streptomycin-penicillin and 10% FBS (Gibco).



RNA extraction and qRT-PCR

RNA isolation kit (R6934-01, Omega Bio-Tek, USA) was attempted to extract total RNA from the three above-mentioned cell lines on the basis of the manufacturer’s protocol. TOYOBO ReverTra Ace qPCR RT kit was utilized for reverse transcription. A Bio-Rad CFX Manager system was employed to carry out real-time PCR. The FREM2 expression level was calculated using the 2−ΔΔCq method (22). The primers are presented in Table 1.


Table 1 | Primers designed for qRT-PCR.





Statistical analysis

Spearman correlation analysis was employed to calculate correlation coefficients. Using the Kaplan–Meier method, the Cox regression model, and the 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 a significant difference. R 4.2.0 software was utilized to process data statistically.




Results


Enrichment analysis of samples

The expression levels of BMGs in cancerous and normal samples were compared. 106 differentially expressed BMGs in KIRC tissue samples were obtained, involving 67 upregulated and 39 downregulated differentially expressed BMGs (Figures 2A, B). The differentially expressed BMGs are listed in Supplementary Table 1. The results of Gene Ontology (GO) enrichment analysis revealed that ECM tissues, collagen-containing ECM, and ECM structural components were highly enriched for GO terms (Figure 2C). The results of the Kyoto Encyclopedia of Genes and Genomes (KEGG) pathway enrichment assay indicated that ECM receptor interaction terms were highly enriched (Figure 2D). Collectively, the role of BMGs in the KIRC progression is noteworthy.




Figure 2 | Differentially expressed BMGs in KIRC cases. (A) Enrichment plot of 106 BMGs in normal and tumor tissues. (B) The volcano plot of 106 differentially expressed BMGs with differential expression. (C, D). Noticeable enrichment of GO terms and KEGG pathways of 106 BMGs. (E) The forest plot illustrated a uni-Cox-reg analysis of the association of 16 BMGs with prognosis.





Development and validation of the PRS model

In the TCGA cohort, uni-Cox-reg analysis was employed for the analysis of 106 differentially expressed BMGs, of which 16 PAGs were identified (P< 0.05) (Figure 2E). The profile of somatic mutation of the 16 prognosis-associated BMGs was analyzed. It was revealed that 34 of 357 KIRC samples had mutations in BMGs, as indicated in Figure 3A, with a frequency of 9.52%. FREM2 had a higher frequency of mutations than COL6A2. P3H1, SERPINF1, and TIMP1 showed no mutations in KIRC samples. Further analysis revealed a mutation association between CD44 and FREM2, COL6A2 and FREM2, and COL5A1 and CD44 (Figure 3B). LASSO regression analysis was employed to reduce the number of genes studied. Ten genes (COL4A4, FREM2, P3H1, SERPINF1, TLL1, ACHE, ADAMTS14, CD44, MMP17, and NPNT) were used in the development of a PRS model (Figures 4A, B). The following formula was utilized for calculating the risk score: COL4A4 × (-0.000332379306699992) + FREM2 × (-0.0453284014970285) + P3H1 × (0.286241547319786) + SERPINF1 × (0.00925436343813996) + TLL1 × (-0.0039265754833404) + ACHE × (0.104431990160361) + ADAMTS14 × (0.192192783740491) + CD44 × (0.0481638351937017) + MMP17 × (0.0880107569563803) + NPNT × (-0.121725611636459) (23), which was exhibited in Supplemental Table 2. The PRS model developed to distinguish between high- and low-risk KIRC samples is illustrated in Figures 4C, D.




Figure 3 | Mutations in BMGs. (A) The mutation frequency of 16 BMGs in 357 KIRC cases from the TCGA cohort. (B) The analyses of mutational co-occurrence and exclusion for 16 BMGs.






Figure 4 | Developing a PRS model using 10 BMGs. (A) Identification of 10 BMGs for a PRS model. (B) The LASSO coefficients of the 10 BMGs. (C) PCA on the basis of BMGs in KIRC. (D) PCA on the basis of risk scores to discriminate low- and high-risk score patients in the TCGA cohort. (E) Kaplan–Meier survival curves of OS in LRS and HRS groups in the GEO cohort. (F) Kaplan–Meier survival curves of OS in LRS and HRS groups in the TCGA cohort. (G) The comparison of PFS between LRS and HRS groups in the TCGA cohort.





Risk scores and clinical characteristics

On the basis of the median value of the risk scores of the samples in the training dataset, the division of the risk scores of the samples into the LRS group (n = 266) and HRS group (n = 266) was carried out. In the TCGA cohort, a poorer prognosis was identified in the HRS group compared to the LRS group (P = 0.001; Figure 4E). Additionally, in TCGA cohort, the progression-free survival (PFS) was worse in the HRS group than that in the LRS group (Figure 4F). To validate the accuracy of the PRS model, the samples from the GSE167573 were divided into the LRS group (n = 15) and the HRS group (n = 40). Based on the median values achieved from the TCGA. In the GSE167573, since a worse prognosis was found in the HRS group than that in the LRS group, it was shown that the PRS model predicted OS in cases with KIRC (Figure 4G). On the basis of the results of univariate and multivariate analyses, age, pathological stage, and risk score could independently predict OS (Figures 5A, B). The PRS model was verified by plotting 1-, 3-, and 5-year receiver operating characteristic (ROC) curves (Figure 5C). The results of the area under the ROC curve indicated that the risk score (AUC=0.741) had a better prognostic value than the other indicators (Figure 5D). We further analyzed the correlation of risk scores with gender, age, grade, American Joint Committee on Cancer (AJCC) TNM stage and pathological stage in clinical samples (24). However, there was no statistically significant relationship between risk score and age (Supplementary Figure 1A). Compared to women, men had higher risk scores (Figure 5E). Risk scores related to grade and advanced pathological stages, including AJCC-T (tumor invasion), AJCC-N (lymphoid metastasis), and AJCC-M (lymphoid metastasis) stages (distal metastasis) (Figures 5F–J).




Figure 5 | The prognostic value of the basement membrane score combined with pathological features in the TCGA cohort. (A, B). The multi-Cox-reg and uni-Cox-reg analyses of the risk score and clinical variables in association with overall survival. (C, D). The 1-, 3-, and 5-year ROC curves were plotted to indicate the association of the risk scores with clinical characteristics. (E–G). The relationship of pathological features [that’s gender (E), grade (F), TNM stage (G), tumor invasion (H), lymphoid metastasis (I), and distal metastasis (J)] with risk scores.





Construction of nomogram

To evaluate the sensitivity and specificity of the model for prognosis. We performed a nomogram via incorporation of age, gender, pathological stage, grade, and PRS for the purpose of predicting OS in KIRC samples (Figures 6A, B). On the basis of the findings of uni-Cox-reg and multi-Cox-reg analyses, the nomogram model, age, and pathological stage were independent prognostic factors (Figures 6C, D). Based on the 1-, 3-, and 5-year calibration curves, the nomogram could accurately predict OS in cases with KIRC (Figure 6E). The AUC values indicated that the predictability of nomogram (AUC= 0.847) was greater compared to age (AUC=0.588), pathological stage (AUC=0.712), grade (AUC=0.688), and PRS model (AUC=0.760).




Figure 6 | The predictive value of nomogram design and nomogram scores when combined with pathological features in the TCGA cohort. (A) Nomogram predicting 1-, 3-, and 5-year OS in the TCGA cohort. (B) The calibration curves for 1-, 3-, and 5-year OS. (C, D). The multi-Cox-reg and uni-Cox-reg analyses of the nomogram and pathological features. (E) ROC curves for BM scores, nomogram, and pathological features.





Immune-associated characteristics

The positive association of risk score with NK T cells, cancer-associated fibroblasts, Tregs, M1 macrophages, CD4 + T cells, Th1 cells etc. was shown in the resutls. The risk score was negatively associated with neutrophils, CD4+ T cells, and CD8+ T cells (P< 0.05) (Figure 7A, Supplementary Table 3). The HRS group showed higher immune cell scores, stromal cell scores, and ESTIMATE values, indicating a higher immunological infiltration level in the HRS group (Figures 7B–D). It was suggested that there was a different TME in the HRS and LRS groups. The ssGSEA revealed a relatively higher proportion of immune cells and immune function in the HRS group (Figures 7E, F). The majority of the immune checkpoints were significantly activated in the HRS group (Figure 8Q), thus, individualized immunosuppression was suggested for the treatment of cases with KIRC (25).




Figure 7 | The role of basement membrane model in the immunotherapy. (A) The immune cell bubble of risk groups. (B–D). Immune-related scores in LRS and HRS groups. (E, F). The relative proportions of immune cells and immunological activities were assessed using ssGSEA in the HRS and LRS groups. *p< 0.05, **p< 0.01, and ***p< 0.001.






Figure 8 | The immunotherapeutic prognosis for risk-dependent groups. (A–D). The negative association of patients’ risk scores with IC50 values for chemotherapeutics. (E–H). IC50 values for chemotherapeutics in the HRS group were higher compared to the LRS group. (I–L). The negative association of patients’ risk scores with the IC50 values of chemotherapeutics. (M–P). The IC50 values of chemotherapeutic agents were lower in the HRS group compared to the LRS group. (Q). The expression levels of 18 checkpoints in various risk categories. *p< 0.05, **p< 0.01, and ***p< 0.001.





Prediction of patients’ response to chemotherapy

The association of risk scores with poor prognosis was confirmed, and we further investigated the correlation between chemoresistance and risk scores. Half of the maximum inhibitory concentration (IC50) of the chemotherapy in the TCGA cohort was predicted using the “pRRophetic” R package (26). Samples with a high-risk score were insensitive to chemotherapeutic drugs, such as FR180204, GSK1904529A, KIN001102, and YM201636 (Figures 8A–H). Except for four chemotherapy drugs (FR-180204, GSK1904529A, KIN001-102, and YM201636) that had higher IC50 values in the HRS group (Figures 8I–P), the remaining 27 chemotherapy drugs had lower IC50 values in the HRS group (Supplementary Figure 2) and risk score negatively correlates with chemotherapy resistance (Supplementary Figure 3). Therefore, patients’ responses to most of the chemotherapy drugs in the HRS group were superior to those in the LRS group.



GSVA

To investigate the differences in biological functions between low- and high-risk groups, we performed GSVA enrichment analysis. The “c2.cp.kegg.v7.4” gene sets were available in the Molecular Signatures Data Base (MSigDB), and they were utilized in GSVA for the analysis of the biological behaviors in the two above-mentioned groups. Most metabolic pathways, e.g, fatty acid metabolism and propanoate metabolism, would be remarkably enriched in the LRS group (Supplementary Figure 1B). A negative correlation of risk scores with metabolic pathways was confirmed. There was no significant enrichment of pathways in the HRS group.



Verification of prognostic BMGs in the GEO and TCGA cohorts

To investigate target genes in basement membrane genes that can be used as predictors of clinicopathology and prognosis. We analyzed prognostic BMGs in the TCGA and GEO cohorts by univariate cox regression (Figure 2E; Supplementary Figure 4), and plotted the Venn diagram to obtain the intersected BMGs (Figure 9A). The FREM2 expression level was reduced in cancerous tissues compared to normal tissues (Figure 9B). FREM2 expression levels remarkably differed between the HRS and LRS groups (P< 0.001). A noticeably higher survival rate was found in the HRS group, which was compatible with the expression level in the normal and cancerous tissues (Figure 9C). To further figure out the accuracy of the FREM2 gene in predicting renal cancer, the ROC curve of the FREM2 gene was plotted and AUC was 0.941, indicating that FREM2 could be utilized as a potential prognostic indicator for KIRC (Figure 9D). We obtained immunohistochemical data on FREM2 expression level in kidney cancer from the Human Protein Atlas database (27), We further verified the expression level of FREM2 in human kidney cancer and normal tissues by qRT-PCR (Figures 9E, F). In addition, we verified the FREM2 expression level in kidney cells by qRT-PCR, and the FREM2 expression level was higher in HK-2 normal kidney cells and lower in kidney tumor cells (ACHN and CAKI cell lines), which was basically consistent with the human tissue verification results (Figure 9G). In addition, FREM2 expression decreased as the tumor stage advanced (Figures 10A–G). FREM2 expression decreased and was associated with poor prognosis. TME immune cell infiltration differences between high and low FREM2 expression patients were explored using the FREM2 median expression value as the cutoff value. Tumors with low FREM2 expressions had significantly increased infiltration in Tregs than patients with high expressions (Figure 10H). Collectively, FREM2 may be a therapeutic target or biomarker for KIRC.




Figure 9 | The prognostic BMGs were verified by uni-Cox-reg analysis. (A) Uni-Cox-reg analysis and the intersection of BMGs in the TCGA and GEO cohorts. (B) Paired differentiation analysis of FREM2 expression in cancerous and normal specimens from the same patient (P = 0.00000000000048, by the WRS test). (C) Various FREM2 expression levels were utilized to carry out survival analysis. Patients were clarified into high or low expression levels on the basis of the median expression level (P< 0.001 by the log-rank test). (D) ROC curves were plotted to evaluate the FREM2’s most accurate predicting ability. (E) Immunohistochemistry of FREM2 in normal and tumor tissues of the kidney. (F) The qRT-PCR findings of FREM2 in cancerous and normal kidney specimens (P< 0.01). (G) The qRT-PCR findings of FREM2 in renal cell lines. **p< 0.01 and ***p< 0.001.






Figure 10 | The relationship between FREM2 expression level and pathological features, as well as immune cell in patients with high and low FREM2 mRNA expression. (A–G). The relationship of FREM2 expression level and clinicopathological features. (H) The relative proportion of immune cells using ssGSEA in patients with high and low FREM2 mRNA expression. *p< 0.05, **p< 0.01, and ***p< 0.001.






Discussion

The BMs are necessary for the development of epithelial tissues and organs. Moreover, changes in the structural integrity and composition of the BMs are noticeably associated with the tumor development (28). In clinical practice, tumors located on the epithelial side of the BMs are considered as benign, while tumors penetrating the BMs are malignant, and thus, they may acquire the potential for metastasis (29). In order to metastasize, tumor cells invade via penetrating BMs, however, the precise mechanism indicating which tumor cells can penetrate BMs remains obscure. The two most abundantly expressed proteins in the BMs are collagen IV and laminin, of which collagen IV is the main structural backbone of BMs, while laminin facilitates cell signaling (30). It has been suggested that invasion of BMs is due to the action of proteases, and in particular, chemical degradation of BMs by matrix metalloproteinases (MMPs) occurs, while clinical trials on MMP inhibitors have failed to achieve outstanding results (31, 32). It has also been demonstrated that the stiffness of BMs is a critical determinant of tumor cells’ ability to penetrate BMs (3). Studies have noticeably concentrated on the function of a single BM component in tumors, whereas the exact role of BMGs in tumors is worthy of exploration. The function of BMGs in KIRC should be essentially unveiled to provide guidance for its clinical treatment. This is the first study to explore the association of BMGs with KIRC.

We first extracted 106 differentially expressed BMGs in the cancerous and normal kidney tissues, and these BMGs were utilized to estimate the PRSs in TCGA and GEO cohorts. We developed a PRS model for the prediction of OS in renal cancer in the TCGA cohort that would be advantageous to better figure out the significance of the BMGs. A difference was identified in survival between the HRS and LRS groups. The test dataset showed identical results, indicating the accurate prognostic function of the PRS model. On the basis of the results of the multivariate analysis, the PRS model and nomogram can be used as independent prognostic tools. In addition, ROC curves could be plotted the via incorporation of pathological features with the PRS model and the nomogram. The results revealed that the nomogram could more accurately predict patient survival.

To further find out the role of prognostic risk scoring models in KIRC, patients’ response to chemotherapeutic agents in the LRS and HRS groups was evaluated. A positive association of patients’ response to chemotherapeutic agents (FR−180204, GSK1904529A, KIN001−102, and YM201636) with risk scores was confirmed, and the remaining risk scores were negatively associated with 27 chemotherapeutic agents. Thus, cases in the HRS group were sensitive to most chemotherapeutic drugs and were chemo-resistant to a small number of chemotherapeutic drugs. A higher immune infiltration was also identified in the HRS group compared to the LRS group. The majority of immune checkpoint inhibitors (ICIs) were also more activated in the HRS group. Therefore, it is feasible to select appropriate ICIs for KIRC patients regrouped by risk patterns. In clinical practice, ICIs are an effective treatment for KIRC and other malignancies. However, only a few cases have a durable response to ICI therapy, indicating the necessity of providing individualized immunotherapy for such patients. In the present study, a higher proportion of suppressor T cells was identified in the HRS group, including Tregs and immune and inflammatory cells. CD8+ T cells are the immune cells that could be utilized for targeted cancer therapy. An immune checkpoint blocker, CTLA4, was significantly activated in the HRS group. CTLA4 is limited to the activated T cells and Tregs, and CTLA4 impedes tumor progression by depleting Tregs and modulating Treg suppressive activity (33), and therefore, anti-CTLA4 antibodies are indicated in patients with high risk scores. BMGs in KIRC significantly differed between the LRS and HRS groups.

To further explore the DEGs in the two above-mentioned groups, we identified the prognosis-related risk difference genes by the uni-Cox-reg model, and mapped the intersection of TCGA prognosis risk difference genes and GEO-related risk prognosis difference genes by the Venn diagram, and FREM2 was found to be essential. In this study, FREM2 has the highest mutation frequency among differentially expressed BMGs. FREM2 encodes a protein that is primarily localized to the BMs. This protein is critical for skin and renal epithelial integrity. It was previously shown that the high FREM2 expression in tumor tissues, and mutations in FREM2 exhibited an association with poorer prognosis of cancer patients (34). We further validated FREM2 expression level in human kidney tissues and cells, and found that the staging of pathological features was negatively correlated with the level of FEM2 expression. However, the present study also has some limitations. Our risk assessment data for basement membrane genes were obtained from public databases, and there is a lack of additional external transcriptomic information to validate the role of basement membrane genes in KIRC. the specific molecular mechanisms of basement membrane genes in KIRC are unknown, so further molecular experiments are needed. On the other hand, there were 72 normal samples and 541 tumor samples in our kidney samples. The heterogeneity of the samples may affect the accuracy of the data analysis.



Conclusions

In summary, PRS for BMGs were positively correlated with clinical characteristics (age, gender, grade, and pathological stage). In addition, risk scores can predict patients’ sensitivity to chemotherapy. Therefore, risk scores and clinical stages directly guide the clinical management of patients. This study provided a valid model for predicting the prognosis of KIRC, as well as the clinical treatment, thus facilitating the development of individualized tumor therapy. According to human samples and in vitro research, FREM2 can be utilized as a prognostic biomarker for KIRC. However, it is advised to conduct additional research to figure out the role and mechanism of BMGs in KIRC patients and to develop new treatments.
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Background

Transurethral resection of the bladder tumor with or without adjuvant intravesical instillation (IVI) has been the standard treatment for non-muscle-invasive bladder cancer (NMIBC), whereas a high percentage of patients still experience local tumor recurrence and disease progression after receiving the standard treatment modalities. Unfortunately, current relevant prediction models for determining the recurrent and progression risk of NMIBC patients are far from impeccable.



Methods

Clinicopathological characteristics and follow-up information were retrospectively collected from two tertiary medical centers between October 2018 and June 2021. The least absolute shrinkage and selection operator (LASSO) and Cox regression analysis were used to screen potential risk factors affecting recurrence-free survival (RFS) of patients. A nomogram model was established, and the patients were risk-stratified based on the model scores. Both internal and external validation were performed by sampling the model with 1,000 bootstrap resamples.



Results

The study included 299 patient data obtained from the Affiliated Hospital of Xuzhou Medical University and 117 patient data obtained from the First Affiliated Hospital of Guangxi Medical University. Univariate regression analysis suggested that urine red blood cell count and different tumor invasion locations might be potential predictors of RFS. LASSO-Cox regression confirmed that prior recurrence status, times of IVI, and systemic immune-inflammation index (SII) were independent factors for predicting RFS. The area under the curve for predicting 1-, 2-, and 3-year RFS was 0.835, 0.833, and 0.871, respectively. Based on the risk stratification, patients at high risk of recurrence and progression could be accurately identified. A user-friendly risk calculator based on the model is deposited at https://dl0710.shinyapps.io/nmibc_rfs/.



Conclusion

Internal and external validation analyses showed that our model had excellent predictive discriminatory ability and stability. The risk calculator can be used for individualized assessment of survival risk in NMIBC patients and can assist in guiding clinical decision-making.





Keywords: predictive indicator, risk factor, bladder cancer, NMIBC, tumor recurrence, risk calculator, nomogram



Introduction

Bladder cancer is a common malignancy of the urinary system (1), which can be divided into two groups based on pathological stage: non-muscle-invasive bladder cancer (NMIBC) and muscle-invasive bladder cancer (MIBC) (2). MIBC accounts for approximately 30% of all cases, and even after radical cystectomy, the prognosis of patients in this group remains poor. On the other hand, NMIBC, which includes Ta, T1, and carcinoma in situ (CIS) stage, has a relatively good prognosis. The standard treatment for NMIBC has been transurethral resection of the bladder tumor (TURBT), with or without adjuvant intravesical instillation (IVI) of chemotherapy or bacillus Calmette-Guérin (BCG) therapy (3, 4). However, 40%-80% of initially treated NMIBC patients experience tumor recurrence, and approximately 15% eventually progress to MIBC (5–7). The risk-scoring models developed by the European Organisation for Research and Treatment of Cancer (EORTC) (3) and the Spanish Urological Organization (Club Urologico Español de Tratamiento Oncologico, CUETO) (4) have been widely used to predict the survival and prognosis of patients with NMIBC (8, 9). However, the above models did not take into account variables such as emerging biomarkers and tumor involvement sites.

The duration and intensity of tobacco smoking were already identified as the most important risk factors for the occurrence of bladder cancer and are considered to be also closely associated with its recurrence and progression (10–12). Interestingly, previous studies have suggested that differences in bladder tumor invasion locations may influence tumor pathology and patient prognosis (13–18). However, these studies have produced conflicting results and are limited by small sample sizes, variable study populations, and inconsistent definitions of tumor locations. Furthermore, systemic inflammatory response (SIR) indicators were also suggested to be associated with the prognosis of NMIBC (19–22). The fluctuations in the neutrophil-to-lymphocyte ratio (NLR) (23–26), platelet-to-lymphocyte ratio (PLR) (19, 22), systemic immune-inflammation index (SII) (27–30), and other SIR indicators have all been considered to have available predictive values for NMIBC patients’ survival. In addition, gross hematuria (31) and elevated body mass index (BMI) (32, 33) have also been described in previous studies as risk factors associated with NMIBC outcomes.

Previous studies have only focused on the analysis of newly identified individual risk factors. Due to the lack of a comprehensive evaluation, it was difficult to find the interrelationships between these variables, and therefore the performance of existing risk prediction models was limited. Meanwhile, models based on European and American cohorts are not necessarily applicable to Chinese populations. For the first time, in this study, we included urine red blood cell count (U-RBC) and times of IVI, along with other previously described statistically significant predictors, upon a full evaluation. Our study aimed to improve the predictive performance of survival outcomes for NMIBC patients and to demonstrate the feasibility and performance of the novel model in the real world through rigorous validation. Ultimately, we intended to establish a user-friendly risk calculator that is convenient for clinicians to utilize.



Materials and methods


Study population

This study complies with the Declaration of Helsinki and was approved by the Ethics Committee of the Affiliated Hospital of Xuzhou Medical University (XYFT2022-KL340-01) and the Ethics Committee of the First Affiliated Hospital of Guangxi Medical University (2022-E318-01). The requirement for written informed consent has been waived due to the retrospective study design. The medical records from the two tertiary medical centers were retrospectively searched for data on patients who were clinically diagnosed with “urothelial carcinoma of the bladder” from October 2018 to June 2021. The inclusion criteria used were as follows (1): patients with clear primary lesion (2); patients who had undergone a clear surgical approach (3); patients with postoperative histopathology confirming urothelial carcinoma of the bladder (4) patients with clear pathological staging records after surgery of non-muscle-invasive, and no lymph node invasion or distant metastasis (5); patients with complete clinical, laboratory, and follow-up data. Meanwhile, the exclusion criteria used were as follows (1): patients who received adjuvant therapy other than IVI before or after TURBT (2); patients with comorbid cancers (3); patients with tumor recurrence, progression, or death that occurred within one month from surgery. A study flow chart is shown in Figure 1.




Figure 1 | The flow chart for study inclusion and exclusion in the training cohort and external validation cohort. NMIBC, non-muscle-invasive bladder cancer; IVI, intravesical instillation; TURBT, transurethral resection of the bladder tumor.



Clinicopathological characteristics and follow-up information, including gender, age, BMI, smoking history, tumor status, previous symptoms, therapeutic schedule, etc., were collected. The pathological staging was evaluated according to the 2017 Tumor, Node, Metastasis classification of urinary bladder cancer (34). Meanwhile, the histological grading classification was performed following the World Health Organization 2004/2016 system. Preoperative inflammation-related markers, nutrition-related markers, and urine routine indices were also selected as potential predictive indicators. All laboratory parameters were collected within one week before surgery. Recurrence-free survival (RFS) was defined as the time from TURBT to the first evidence of either recurrence or progression, cancer-related death, or last follow-up.



Adjuvant intravesical instillation therapy

The perfusion drugs used in the study include BCG, pirarubicin, gemcitabine, epirubicin, and hydroxycamptothecin. Except for a few patients who refused postoperative IVI, all other patients received their immediate single instillation (SI) within 24 hours after TURBT, and then once a week for six to eight weeks (induction perfusion). The frequency of IVI was then changed to once a month, with a recommended duration of twelve months (persistence perfusion).



Statistical analysis

The indicators were transformed from continuous to categorical variables using the X-tile program[35], then compared using Chi-square tests. The Kaplan–Meier method was used to determine the clinical endpoints of patients, and the log-rank test was used to analyze them. The least absolute shrinkage and selection operator (LASSO) method was adopted for variable selection. The chosen variables were then included in the Cox regression analysis for calculating the hazard ratio (HR) with a 95% confidence interval (CI) to identify independent risk predictors. The nomogram was validated using Harrell’s concordance index (C-index). Meanwhile, the area under the receiver operating characteristics (ROC) curve (AUC) was used to evaluate the discrimination ability, and calibration curves were used to determine the calibration ability of the model. Both discrimination and calibration were assessed by bootstrapping with 1,000 resamples. The integrated discrimination improvement (IDI) (35) was used to show the improvement in the predictive accuracy of the nomogram. Decision curve analysis (DCA) (36) was performed to determine the clinical net benefit associated with using the predictive models at different threshold probabilities in the patient cohort. After building the model, the patients were stratified into low-risk, intermediate-risk, and high-risk groups by calculating the total points of individual patients and further evaluating the statistical differences between the groups. The programs X-tile 3.6.1 (http://tissuearray.org/), SPSS 26.0 (IBM Corp., Chicago, IL), and R 4.1.2 (http://www.R-project.org/) were used in performing the statistical analyses. A two-sided P-value<0.05 was considered to be statistically significant.




Results


Patient characteristics

In the training cohort, the data of 445 patients were collected, but after the screening, only 299 cases were finally included. The cut-off values for age at diagnosis and maximum tumor diameter were confirmed according to the latest European Association of Urology (EAU) criteria (37). The median follow-up time was 23 months (mean: 24 months, range: 1-45 months). The majority of patients were male (83.612%) and were younger than 70 years old (60.525%). Overweight subjects accounted for nearly half of the patients (46.154%). The majority of the tumors were classified in the Ta stage (60.535%), primary status (88.294%), high grade (63.211%), and less than 30 millimeter(mm) in size (73.913%). Nearly 60% of patients denied a smoking history. Most patients reported a history of painless gross hematuria in their previous self-reported symptoms or at follow-up (79.933%). Our medical center recommends that NMIBC patients receive SI followed by 6 to 8 weeks of induction perfusion and then 12 weeks of persistence perfusion after TURBT, and the training cohort was consistent with this, with most patients having more than 12 times of IVI (69.231%). Very few patients refused postoperative IVI or received SI only (12.040%). The distribution of baseline data in the external validation cohort was similar to that in the training cohort. The baseline demographics of the study cohort are summarized in Table 1.


Table 1 | Baseline demographics & clinical characteristics of the study population.





The overlapping relationships and predictive values of tumor invasion locations

The overlapping relationships of NMIBC invasion locations are shown in Figure 2A. Most tumors invade only the lateral wall of the bladder (26.421%). At the same time, nearly 60% of the tumors occurred with lateral bladder wall invasion. The five most frequent tumor invasion locations were: lateral wall of the bladder only (26.421%), posterior wall of the bladder only (11.371%), ureteric orifice only (5.351%), lateral wall and posterior wall (5.351%), and lateral wall and ureteric orifice (5.016%). The odds of tumor involvement at these locations in descending order were: lateral wall of the bladder, posterior wall of the bladder, anterior wall of the bladder, bladder neck, ureteric orifice, dome of the bladder, and trigone of the bladder. All three invasion locations that were statistically significant in the univariate regression analysis (bladder neck, trigone of the bladder, and anterior wall of the bladder) were retained after the LASSO regression (Table 2).




Figure 2 | (A) An UpSet plot showing the intersections between tumor invasion locations. (B) Plot showing the ten-fold cross-validation via minimum criteria for the selection of the optimal value of tuning parameter (λ). Dotted vertical lines were drawn at the value with the minimum criteria and one standard error of the minimum criteria. (C) The least absolute shrinkage and selection operator coefficient profiles of the 21 clinicopathologic features associated with recurrence-free survival. A dotted vertical line was drawn at the optimal λ value identified through ten-fold cross-validation. The resulting 10 predictors with non-zero coefficients were identified based on the log (λ1se) value. (D) Heat map showing the correlation between the patients’ clinicopathologic features based on Spearman’s rank correlation coefficient. BMI, body mass index; IVI, intravesical instillation; SII, systemic immune-inflammation index = platelet* neutrophil/lymphocyte.




Table 2 | Baseline characteristics and univariable Cox regression analysis of tumor invasion locations.





Screening for predictive factors

By including 21 clinicopathologic features in the LASSO regression analysis, 10 candidates with non-zero coefficients that are associated with RFS were identified (Figures 2B, C). The correlations between these variables were analyzed and visualized by a heat map using Spearman’s rank correlation coefficient (Figure 2D), which showed no significant correlations between these variables. These potential predictors were then included in the univariate Cox regression analyses. In the univariate regression (Tables 2, 3), T category, prior recurrence status, tumor number, times of IVI, SII, bladder neck invasion, trigone of the bladder invasion, and anterior wall of the bladder invasion were suggested to be associated with RFS (all p<0.05). The statistically significant variables in the univariate analysis were then assessed using multivariate Cox regression, which showed that prior recurrence status (HR [95% CI]: 2.65 [1.44-4.89], p=0.002), times of IVI (p<0.001), and SII (HR [95% CI]: 2.23 [1.28-3.87], p=0.005) were independent predictors of RFS (Figure 3).


Table 3 | Univariable Cox regression analysis after the LASSO regression analysis, without tumor invasion locations.






Figure 3 | Multivariate Cox regression analysis of the patients’ clinicopathologic features. N, number of patients; IVI, intravesical instillation; SII, systemic immune-inflammation index = platelet* neutrophil/lymphocyte.





Development of the nomogram

The nomogram was constructed based on the three identified variables (Figure 4A). Based on this model, all included subjects were scored individually. Patients were then classified as low-risk (<29.82 points), intermediate-risk (29.82-100.00 points), or high-risk (>100.00 points). The Kaplan–Meier survival analysis showed that the patients in the high-risk group had significant worse RFS than patients in the other two groups (p<0.0001; Figure 4B).




Figure 4 | (A) The constructed nomogram for predicting recurrence-free survival of non-muscle-invasive bladder cancer patients after transurethral resection of the bladder tumor. (B) Kaplan-Meier curves of low-risk, intermediate-risk, and high-risk groups based on the prediction of the nomogram. (C) Harrell’s concordance index for 1-, 2-, and 3-year recurrence-free survival of two models. (D) Decision-curve analyses demonstrate the net benefit of using the models. Model 1, the nomogram; model 2, model based on age, gender, T category, prior recurrence status, pathology grade, tumor number, and maximum tumor diameter. IVI, intravesical instillation; SII, systemic immune-inflammation index = platelet* neutrophil/lymphocyte.





Validation of the nomogram

In another model, we incorporated the variables included in the EORTC and CUETO systems (age at diagnosis, gender, T category, number of tumors, tumor size, pathological grade, and previous recurrence status). We defined it as model 2 and compared it to our nomogram model (model 1). The IDI (16%) indicated a significant improvement in the performance of model 1 compared to model 2. The C-index curve at different time points of model 1 was significantly higher than model 2 (Figure 4C). The DCA curve demonstrated that the net benefit associated with the utilization of model 1 is better than in model 2 (Figure 4D). The ROC curves showed that model 1 had an excellent predictive accuracy of the 1-, 2-, and 3-year RFS rates, with AUC reaching 0.835, 0.833, and 0.871, respectively (Figure 5A). The AUC of model 1 in the external validation cohort also showed great performance (Figure 5B). Moreover, model 1 is significantly more effective than model 2 in both the training and the external validation cohorts (Figures 5C, D). The calibration plots validated by 1,000 bootstrap resampling also proved the appreciable reliability of model 1 in both internal and external validation cohorts (Figure 6).




Figure 5 | (A) Time-dependent ROC curves of the nomogram in the training cohort. (B) Time-dependent ROC curves of the nomogram in the external validation cohort. (C) Time-dependent ROC curves of model 2 in the training cohort. (D) Time-dependent ROC curves of model 2 in the external validation cohort. Model 2, model based on age, gender, T category, prior recurrence status, pathology grade, tumor number, and maximum tumor diameter. ROC, receiver operating characteristic; AUC, area under the curve.






Figure 6 | (A) Calibration plot of the nomogram done by bootstrapping with 1,000 resamples for predicting recurrence-free survival(RFS) in the training cohort. (B) Calibration plot of the nomogram done by bootstrapping with 1,000 resamples for predicting recurrence-free survival in the external validation cohort.






Discussion

Our study investigated the overlapping relationships of tumor invasion locations. Furthermore, for the first time, U-RBC and times of IVI were included in the predictive assessment, and a model was established to predict RFS in NMIBC patients after TURBT by combining the patient’s clinicopathological features and hematological indicators.

SI has been proven to be critical in reducing the recurrence rate of NMIBC by destroying circulating tumor cells after TURBT and removing residual tumor cells at the surgical location and microscopic tumors that were not detected intraoperatively (38, 39). However, the duration and frequency of IVI after TURBT have not been conclusively established (13). For the first time, in this study, we collected the total times patients received IVI and divided them into three groups. The results showed that patients with >12 times of IVI had a significantly better prognosis than those who refused postoperative IVI or received SI only (HR [95% CI]: 0.10 [0.05-0.21], p<0.001). Our findings suggest that it is necessary to receive regular and sufficient IVI after TURBT, especially for high-risk patients.

The inflammatory state in cancer patients is thought to be one of the main causes of the proliferative properties of tumor cells. This state promotes the supply of multiple bioactive substances, including growth factors, chemokines, and cytokines, to the tumor microenvironment. Thus promoting the development of pathological states such as immune escape, immune metastasis and angiogenesis (40). SIR, which is usually measured by surrogate blood parameters, has been shown to independently predict survival outcomes in patients with various malignancies (41–43). Ohno et al. gave an overview of the role of SIR indicators such as NLR and PNI in the prognosis of NMIBC and suggested that abnormal fluctuations in preoperative SIR levels may be closely associated with patient survival (20). Furthermore, Tang et al. included additional SIR indicators and showed that elevated NLR, PLR, SII, and reduced PNI, all led to higher pathological grade and aggressiveness in NMIBC patients at the time of first diagnosis (21). Our results suggest that SII is an independent predictor of RFS in NMIBC patients. Specifically, patients with elevated SII (≥525.26) have a significantly increased risk of tumor recurrence or progression (HR [95% CI]: 2.23 [1.28-3.87], p=0.005), which is consistent with published literature (27–30).

Most of the published literature only included subjects with a single invasion location and excluded patients with multiple lesion locations (13–16, 44–46). Furthermore, several studies suggested that patients with bladder neck invasion may have the worst prognosis (44–46). However, many studies found different conclusions. Svatek et al. studied patients undergoing radical cystectomy and showed that patients who invaded the bladder triangle had a greater risk of intraoperative lymph node metastasis and a worse cancer-specific survival rate (14). Meanwhile, Weiner et al. found that for patients with bladder cancer treated with chemoradiotherapy, the trigone of bladder invasion was associated with worse survival (15). Furthermore, Vukomanovic et al. found that tumors in the lateral and posterior bladder walls may have a higher risk of recurrence when treated with TURBT only (16). Whereas, the study by Martin et al. concluded that the invasion of the dome of the bladder was an independent risk factor for poor prognosis (17). On the other hand, Ahmadi et al. found that overall survival was worse in patients with an invasion of the posterior bladder wall (18). In this study, we have constructed one UpSet diagram to visualize the overlapping relationships between different tumor invasion conditions. The results indicated that the five most frequent tumor invasion conditions are the lateral wall of the bladder only, the posterior wall of the bladder only, the ureteric orifice only, the lateral wall and posterior wall of the bladder, and the lateral wall and ureteric orifice of the bladder, in order. The odds of tumor involvement at the location in descending order are lateral wall of the bladder, the posterior wall of the bladder, the anterior wall of the bladder, the bladder neck, the ureteric orifice, the dome of the bladder, and the trigone of the bladder. These findings are broadly consistent with previous statistics (13, 15). Univariate COX regression analysis showed that patients had significantly worse RFS when the tumor has invaded the bladder neck (HR [95% CI]:2.699 [1.598,4.558], p<0.001), trigone (HR [95% CI]:2.394 [1.230,4.661], p=0.01), or anterior wall (HR [95% CI]:1.991 [1.180,3.360], p=0.01). We propose, based on clinical experience, that tumors in the bladder neck, bladder triangle, or anterior bladder wall have restricted fields of view when TURBT is performed in the lithotomy position, which subsequently increases the risk of tumor residual. Also, the width of the inner bladder wall may be thinner in these areas, increasing the possibility of deep infiltration. Unfortunately, in the multivariate analysis, none of these three invasion locations was statistically significant. However, we believe this variable deserves further exploration in the future.

In 2019, Kim et al. first proposed gross hematuria as a valuable predictor of NMIBC recurrence (31). We included gross hematuria while also collecting U-RBC samples of patients after admission. To our knowledge, we are the first study to assess the value of U-RBC in the prognosis of patients with NMIBC. We found that gross hematuria was not statistically significant in the univariate regression analysis (HR [95% CI]: 1.682 [0.800,3.538], p=0.171). However, it is worth mentioning that U-RBC, despite being excluded from the LASSO regression analysis, was found to be a possible independent risk factor for predicting RFS in our univariate analysis (p=0.009). We will continue to discuss the value of this variable in the prognosis of NMIBC patients in our future studies. We hypothesize that elevated U-RBC in routine urinalysis might mean that the tumor has an extensive invasion of the microvasculature, which indicates the strong aggressiveness of the tumor.

The limitations of this study are inherent to its retrospective, observational design and associated biases. First of all, our sample size was not large enough due to some patients not having complete medical information and follow-ups. However, we tried to compensate for this through external validation in collaboration with other medical centers. Secondly, the identification of concurrent CIS is time-consuming, and we are working with pathologists to incorporate this variable in a follow-up study. Meanwhile, we did not include different IVI regimens in the study due to the inability of some patients to provide accurate perfusion drugs, especially due to the presence of patients who received BCG or mixed multiple chemotherapy drugs, which in turn may have led to potential heterogeneity between subjects. Furthermore, the exact times of the bladder induction perfusion and bladder persistence perfusion should be further confirmed. Lastly, the period of follow-up is too short, and the initial time of follow-up should be extended further.

In conclusion, in this study, we established a model based on patients’ prior recurrence status and times of IVI and SII to predict RFS in NMIBC patients after TURBT. We believe that this risk calculator based on the model can be applied as an ideal clinically personalized tool, which can offer reliable prognostic information and treatment strategies for patients in tiered management to obtain the maximum survival benefit.
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Background

Anoikis is a form of programmed cell death or programmed cell death(PCD) for short. Studies suggest that anoikis involves in the decisive steps of tumor progression and cancer cell metastasis and spread, but what part it plays in bladder cancer remains unclear. We sought to screen for anoikis-correlated long non-coding RNA (lncRNA) so that we can build a risk model to understand its ability to predict bladder cancer prognosis and the immune landscape.



Methods

We screened seven anoikis-related lncRNAs (arlncRNAs) from The Cancer Genome Atlas (TCGA) and designed a risk model. It was validated through ROC curves and clinicopathological correlation analysis, and demonstrated to be an independent factor of prognosis prediction by uni- and multi-COX regression. In the meantime, Kyoto Encyclopedia of Genes and Genomes (KEGG) enrichment analysis, immune infiltration, and half-maximal inhibitory concentration prediction (IC50) were implemented with the model. Moreover, we divided bladder cancer patients into three subtypes by consensus clustering analysis to further study the differences in prognosis, immune infiltration level, immune checkpoints, and drug susceptibility.



Result

We designed a risk model of seven arlncRNAs, and proved its accuracy using ROC curves. COX regression indicated that the model might be an independent prediction factor of bladder cancer prognosis. KEGG enrichment analysis showed it was enriched in tumors and immune-related pathways among the people at high risk. Immune correlation analysis and drug susceptibility results indicated that it had higher immune infiltration and might have a better immunotherapy efficacy for high-risk groups. Of the three subtypes classified by consensus clustering analysis, cluster 3 revealed a positive prognosis, and cluster 2 showed the highest level of immune infiltration and was sensitive to most chemistries. This is helpful for us to discover more precise immunotherapy for bladder cancer patients.



Conclusion

In a nutshell, we found seven arlncRNAs and built a risk model that can identify different bladder cancer subtypes and predict the prognosis of bladder cancer patients. Immune-related and drug sensitivity researches demonstrate it can provide individual therapeutic schedule with greater precision for bladder cancer patients.





Keywords: bladder cancer, lncRNA, anoikis, prognostic model, bioinformatics, immune status



Introduction

As one of the commonest tumors in the urinary tract, bladder cancer grows year by year in terms of both morbidity and mortality (1, 2), and becomes an unrelenting threat to human health. Though only about 25% of patients are diagnosed with bladder wall infiltration or even distant metastases, most of them would die of the disease within two years of diagnosis if left untreated (3, 4). The number of bladder cancer treatment options has increased for the past few years. However, some terminal patients still cannot be effectively treated at the early stage for lack of specific biomarkers (5), and are thus in dire need of effective prognostic prediction biomarkers and new therapeutic targets.

Anoikis, a special type of apoptosis, is initiated when a cell denies interaction with the adjacent extracellular matrix (ECM) (6, 7). ECM includes a network of manifold cytokines that affects cell growth, cell motility and angiogenesis, and they are available to cells through enzymatic digestion and cytoskeletal remodeling (8). It has been reported that anoikis is vital for endometrial carcinoma (9).

Long non-coding RNAs (lncRNAs) are a group of RNAs that are longer than 200 nt but are without protein-coding functions (10). They take an important part in homeostasis and tumorigenesis (11) and serve as tumor markers for early screening, diagnosis, prognosis, and prediction of response to medication (12, 13). lncRNA-related models are of great importance to colon cancer (14), lung adenocarcinoma (15) and pancreatic adenocarcinoma (16), etc. However, studies on the arlncRNAs in bladder cancer prognosis and tumor immune microenvironment (TME) have not been reported so far.

In the present research, we have identified bladder-cancer-related arlncRNAs and developed a risk model that has the potential to guide prognostic prediction and clinical medication.



Materials and methods


Information extraction from datasets

Bladder cancer RNA sequencing (RNA-seq) data and clinical data were downloaded from The Cancer Genome Atlas (TCGA) database (https://tcga-data.nci.nih.gov/tcga/), and the inclusion criteria were as follows (1): patients diagnosed with bladder Cancer; and (2) patients with detailed lncRNA and clinical information. After excluding the patients visited less than 30 days, the information of a total of 430 bladder cancer patients was collected.



Selection of anoikis-related genes and lncRNAs

We obtained 434 Anoikis-related genes (ARGs) (Supplementary Table S1) (9) from previously published literature. First, ARGs and lncRNAs filtering were performed via Pearson correlation analysis in the condition of |Pearson R| > 0.5 and p<0.001 to get a total of 1109 arlncRNAs. Then, 223 differentially expressed lncRNAs were obtained by filtering the synthetic data matrix through Strawberry Perl V-5.30.0 (https://www.perl.org/) and R software V-4.1.3 according to the criteria of Log2 fold change (FC) >2 and fdrFilter (FDR) < 0.05. Analysis was conducted suing the limma R package (17).



Creation and validation of the prognosis risk assessment model

First, we screened out the lncRNA associated with the prognosis for patients from lncRNAs by means of uni-COX regression and p<0.05. Next, through last absolute shrinkage and selection operator (LASSO) Cox analysis (18), we discovered seven lncRNAs (Supplementary Table S2) and used them to create a risk model based on arlncRNAs. Below is the risk score formula: risk score = ∑[Exp(lncRNA) × coef(lncRNA)]. After that, we randomly divided all samples into a test group and a train group while classifying the bladder cancer patients into a low-risk group and a high-risk group pursuant to the median risk score acquired from the risk model (19). Next, we used the ROC curve,area under the ROC curve (AUC) and the survival curve to validate the accuracy and prognostic value of the model.



Construction of an anoikis-related model nomogram

According to the clinical data of bladder cancer patients, including, for instance, age, gender, TNM stage, and grade, we used an “rms” R package to draw a nomogram that could assess the one-, three- and five-year overall survival (OS) of patients, and made calibration curves to demonstrate the predictive power of the alignment chart.



Gene set enrichment analysis

Similarly, bladder cancer patients were classified into a low-risk group and a high-risk group by median risk score. We harnessed gene set enrichment analysis (GSEA) software to look for the differentially expressed Kyoto Encyclopedia of Genes and Genomes (KEGG) pathways in the two groups, and p < 0.05 and FDR < 0.25 were considered statistically significant.



Analysis of TME and immune checkpoints

To further the analysis of immune cell factors in the high- and low-risk groups, we assessed the relationship between immune cell subpopulations and risk score values through Spearman correlation analysis on TIMER 2.0 (http://timer.cistrome.org/), including CIBERSORT, TIMER, XCELL, QUANTISEQ, MCPcounter, EPIC, and CIBERSORT. The evaluation results are detailed in the bubble chart. With the help of stromal and immune cell scores, we investigated the abundance of immune and stromal cells between cytomes to evaluate the TME differences in the two risk groups. Wilcoxon signed-rank test was implemented to compare the differences, and p < 0.05 was considered remarkable. Subsequently, the bladder-cancer-infiltrating immune cells were scored via single-sample GSEA (ssGSEA) and the “GSVA” software package to quantify their relative content. The results are shown in the boxplot. Finally, we compared the immune checkpoint activation between the two risk groups via “ggpubr” R package.



Exploration of model in clinical therapy

The “pRophetic” R package was applied to estimate the half-maximal inhibitory concentration prediction (IC50) of bladder cancer drugs, in the hope of developing drugs that are relevant to the model and may become the candidates for the treatment of bladder cancer.



Consensus clustering

It was clustered “using ConsensusClusterPlus” (CC) R package in the light of arlncRNA expression. For different subgroups of bladder cancer patients, the “Rtsne” R package was employed to conduct principal component analysis (PCA), T-distributed stochastic neighbor embedding (t-SNE) and Kaplan-Meier survival analysis, and immunocorrelation analysis, and compare prognosis with drug sensitivity.



Statistical analysis

All statistical analyses were performed using R software (4.0.2). Independent-samples t-test was carried out to quantify the analysis of variables; ROC curves and Kaplan-Meier survival analysis were employed to predict the accuracy of the model; uni- and multi-Cox regression confirmed the independent prognostic value of the model. The subgroups with different clinical characteristics were investigated to fully evaluate the stability of risk characteristics, and Student’s t-test and Wilcoxon signed-rank test were conducted to explore the differences between these subgroups. The result p<0.05 indicated that all analyses had a statistical meaning.




Results


arlncRNA in bladder cancer patients

A total of 1109 arlncRNAs were obtained via co-expression analysis, and their network relationship with ARG was mapped using expression data (Figure 1A). Differential analysis performed with the criterion of (|Log2FC|>2 and p<0.05) suggested that 169 genes were upregulated and 54 downregulated in expression (Figure 1B), and the heat map displayed the top 100 genes among |Log2FC| values (Figure 1C).




Figure 1 | arlncRNAs identification and expression in bladder cancer: (A) arlncRNAs-ARGS network diagram; (B) Volcano plot of Log2 fold change (FC)>2 differentially-expressed ARGs; (C) Volcano plot of 101 arlncRNAs in normal and tumor samples.





Establishment of the model

First, we obtained 19 OS-related arlncRNAs from uni-COX regression, and drew a heat map and forest map to show their expression (Figure 2A, B). The Sankey diagram indicated that the expression of these lncRNAs was upregulated (Figure 2C). We got seven lncRNAs after LASSO analysis and used them to build a risk model according to the following risk score formula: Risk score=LINC01767×(0.287716362819996)+AC011503.2×(-0.760808745099926)+`UBE2Q1-AS1`×(-0.692732045605004)+Z99127.1×(2.38512933255853)+AC112721.2×(0.296202121517627)+`MAFG-DT`×(0.458708109689086)+LINC00456×(0.820151733094388) (Figure 2D, E).




Figure 2 | Construction of a bladder cancer arlncRNAs risk model: (A) Volcano plot of 19 prognosis-related arlncRNAs expressed in normal tissues and tumors; (B) Forest map of prognostic arlncRNAs extracted by uni-COX regression; (C) Sankey diagram of ARGs-arlncRNAs correlation; (D) Screening of prognostic arlncRNAs via cross validation; (E) Curve of error rate 10-fold cross-validation.





Validation and application of the model

Bladder cancer patients were randomly grouped as test and train, which were further classified into two groups (i.e., high-risk and low-risk) by median risk score. The risk score distribution, survival status and survival time expression results of the patients in the train group, the test group and as a whole were evaluated by this model formula. The result showed that the OS was much higher in the low-risk group than in the high-risk group (Figure 3A-D), so was other clinical characteristics like TNM stage, grade, age and gender (Figure 3E). To verify model accuracy, we performed uni- and multi-COX regression. The risk ratios (HR) and 95% confidence interval (CI) were 1.002 and 1.001-1.003 (p<0.001) respectively through uni-COX analysis, and 1.002 and 1.001-1.003 (p<0.001) respectively (Figure 4A, B) through multi-COX analysis, indicating that this model can be used as an independent prognosis factor. AUCs were 0.744, 0.672 and 0.695 (Figure 4C-F) respectively in one, three and five years. The model had a score of 0.744, representing high sensitivity and specificity.




Figure 3 | Risk model prognosis in the train, test and entire sets: (A) Risk score distribution diagram of train, test and entire sets; (B) Heat map of seven prognosis-related arlncRNAs; (C) The heat map of 7 lncRNAs expression in the train, test, and entire sets, respectively. (D) Survival analysis of high- and low-risk patients in train, test, and entire sets; (E) Survival analysis of clinicopathologic characteristics of high- and low-risk patients in entire sets.






Figure 4 | Validation of model assessment: (A) Uni- and multi-Cox analyses of clinical features; (C-E) 1-, 3-, and 5-year ROC curves of train, test, and entire sets; (F) ROC curves of risk scores and other clinical features.





Establishment of nomogram

We created a nomogram (Figure 5A) using the clinical factors and risk scores to further study the predictive power of the model, which was able to predict the morbidity of one-, three-, and five-year OS. The calibration diagram exhibited good agreement between the nomogram and the model (Figure 5B).




Figure 5 | Risk model nomogram construction and verification: (A) Nomogram for predication of 1-, 3-, and 5- year survival rates; (B) Calibration curves for prediction of 1-, 3-, and 5-year survival rates.





Functional analysis of the model

GSEA analysis reveals that the enrichment pathways of the high-risk group include DNA replication, focal adhesion, TGF, bladder tumor signaling pathway, extracellular matrix (ECM) receptor pathway, and the like (Figure 6). ECM has been reported to constitute a scaffold for TME and to regulate cancer behaviors (20, 21). The TGF signaling pathway is able to suppress tumors, including cell cycle arrest and apoptosis (22). There are also immune-related pathways such as leukocyte transendothelial migration. So, our purpose was to do immune-associated researches based on the risk model.




Figure 6 | Multi-GSEA analysis of high- and low-risk patients in the risk model.





Immunological characteristics of risk groups and exploration of clinical treatment

We investigated the correlation between risk score and tumor-infiltrating immune cells (Figure 7A), and the results showed a closer relationship between the immune cell and the high risk group on different platforms [e.g., common myeloid progenitor, myeloid dendritic cell, macrophage M2 in XCELL platform, T cells CD8+, CD4+ in TIMER platform, Endothelial cells in EPIC platform, and macrophage M1, M2 cells (Supplementary Table S3) in CIBERSORT-ABS platform]. According to TME scores, the high-risk group outstripped the low-risk group in terms of interstitial cystitis (IC), immunization and assessment (Figure 7B). According to ssGSEA (Figure 7C) analysis, the proportion of immune cell subpopulations and the component levels and functions of relevant pathways rose notably in almost all high-risk groups, where the vast majority of immune checkpoints showed a greater degree of activation (Figure 7D). The above results suggest that the high-risk group had higher immune infiltration than the lower one. This implies that we can select more appropriate immunosuppressives. It can be seen from the two groups’ drug susceptibility researched according to the “pRophetic” R package that the low-risk group was more sensitive to Methotrexate, Vinorelbine, Nutlin and Nilotinib (Figure 7E) while the high-risk group was more sensitive to Cisplatin, Cyclopamine, Docetaxel, Dasatinib and Imatinib (Figure 7F). It is a valuable guidance for the medication of bladder cancer patients.




Figure 7 | Discussion on immune infiltration and immunotherapy for patients with bladder cancer: (A) Bubble chart for immune cell correlation analysis; (B) Differences in immune microenvironment scores of patients at high and low risks; (C) Boxplots of immune cells in high- and low-risk groups and immune-related pathway analysis; (D) Analysis of immune checkpoints of the two risk groups; (E, F) Analysis of patients’ sensitivity to drugs. ***p < 0.001, **p < 0.01, *p < 0.05.





Immunological characteristics of different bladder cancer subtypes and prospects for treatment

Based on arlncRNA expression, we split bladder cancer patients into three subtypes (Figure 8A and Supplementary Figure S1). T-SNE results show (Figure 8B) that the distribution of the three clusters and the two risk groups is clear. The PCA results imply (Figure 8C) clear accumulation characteristics in terms of distribution between the two risk groups and between the three subtypes. In the Sankey diagram (Figure 8D), substantially all of cluster3 are in the low-risk group, and clusters 1 and 2 are equally distributed in high- and low-risk groups. In the immune cell heat map (Figure 8E), cluster 2 has the greatest extent of immune cell infiltration on different platforms, takes the first place in the facets of IC score, immune score or assessment score (Figure 8F). Also, the majority of immune checkpoints including PD1, PD -L1, CD40 and CD70 are more active in cluster 2 than in cluster 1 and cluster 3 (Figure 8G). This suggests cluster 2 may have a potentially good immunotherapeutic effect. Survival analysis indicates that cluster 3 has the best survival time and cluster1 the worst (Figure 8H). Likewise, by comparing drug sensitivity, we found higher sensitivity to most common immunotherapeutic drugs in cluster 2, including, for instance, Doxorubicin, Sunitinib, Vinblastine, Mitomycin and Lapatinib, (Figure 8I), which is helpful for us to explore more precise immunotherapy.




Figure 8 | TME differences and underlying immunotherapy of different subtypes of bladder cancer: (A) Division of bladder cancer into three subtypes; (B, C) The t-SNE and PCA analysis of different subtypes; (D) Sankey diagram of interrelationship between three subtypes and high- and low-risks; (E) Heat map of immunocyte-related analysis of subtypes; (F) Differences in immune microenvironment scores of different subtypes; (G) Histogram of immune checkpoint expression differences between subtypes; (H) OS analysis curves of patients with different subtypes of bladder cancer; (I) cluster 2 drug sensitivity analysis. **p < 0.01, *p < 0.05.






Discussion

Bladder cancer is characterized by insidious onset and being highly aggressive. The five-year OS of the patients with metastatic bladder cancer accounts only for 6% (23), and the important role anoikis plays in tumor spread, metastasis and angiogenesis has been proven by researches (24–26). Thus, we created an arlncRNAs-based model aiming to predict the prognosis of bladder cancer patients and open up the possibility of efficacious medication.

During the research, we gathered 1019 differentially expressed arlncRNAs, and identified those with a prognostic value. We performed uni- and multi-Cox regression and LASSO regression, whereby seven arlncRNAs were validated for the construction of risk models, including UBE2Q1-AS1 that constituted a prognostic model for gastric cancer (27), `MAFG-DT` which was also a crucial member of the prognostic model for breast cancer (28), and AC112721.2 that regulated breast cancer expression through the TGF-β signaling pathway (29). Further studying these lncRNAs may provide a new target for oncotherapy. By median risk score the patients were split into two categories: high risk and low risk. We validated the predictive accuracy of the risk model with the aid of ROC curves, and plotted a nomogram predicting the prognosis of bladder cancer patients. The results predicted by the model were identical to the outcomes predicted by the nomogram. Similarly, clinicopathological analysis and survival analysis demonstrated that the model was highly sensitive to survival prediction. According to Cox regression, the model might be an independent factor of prognostic implications.

GSEA results disclose that the high-risk group was enriched in cancer signaling, DNA replication, and immune-related pathways. Exploration of differences in immune microenvironment between the patients at low and high risks, examination of immune checkpoints, TME scores, and assessment of immune state by the ssGSEA method revealed a higher level of immune infiltration in the high-risk group; some researches indicated that the level of immune infiltration was highly correlated with the efficacy of immunotherapy (30, 31). And we also probed into the sensitivity of immune drugs to both groups, offering new ideas and options for bladder cancer immunotherapy.

By expression, arlncRNAs were divided via consensus clustering into three subgroups. PCA analysis indicates that each cluster had its inherent aggregation characteristics; according to the results of Kaplan-Meier analysis, cluster 3 had a better prognosis; immune checkpoint results suggested that PD1, PD-L1 were most active in cluster 2, implying that cluster 2 was probably more effective against this type of immune checkpoint inhibitors and had a higher TME score. All this proves that cluster 2 had the highest extent of immune infiltration and a higher sensitivity to immunotherapy. What’s more, drug susceptibility shed a light on clinical medication for different subtypes of bladder cancer patients.

Still, we need to fill up some deficiencies. Firstly, the data used to validate the model are all downloaded from TCGA instead of ours. Secondly, further verification and exploration of biological functions are not yet done for the pathways in the present research and associated lncRNAs. These drawbacks will be included in our follow-up plans and addressed.

All in all, we built a bladder cancer risk model of seven arlncRNAs, discovered the signaling pathways it might be involved in, and evaluated its accuracy in prognostic prediction, immune infiltration, and drug sensitivity. Also, we classified the bladder cancer patients into different subtypes and discussed the differences in TME and sensitivity to drugs between these subtypes. Our research findings provide new strategies for prognostic assessment and treatment of bladder cancer patients.
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Background

Biomarkers acquired from blood samples are easy to obtain and cost-effective, have attracted considerable interest, and have been widely investigated. Inflammation plays a crucial role in cancer cell initiation, proliferation, and metastasis. We aimed to evaluate the association of the preoperative systemic immune-inflammation index (SII) with the clinical outcomes of patients diagnosed with bladder cancer and who underwent radical cystectomy (RC).



Materials and methods

Data from patients diagnosed with bladder cancer and who underwent RC from December 2010 to May 2020 in West China Hospital were retrospectively collected according to the inclusion and exclusion criteria. Patients were divided into a low-SII group and a high-SII group according to the SII level. Survival outcomes were obtained during follow-up. The primary endpoints were overall survival (OS) and recurrence-free survival (RFS). Cox proportional hazard models were performed to estimate the effect of SII on OS and RFS and control for potential confoundings. Subgroup analyses were conducted, and the log likelihood ratio test was used to inspect the interaction.



Results

A total of 725 patients who underwent RC were ultimately involved in this study. Of these patients, 621 (85.66%) were men and 104 (14.34%) were women. The median age was 65 years. The median follow-up was 36 months for OS and 33.6 months for RFS. The optimal cutoff value was identified as 554.23 × 109/l. A total of 467 (64.41%) patients were divided into the low-SII group (SII <554 × 109/l), and 258 (35.59%) patients were divided into the high-SII group (SII ≥554 × 109/l) accordingly. Multivariable Cox proportional hazard regression demonstrated that a high SII was an independent prognostic factor for worse OS (HR: 1.69 95% CI: 1.02–2.81, P = 0.0436) and RFS (HR: 1.88, 95% CI: 1.09–3.24, P = 0.0229) in NMIBC patients. A high SII was found to be an independent prognostic factor for worse RFS in patients with HBP (HR: 2.11, 95% CI: 1.34–3.30, P = 0.0012), with DM (HR: 3.76, 95% CI: 1.73–8.15, P = 0.0008), and without PNI (HR: 1.32, 95% CI: 1.04–1.69, P = 0.0238).



Conclusions

The SII was a potential prognostic predictor for bladder cancer patients who underwent RC. Further prospective multicenter investigations are warranted.





Keywords: systemic immune-inflammation index (SII), bladder cancer, biomarkers, prognosis, radical cystectomy (RC)



Introduction

Bladder cancer is the sixth most commonly diagnosed cancer in men and dropped to 10th when considering both genders, with estimated 573,278 new cases and 212,536 new deaths worldwide in 2020 (1). Men are more affected than women (approximately 3:1). The median age of diagnosis was 69 years in men and 71 years in women (2). According to the depth of invasion, bladder cancer can be categorized into muscle­invasive bladder cancer (MIBC) and non-muscle­invasive bladder cancer (NMIBC). Tumors isolated to the urothelium (stage Ta) and the lamina propria (stage T1) are considered NMIBC, which accounts for 75% of the newly diagnosed cases. For NMIBC, all of these tumors can be treated by primary transurethral resection of the bladder (TURB) followed by intravesical instillations at the physician’s discretion. NMIBC can be stratified by clinical and pathological risk factors, for those who are classified into the high-/very high-risk group of disease progression or failure to Bacillus Calmette–Guerin (BCG) instillations are recommended to have radical cystectomy (RC). Tumors that invade the detrusor muscle (stage≥T2) are considered MIBC and are more likely to metastasize to lymph nodes or other organs; approximately 25% of patients are diagnosed with MIBC or already have metastasis at the first diagnosis (3, 4). For MIBC, the first treatment option is RC. However, nearly 50% of patients who undergo RC have distant recurrence (5). To date, limited preoperative biomarkers that are easy to obtain and cost-effective have been used to predict the prognosis in the clinic (6). Searching more accurate and convenient biomarkers could facilitate patient counseling, as well as treatment and follow-up strategies.

Inflammation is considered as a hallmark feature of the initiation and promotion of carcinogenesis (7). Inflammation found at the local site of the tumor is commonly considered to be local immune response, which consists of immune cells, inflammatory protein mediators, and cytokines and constructs the local tumor microenvironment. Tumor-derived cytokines and mediators are secreted into the systemic circulation to mediate communication with distant sites. Systemic inflammation consists of circulating cytokines, circulating immune cells, and inflammatory-associated proteins, which are crucial for tumor metastasis and have crosstalk with the local tumor immune response, are detectable, and can frequently mark the presence and progression of cancer (8, 9). Therefore, biomarkers derived from blood samples that are routinely recorded are arousing considerable interest. Here, we introduce the systemic immune-inflammation index (SII), which is a combination of neutrophil, lymphocyte, and platelet counts in blood. Also, it has been widely investigated and shown to be a useful prognostic indicator in various solid tumors including hepatocellular carcinoma (10), small cell lung cancer (11), gastroesophageal adenocarcinoma (12, 13), renal cell carcinoma (14), and prostate cancer (15, 16).

The purpose of this study was to examine the prognostic value of the SII in patients with bladder cancer who underwent RC. In addition, we determined which population could benefit from the assessment of the SII for predicting survival outcome. This can help facilitate clinicians in administering further adjuvant therapies and a having a closer follow-up.



Methods


Patients

Patients with NMIBC who are at a very high risk of disease progression and failure to BCG instillations or patients with MIBC are recommended to receive RC. Open, laparoscopic, or robot-assisted RC was performed through standard procedures, with or without pelvic lymph node dissection (PLND). We retrospectively collected data from patients who were diagnosed with bladder cancer and underwent RC from December 2010 to May 2020 in West China Hospital. The exclusion criteria are as follows: 1) preoperative blood examination data were unavailable; 2) did not receive postoperative follow-up at our institutions; 3) missing pathological T stage; 4) with metastasis before operation; 5) main histology were not urothelial carcinoma; 6) with other tumors. This retrospective cohort study followed the Declaration of Helsinki and was approved by the Ethics Committee of West China Hospital, Sichuan University.



Systemic immune-inflammation index (SII)

Preoperative blood examination data were collected from each patient’s electronic medical record. The SII was calculated as follows: SII = neutrophil count (109/L) × platelet count (109/L)/lymphocyte count (109/L). Time-dependent receiver operating characteristic (ROC) curves for overall survival and recurrence-free survival prediction were performed, and the maximum Youden index which was calculated as “sensitivity + specificity – 1” was used to select the optimal cutoff value. According to the SII levels, patients were divided into two groups: the low-SII group and the high-SII group.



Covariates

The clinicopathological data were retrospectively collected, including gender, age, BMI, smoking history, high blood pressure (HBP), diabetes mellitus (DM), tumor diameter, tumor number, tumor grade, pT stage, pN stage, concomitant CIS, concomitant variant histology, presence of positive surgical margins (PSM), peripheral nerve invasion (PNI), and lymphovascular invasion (LVI). All specimens were staged according to the American Joint Committee on Cancer Staging Manual (8th edition) TNM classification and graded according to the 1973 World Health Organization (WHO) grading system. Neoadjuvant therapy or adjuvant therapy was administered according to the surgeon’s discretion combined with the patients’ consideration. Operation information, including methods, pelvic lymph node dissection (PLND), and urinary diversion, was also documented.



Follow-up and outcome

All patients were recommended to have CT scans of the abdomen and pelvis every 3 months for the first year postoperatively, every 6 months for the next 2 years, and once a year thereafter. Follow-up methods mainly included phone encounters and outpatient interviews. Overall survival (OS) was defined as the time interval from the time of operation to the time of death or final contact. Recurrence-free survival (RFS) was defined as the time interval from the time of operation to the time of recurrence, including local/urothelial recurrence and distant metastasis.



Statistical analysis

Categorical variables are presented as numbers and proportions, and continuous variables are presented as the mean with standard deviation (SD). The Kruskal–Wallis test and Fisher’s exact test were used to determine if there were any statistically significant differences. Univariate or multivariate logistic regression was performed to explore the associations between preoperative SII and adverse pathological outcomes. The Kaplan–Meier method was used to estimate OS and RFS, and the log-rank test was used to assess differences between survival. Univariable Cox proportional hazard models were performed to estimate the effect of each predictor on OS and RFS. Multivariable Cox proportional hazard models were carried out to control potential confoundings and determine the independent predictors of OS and RFS after RC. We adjusted variables for the feature that, when they are added to the model, changed the matched hazard ratio by at least 10%. Subgroup analyses were conducted, and the log-likelihood ratio test was used to inspect the interaction. All analyses were performed using the statistical software packages R (http://www.R-project.org, The R Foundation) and EmpowerStats (http://www.empowerstats.com, X&Y Solutions, Inc., Boston, MA, version 4.2.1). All tests were two sided, and P values<0.05 were considered statistically significant.




Results


Patient characteristics

A total of 725 patients who underwent RC were ultimately involved in this study (Figure 1). Of these patients, 621 (85.66%) were men and 104 (14.34%) were women. The median age was 65 years (interquartile range: 59–72 years), and the average BMI was 23.25 ± 2.72 kg/m2. There were 208 (28.73%) patients who had high blood pressure, 103 (14.23%) of them had historically diagnosed diabetes mellitus, and 55.03% had smoking history. A total of 6.09% of them received neoadjuvant therapy, and 14.7% of patients received adjuvant therapy including radiotherapy (3.47%), chemotherapy (9.99%), and both (1.25%) postoperatively. Most patients underwent open RC (56.91%), 39.50% underwent laparoscopic RC, and 3.45% underwent robot-assisted RC. The majority of urinary diversion methods used were ileal conduit (86.58%), cutaneous ureterostomy (10.79%), and orthotopic neobladder (2.63%) in a small number of patients. A total of 64.97% of the patients experienced pelvic lymph node dissection. With regard to pathological characteristics, 480 (66.21%) patients were diagnosed with ≥T2 stage and 123 (16.7%) of these patients had lymph node invasion. PSM, PNI, and LVI was present in 8.00%, 11.62%, and 21.79% of these patients, respectively. In addition, 623 patients were diagnosed as high grade (88.87%). There were 188 patients (26.55%) with variant histology, and 20 patients had concomitant CIS. A total of 87.17% of these patients had a tumor diameter ≥3cm, and 42.34% of them had multiple tumors (Table 1).




Figure 1 | Flow diagram of included participants.




Table 1 | Baseline characteristics of included participants.





The optimal cutoff values of the SII

The median SII of this population was 424.13 × 109/l (interquartile range: 282.55–714.84 × 109/l). The areas under the curves were 0.523 and 0.531 for predicting OS and RFS, respectively. The corresponding optimal cutoff value was identified as 554.23 × 109/l for both OS and RFS to yield the maximum Youden index (Supplemental Figure 1). Accordingly, 467 (64.41%) patients were divided into the low-SII group (SII <554 × 109/l) and 258 (35.59%) patients were divided into the high-SII group (SII ≥554 × 109/l). As shown in Table 1, there were no statistically significant differences between the two groups regarding age, BMI, gender, grade, concomitant CIS, tumor number, PSM, PNI, LVI, neoadjuvant therapy, adjuvant therapy and operation method, urinary diversion method, PLND, LNY, smoking history, HBP, and DM. However, significant differences were found between the two groups in pT, pN stage, concomitant variant histology, and tumor diameter (P < 0.05).



The associations between preoperative SII and pathological features

Logistic regression analyses were performed to explore the associations between preoperative SII and adverse pathological outcomes (Supplemental Table 1). In both univariate and multivariate analyses, a high SII was positively associated with larger tumor size (diameter ≥3 cm, OR: 2.05, 95% CI: 1.22–3.43, P = 0.0065), high pT stage (OR: 1.88, 95% CI: 1.33–2.65, P = 0.0003), and variant histology (OR: 1.44, 95% CI: 1.02–2.04, P = 0.0380).



The relationship between preoperative SII and OS

The median follow-up time was 1,079 days (36 months, interquartile range: 617–1,092 days). A total of 364 (50.21%) patients died during this time. The 5-year OS rate in the low-SII group and the high-SII group were 52.32% (95% CI: 47.79%–57.29%) and 40.81% (95% CI: 35.04%–47.53%), respectively. As Kaplan–Meier curves showed, the high-SII group was associated with worse OS compared with patients in the low-SII group (log-rank P = 0.0023, Figure 2A).




Figure 2 | (A) Kaplan–Meier estimate of overall survival (OS) of patients according to SII level. (B) Kaplan–Meier estimate of recurrence-free survival (RFS) of patients according to SII level (SII cutoff value: 554.23 × 109/L). SII, systemic immune-inflammation index.



Univariable Cox proportional hazard regression revealed that a high preoperative SII predicted poor overall survival (HR: 1.38, 95% CI: 1.12–1.71, P = 0.0025, Table 2). According to confounding selection criteria, age, pT stage, pN stage, gender, adjuvant therapy, PSM, and LVI were included in the multivariate model. However, after adjusting for all these covariates, the HR was attenuated in multivariate analyses (HR: 1.15, 95% CI: 0.92–1.43, P = 0.2242, Table 3).


Table 2 | Univariate analyses of the association between baseline characteristics and overall survival (OS) and recurrence-free survival (RFS).




Table 3 | Multivariate Cox regression analyses estimating the influence of SII on overall survival (OS) and recurrence-free survival (RFS).



We further examined the association between SII and OS stratified by different clinicopathological characteristics and various treatment regimens and surgical procedures (Supplemental Figure 2A). Subgroup analyses indicated that high SII was an independent prognostic factor for worse OS in patients with pT0TisT1 stage disease (HR: 1.69 95% CI: 1.02–2.81, P = 0.0436, Table 3). In all subgroups, the tests for interactions were not statistically significant.



The relationship between preoperative SII and RFS

The median follow-up time for RFS was 1,007 days (33.6 months, interquartile range: 329–2,065 days). A total of 340 (46.9%) patients experienced recurrence in the follow-up period. The 5-year RFS rate was 55.94% (95% CI: 51.51%–60.74%) in the low-SII group and 43.80% (95% CI: 38.05%–50.41%) in the high-SII group. Kaplan–Meier curves showed that the high group was associated with decreased RFS (log-rank P = 0.0014, Figure 2B).

Univariable Cox proportional hazard regression demonstrated that a high SII predicted poor RFS (HR: 1.42 95% CI: 1.14–1.76, P = 0.0015, Table 2). In multivariate analyses, after we adjusted for age, gender, adjuvant therapy, pT, pN, PSM, and PNI, the HR was attenuated (HR: 1.19, 95% CI: 0.95–1.49, P = 0.1403, Table 3).

In subgroup analyses (Supplemental Figure 2B), a high SII was found to be an independent prognostic factor for worse RFS in patients with HBP (HR: 2.11, 95% CI: 1.34–3.30, P = 0.0012), with DM (HR: 3.76, 95% CI: 1.73–8.15, P = 0.0008), without PNI (HR: 1.32, 95% CI: 1.04–1.69, P = 0.0238), and with pT0TisT1 stage tumor (HR: 1.88, 95% CI: 1.09–3.24, P=0.0229, Table 3). Tests for interactions were statistically significant for HBP, DM, PSM, and PNI (all P < 0.05), indicating that these factors may act as modifiers in the relationship between preoperative SII and RFS. The effects of SII on RFS were opposite in different aspects of modifiers. For patients with high blood pressure, diabetes, and PSM, an elevated SII was strongly associated with worse RFS, whereas in patients without these features, the HRs were largely attenuated and not statistically significant. In contrast, for patients with PNI, a high SII was associated with favorable RFS (HR: 0.79, 95% CI: 0.42–1.49, P = 0.4724), whereas for patients without PNI, the effect size was reported above and consistent with the overall results.




Discussion

In this study, we evaluated the prognostic potential of the SII for patients with bladder cancer who underwent RC in a large cohort and revealed that patients with an increased preoperative SII had inferior OS and RFS outcomes. In the univariate Cox proportional hazard model, a higher SII was significantly associated with worse OS and RFS. Unfortunately, in multivariate analyses, after adjusting for potential cofounders, the SII did not remain a statistically significant independent predictor of OS and RFS for the whole population. Specifically, subgroup analyses demonstrated that the SII could independently predict OS and RFS for NMIBC patients. Interestingly, the SII was found to be independently correlated with RFS for patients with HBP and DM and without PNI, HBP, and DM. Furthermore, PSM and PNI might be modifiers for the association of SII and RFS. Univariate and multivariate logistic regressions indicated that a high SII is positively associated with poor pathological outcomes, including larger tumor size, high pT stage, and variant histology.

Recently, several studies have investigated the prognostic value of SII in bladder cancer and remain controversial. Yılmaz (17) performed multivariate analyses and found that the SII was not an independent prognostic factor in MIBC. Nevertheless, Gorgel et al. (18–20) claimed that the SII could be an independent prognostic factor in MIBC patients who underwent RC. Researchers investigated the associations between SII and high-risk NMIBC patients who received intravesical instillation of BCG after TURBT and revealed that the preoperative SII was an independent predictor for OS, CSS (21), and RFS (22). For NMIBC, distinct from other studies, we collected the SII after TURBT and intravesical instillations, which still remained an indicator for survival after subsequent RC, implying that the SII could predict prognosis regardless of the time point during treatment periods. Li and colleagues (23) conducted a meta-analysis involving 7,087 patients diagnosed with bladder cancer who underwent RC or TURBT. The pooled results indicated that an elevated SII was significantly related to worse OS, CSS, and RFS.

The inflammatory tumor microenvironment and related host systemic inflammation might play crucial roles in tumor carcinogenesis, proliferation, invasion, and dissemination and alter responses to hormones and chemotherapeutic agents (24, 25). Numerous researchers have examined the prognostic value of markers including C-reactive protein (CRP) (26), neutrophil-to-lymphocyte ratio (NLR), and platelet-to-lymphocyte ratio (PLR), which reflect host inflammatory status and local immune response status. Neutrophils were reported to be involved in tumor progression by promoting genetic instability and stimulating angiogenesis (27), while platelets activated by tumor cells would in turn facilitate tumor cell dissemination by inducing an opening of the endothelial barrier to allow transendothelial migration (28). Lymphocytes are generally known to play a critical role in antitumor immunity. The SII is a novel marker that integrates neutrophils, platelets, and lymphocytes from blood samples. Therefore, the SII is potentially an easily accessible and inexpensive prognostic biomarker that might be used in different clinical scenarios including improving risk stratification, monitoring disease progression, and predicting treatment response.

Our study has some limitations: first of all, owing to the single-center retrospective design, selection bias was inevitable and external validity was limited. Secondly, some postoperative treatment information and survival outcomes during follow-up were obtained from telephone conversations with patients’ relatives, which might cause recall bias. Thirdly, for NMIBC patients who underwent RC, preoperative use of intravesicle therapy, which might alter the level of SII and influence the oncological outcome, was not controlled. Finally, the use of drugs for patients with HBP, DM, or other comorbidities that might influence prognosis was not recorded and taken into account.



Conclusion

Taken together, the novel, recently developed immunological marker SII was a potential prognostic predictor for bladder cancer patients who underwent RC. An elevated preoperative SII was associated with adverse pathological features and worse survival outcomes. Furthermore, the SII was an independent predictor of OS and RFS for NMIBC patients and could independently predict RFS for patients with either HBP or DM and patients without PNI. Further investigations on the application of the SII in clinical practice are warranted. Prospective multicenter analyses are needed in the future.
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Penile cancer is a rare malignancy and usually refers to penile squamous cell carcinoma (PSCC), which accounts for more than 95% of all penile malignancies. Although organ-sparing surgery is an effective treatment for early-stage PSCC, surgical intervention alone is often not curative for advanced PSCC with metastases to the inguinal and/or pelvic lymph nodes; thus, systemic therapy is required (usually platinum-based chemotherapy and surgery combined). However, chemotherapy for PSCC has proven to be of limited efficacy and is often accompanied by high toxicity, and patients with advanced PSCC usually have poor prognosis. The limited treatment options and poor prognosis indicate the unmet need for advanced PSCC. Immune-based therapies have been approved for a variety of genitourinary and squamous cell carcinomas but are rarely reported in PSCC. To date, several studies have reported high expression of PDL1 in PSCC, supporting the potential application of immune checkpoint inhibitors in PSCC. In addition, human papillomavirus (HPV) infection is highly prevalent in PSCC and plays a key role in the carcinogenesis of HPV-positive PSCC, suggesting that therapeutic HPV vaccine may also be a potential treatment modality. Moreover, adoptive T cell therapy (ATC) has also shown efficacy in treating advanced penile cancer in some early clinical trials. The development of new therapeutics relies on understanding the underlying biological mechanisms and processes of tumor initiation, progression and metastasis. Therefore, based on the interest, we reviewed the tumor immune microenvironment and the emerging immunotherapy for penile cancer.
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Introduction

Penile cancer is a rare malignancy with approximately 26,000 new cases worldwide per year; despite the low overall incidence of approximately 1/100,000 in developed countries, the incidence is much higher in developing countries (1–3). Penile cancer usually refers to penile squamous cell carcinoma (PSCC), which comprises more than 95% of all penile malignancies; other penile malignancies, such as melanocytic lesions, mesenchymal tumors, lymphomas, and metastases, are less common (4, 5). Based on the current knowledge, phimosis, chronic inflammation of the penis, smoking, lower socioeconomic status, ultraviolet exposure, and human papillomavirus (HPV) infection are regarded as risk factors for penile cancer (6–11). In addition, approximately 30% of penile intraepithelial neoplasia (PeIN), which is an unfavorable histopathological feature associated with penile cancer, will progress to invasive penile cancer if untreated (12).

With non-inferior 5-year survival compared with radical surgery, organ-sparing surgery alone is recommended as the primary curative treatment for PeIN and localized invasive penile cancer by the guidelines of the European Association of Urology (EAU) and National Comprehensive Cancer Network (NCCN) (5, 13). However, despite not affecting overall survival (OS), the probability of recurrence after organ-sparing surgery is high, and penectomy will then be inevitable for some patients. A retrospective study of 203 PSCC reported that 18% of patients had local recurrence after organ-sparing surgery, of whom approximately 17% required penectomy (14). As a result of penectomy, patients’ sexual life and overall well-being will be significantly affected (15). The survival outcomes of patients diagnosed with advanced PSCC are affected by multiple factors (such as subtypes of pathology, perineural and lymphovascular involvement, and extracapsular spread of lymph node metastasis), and surgery alone is usually noncurative in this setting (16, 17). With curative intent, the NCCN guideline recommends 4 cycles of neoadjuvant chemotherapy (NAC) with a combination of paclitaxel, ifosfamide, and cisplatin (TIP) for patients with inguinal lymph node(s) larger than 4 cm or patients who are at the N2/N3 stage, while adjuvant chemotherapy (AC) is recommended for patients with high-risk features (pelvic lymph node metastases, extranodal extension, bilateral inguinal lymph nodes involved, 4 cm tumor in lymph nodes) (13). Unfortunately, chemotherapy was proven to have limited benefits for PSCC patients, and the prognosis for advanced PSCC is unsatisfactory with current treatment options. In a phase 2 trial that included 30 patients diagnosed with advanced N2/N3 stage PSCC without distant metastases, 4 cycles of NAC of TIP resulted in a 50% objective response rate, 22 (73.3%) patients underwent surgery after NAC, and the median progression months and median survival months were only 8.1 months (95% confidence interval [CI], 5.4 to 50 months) and 17.1 months (95% CI, 10.3 to 60 months), respectively (18). Other studies have reported several additional moderately efficacious and often highly toxic chemotherapy regimens for locally advanced or metastatic PSCC (19–22). Moreover, the treatment options available after chemotherapy failure are few and often have poor efficacy. Based on a retrospective study, patients with advanced PSCC had a poor response to salvage therapy after first-line chemotherapy failure, with a median OS of less than six months (14). The limited treatment options and poor prognosis indicate an unmet need for systemic therapy for penile cancer.

Immune-based therapy has been approved for the treatment of numerous genitourinary carcinomas (23–30). Pembrolizumab, which is a kind of immune checkpoint inhibitor (ICI), is recommended by the NCCN guidelines as the second-line treatment for unresectable or metastatic PSCC with high tumor mutational burden (TMB-H) or deficient mismatch repair (dMMR). However, the few and mainly case reports and basket trial data on the effect of pembrolizumab on clinical outcomes limited its widespread use in lethal advanced PSCC (31–34). Just as higher expression of PDL1 correlates with improved response to ICI in other tumors (35), the high PDL1 expression rate in PSCC tissue suggests that ICI may be a potentially effective treatment for PSCC (36). In addition, the distinct molecular mechanisms and prognosis between HPV-positive and HPV-negative PSCC make HPV-related therapies, such as therapeutic HPV vaccines, a potential focus for penile cancer treatment (37, 38). Moreover, adoptive T cells therapy (ATC) has also shown efficacy in treating advanced penile cancer in some early clinical trials, also emerging as a potential treatment for penile cancer (36).

The development of new therapeutics relies on understanding the underlying biological mechanisms and processes of tumor initiation, progression and metastasis. A recently published review provided a systematic review of immune-based therapies in penile cancer. However, basic concepts (such as tumor immunity, tumor mutation burden, microsatellite instability, etc.), the history of urogenital tumor immunotherapy, the carcinogenesis of penile cancer, and the association between HPV infection and penile cancer seem to be inadequate in this review. Therefore, based on interest, we provided an overview of immune landscape and immunotherapy for penile cancer, hoping to complement previous studies to better and more fully understand the prospects of immunotherapy for penile cancer.



Tumor immune microenvironment


Carcinogenesis of penile cancer

HPV, especially HPV16 infection, is common in penile cancer and contributes to the carcinogenesis of penile cancer. In a systematic review and meta-analysis that included 71 studies, HPV DNA was detected in 50.8% (95% CI, 44.8%–56.7%) of invasive penile cancers and 79.8% (95% CI, 69.3%–88.6%) of PeIN, with basaloid squamous cell carcinoma and warty carcinoma becoming the histological subtypes with the top 2 highest HPV infection rates, reaching 84.0% (95% CI, 71.0%-93.6%) and 75.7% (95% CI, 70.1%–81.0%), respectively (39). In addition, the prevalence of HPV infection in penile cancer samples varied between regions, ranging from 40% in a Spanish cohort of 82 PSCC cases (40) to 90.2% in a South African cohort of 66 PSCC cases (41). Due to the different mechanisms of carcinogenesis between HPV-positive and HPV-negative penile cancer (37, 42, 43), the World Health Organization (WHO) fourth edition of the genitourinary cancer classification divided penile cancer into HPV-related and non-HPV-related penile cancer based on the presence or absence of HPV infection; the former mainly includes basaloid squamous cell carcinoma and warty carcinoma, while the latter mainly includes PSCC of the usual type (44, 45). Notably, PSCC of the usual type, the most common histological subtype of penile cancer, although classified as non-HPV-related penile cancer, approximately one-third of them are associated with HPV infection, usually HPV16 (44). Interestingly, compared with HPV-negative PSCC, several observational studies and meta-analyses found that HPV-positive PSCC has a better survival, which may be due to the different oncogenic mechanisms and tumor immune microenvironment (TIME) between HPV-positive and HPV-negative PSCC (37, 46–49).

The oncogenic mechanism of HPV-positive PSCC has been well described (Figure 1). Through microabrasions and specific receptors such as heparan sulfate proteoglycan and α6 integrin, HPV can infect the basal cells of the epithelial mucosa and then integrate HPV DNA into the host genome, thus resulting in high levels of viral oncoprotein E6 and E7 expression, which play an important role in the carcinogenesis of PSCC (37, 50). The viral oncoprotein E7 can bind and inactivate retinoblastoma protein (pRB, a cell cycle regulator), leading to uncontrolled cell cycle progression (42). Disruption of the negative feedback between p16INK4A and pRB due to the inactivation of pRB caused by viral oncoprotein E7 leads to high-level expression of p16INK4KA in PSCC (49, 50). Based on a previous study, p16INK4A was expressed in 79.6% of HPV-positive PSCC compared to 5% in HPV-negative PSCC; thus, p16INK4A is considered a surrogate for HPV infection in PSCC (39). In addition, proteasome-mediated degradation of the tumor suppressor protein p53 by the viral oncoprotein E6 leads to the accumulation of secondary genetic events, including tumor-causing mutations (37, 42). Furthermore, through the activation of telomerase by viral oncoprotein E6 and the combined action of viral oncoprotein E6 and E7, human primitive epithelial cells can achieve immortality (51).




Figure 1 | Carcinogenesis mechanism of HPV-mediated penile cancer. Human papillomavirus infects basal cells and integrates its own DNA into host DNA, resulting in high expression of viral oncoproteins E6 and E7. High expression of E6 and E7 leads to the inactivation of retinoblastoma protein (pRB) and p53, resulting in the accumulation of mutations and an uncontrolled cell cycle, ultimately leading to tumorigenesis. In addition, disruption of the negative feedback between p16INK4A and pRB due to the inactivation of pRB leads to high-level expression of p16INK4KA in penile cancer.



The oncogenic mechanism of HPV-negative PSCC is not yet well understood, and dysregulated p16INK4A/cyclin D/RB, p14ARF/MDM2/P53 and PI3K-AKT-mTOR pathways have been reported to be associated with the carcinogenesis of HPV-negative PSCC (42, 52, 53).



Tumor mutational burden and microsatellite instability for penile cancer

Human somatic mutation-derived expression of cancer rejection antigens is a major driver of the anti-tumor immune response (54). High-level tumor mutational burden and microsatellite instability (MSI) are associated with increased neoantigen expression, adequate tumor-infiltrating lymphocytes (TILs), and upregulated immune checkpoint expression in tumors (55). Therefore, patients with TMB-H and MSI-H are expected to benefit more from ICI therapy, which has been demonstrated in multiple tumors, such as urothelial cancer (24), colorectal cancer (55), non-small cell lung cancer (NSCLC) (56), melanoma (57) and gastric cancer (58). The association between a better response to ICI and TMB-H/MSI-H in carcinomas led to the Food and Drug Administration (FDA) approval of pembrolizumab for advanced unresectable solid tumors of MSI-H or dMMR in 2017, making pembrolizumab the first ICI based on molecular markers rather than clinicopathology (59). Within the context of PSCC, the NCCN guideline recommends pembrolizumab as the second-line treatment for advanced PSCC. However, a study that included 100,000 human tumor genomes revealed a much lower TMB in PSCC than in skin melanoma, urothelial bladder cancer, and NSCLC (60). Similarly, a study of 105 PSCC found that MSI and dMMR were not routine features of penile cancer (61). The rarity of MSI and TMB in metastatic PSCC was also found in a study that included 78 metastatic PSCC (62). Although these findings suggest that ICI may not be a viable therapy in penile cancer, ICI therapy may be effective in patients with a tumor mutational burden greater than 10 mutations per MB, which accounts for 18% of PSCC (52). In addition, the rarity of STK11 mutation and MDM2 proliferation in PSCC (62), which was found to play an important role in resistance to ICI in lung adenocarcinoma (63) and tumor hyperprogression after ICI therapy (64), respectively, also supports the potential application of ICI in penile cancer.



Tumor-infiltrating lymphocytes in penile cancer

As an important part of the TIME, TILs are involved in the process of anti-tumor immunity and tumor immune escape (65). According to the infiltration status of immune cells into the tumor, the TIME can be divided into three phenotypes: immune desert (no lymphocyte infiltration), immune excluded (stromal infiltration), and immune inflammation (intratumoral infiltration) (66, 67). Within the context of PSCC, compared with intratumor, CD8+ T cell and Foxp3+ regulatory T cell (Treg) numbers are much higher in the stroma of penile cancer, indicating aggregated but not efficiently infiltrating TILs; thus, penile cancer seems to be immune excluded (68). In general, CD8+ cytotoxic T cells (CTLs), CD4+ helper T cells, and natural killer cells are expected to have anti-tumor activity, while Treg cells, tumor-associated macrophages (TAMs), and myeloid-derived suppressor cells (MDSCs) are associated with tumor immunosuppression (69–74). The roles of various immune cells and their relationship to clinical outcomes have been partially explored in PSCC.

CTLs play a major role in tumor cell killing, in which two steps are needed. First, cancer rejection antigens must be taken up by antigen-presenting cell (APC) and cross-presented to prime naive CD8+ T cells, and second, CTLs recognize and kill tumor cells through cancer rejection antigens presented by HLA-I expressed by tumor cells (74, 75). Unfortunately, these two processes can be exploited to achieve immune escape in penile cancer. Within penile cancer, prostaglandin E2 (PGE2), which has been found to contribute to tumor immune escape by inactivating dendritic cells (DC), inhibiting the maturation of DC, and preventing the aggregation of DC to the tumor area in a cyclooxygenase-dependent way (76, 77), was found to be expressed in penile cancer tissue but not in normal penile tissue. In addition, partial loss of HLA-A, an essential component of HLA-I, was also discovered in penile cancer and was associated with worse survival (68). These findings indicate that penile cancer can evade the killing of CTLs through multiple pathways to achieve immune escape. The association between CD8+ T cells and clinical outcomes in penile cancer has been explored in a few studies (68, 78, 79). In an observational study that included 213 PSCC patients, it was found that high-level intrastromal CD8+ T cells infiltration was associated with reduced lymph node metastasis (LNM) in univariate but not in multivariate regression analysis (68). Another study of 178 PSCC patients found that high-level CD8+ T cells infiltration was significantly associated with better disease-specific survival (DSS) (78). Interestingly, compared with HPV-negative penile cancer, the level of CD8+ T cell infiltration was reported to be much higher in HPV-positive penile cancer, which may represent the presence of a stronger anti-tumor response in HPV-positive penile cancer and can partially explain the better prognosis of patients with HPV-positive penile cancer (78, 79).

MDSCs are a group of myeloid-derived suppressor cells with diverse and heterogeneous phenotypes that can suppress innate and adaptive immunity through multiple pathways and are therefore associated with tumor immune escape (80–82). In a study that included 106 newly diagnosed solid tumor patients, it was reported that the level of circulating MDSCs in blood is positively correlated with tumor stage and metastatic tumor burden (83). The association between a high level of MDSCs and poor clinical outcomes in solid tumors was also confirmed in two meta-analyses (84, 85). In the case of penile cancer, researchers of MD Anderson built a genetically modified mouse model of PSCC and found that immunosuppression in murine penile tumors was primarily mediated by MDSCs (86). Although the monoclonal penile tumors in the mouse model cannot represent the heterogeneity within human penile cancer, it directly reveals the important role of MDSCs in tumor immune escape in penile cancer. A recently developed xenograft model that can be humanized can overcome this deficiency and may help us gain better insight into the immune microenvironment of penile cancer in the future (87).

CD4+CD8+Foxp3+ Treg cells are recognized as immunosuppressive cells. Different from the high basal level expression of CD28 and low basal level expression of cytolytic T lymphocyte-associated antigen 4 (CTLA-4) in traditional T cells, Treg cells constitutively express high-level CTLA-4, which is essential for the immunosuppressive function of Treg cells (88, 89). Within penile cancer, several studies have found conflicting associations between Treg cells (CTLA-4) and clinical outcomes. In a study of 122 patients diagnosed with usual-type PSCC, the presence of peritumoral infiltration of Treg cells was found to be significantly associated with unfavorable clinical outcomes (90). In contrast, another study revealed a correlation between high-density CTLA-4 expression in the tumor stroma and better DSS (78). Conflicting results suggest that it is limited to correlate Treg cell counts with clinical outcomes alone, as a key factor in tumor prognosis is the ratio of effective T cells to Treg cells infiltrating the tumor (91). Compared with HPV-negative PSCC, higher levels of CTLs and Treg cell infiltration coexisted in HPV-positive PSCC (78, 79), demonstrating that stronger tumor killing and immunosuppression can coexist in the TIME of PSCC.

TAMs are highly plastic and can generally be divided into M1 macrophages with anti-tumor functions and M2 macrophages with tumor progression-promoting functions (92). In vulvar SCC (93) and head and neck SCC (HNSCC) (94), a high density of intratumoral CD68+ TAMs was found to correlate with tumor progression and poor prognosis. In contrast, in PSCC, a high level of CD68+ TAMs was found to be associated with improved CSS (78). A high level of CD163+ TAMs (M2) was found to be associated with worse prognosis and higher tumor stage in NSCLC (95), whereas in penile cancer, a high level of CD163+ TAMs was associated with increased LNM rather than poor survival (68). The high plasticity of TAMs and the limitation of using CD markers alone to differentiate TAMs may contribute to the contradictory phenomenon shown in penile cancer with traditionally thought of the role of TAMs (36).



PD1 axis in penile cancer

After T cells activation, the expression of PD-1 on T cells is upregulated and mainly binds to its ligand (PD-L1) on the surface of APC, which leads to T cells dysfunction, also known as T cells exhaustion, thereby moderating T cells activation to achieve immunosuppression (65). The interrelationship between PD1 and PDL1, known as the PD1 axis, plays a vital role in maintaining immune balance. Unfortunately, this physiological immunosuppressive process can be exploited by cancer cells to achieve tumor immune escape by upregulating the expression of PDL1 on the tumor cell surface (96). In penile cancer, PDL1 has been reported to be expressed in 40-69% of primary PSCCs. The highest frequency of expression of PDL1 (69%) was reported by a study that included 40 PSCC (97), while another study including 53 PSCC reported the lowest frequency (40%) (98). In addition, in a study including 37 PSCC, the concordance of PDL1 expression between primary and metastatic penile tumor tissues was revealed by Spearman’s rank correlation coefficient (ρ = 0.72, 0.032 < P < 0.036), which can help us speculate on the high expression of PDL1 in metastases. Although two studies with small sample sizes of 40 and 53 PSCC, respectively, found no statistically significant association between PDL1 expression and survival outcome (97, 99), the increased HR and wide 95% CI (HR, 2.13; 95% CI, 0.67-7.71; P = 0.199) in one study suggest that the statistical insignificance may be due to the low test power of the small sample size (97). In most studies, patients with diffusely expressed PDL1 penile carcinoma tissue had higher LNM and worse survival prognosis than those with PDL1-negative or border-positive (68, 98, 100). In addition, PDL1 is highly expressed in usual-type PSCC, whereas PDL1 is negatively expressed in warty or verrucous PSCC with better survival outcome, which also supports the negative correlation between PDL1 expression level and survival outcome in penile cancer (98).

In conclusion, penile cancer has a high rate of PDL1 expression that is correlated with poor clinical outcomes, suggesting the potential benefit of ICI in the treatment of penile cancer. However, due to the rarity of PSCC, our understanding of the TIME of PSCC is limited and it is difficult to precisely predict who is more likely to benefit from ICI. Large studies are needed to better elucidate the TIME to help us explore immunotherapy for penile cancer patients in the future.




Immune-based treatments for penile cancer

Although rarely used in penile cancer, immune-based treatments including ICI, therapeutic HPV vaccines and ATC are potentially effective treatments for penile cancer based on current understanding of penile cancer (Figure 2).




Figure 2 | Immune-based therapies for penile cancer. (A) Immune checkpoint inhibitors (ICIs) include anti-PDL1, anti-PD1 and anti-CTLA4 agents. (B) Therapeutic HPV vaccine can activate the immune system to kill HPV-positive penile cancer. (C) Adoptive T-cell therapy (ATC) for penile cancer, such as tumor-infiltrating lymphocytes (TILs) therapy, chimeric antigen receptor therapy (CAR-T) and T cell receptor (TCR) therapy.




Immune checkpoint inhibitor for penile cancer

In 2011 and 2014, ipilimumab and pembrolizumab/nivolumab were approved by the FDA for advanced unresectable melanoma, becoming the first CTLA-4 inhibitor and PD-1 inhibitor, respectively (101, 102). Then, in 2016, atezolizumab was approved for second-line systemic treatment of metastatic urothelial carcinoma, becoming the first approved PDL1 inhibitor by the FDA (24). ICIs have been approved for various genitourinary tumors and squamous cell carcinomas (23–30, 102). In penile cancer, pembrolizumab is recommended for second-line treatment of recurrent or/and metastatic advanced penile cancer (13). The data on the effect of ICI in penile cancer, however, are mainly from case reports and basket trials due to the rarity of PSCC (31–33). In a case report, 2 patients with metastatic PSCC who progressed after chemoradiotherapy responded to pembrolizumab and achieved long-term clinical benefit (31). In another case report, a case of chemoradiotherapy-refractory advanced PSCC responded to nivolumab (13). Penile cancer is quite uncommon; hence, clinical trials investigating the effect of ICIs are mainly basket trials. In a phase 2 basket trial for rare urogenital malignancies (NCT03333616) that included 5 PSCC, no patient responded to the combination of pembrolizumab and nivolumab, while 2 patients had stable disease and 3 patients had progressive disease (33). In a case series from a phase II basket trial (NCT02721732) that included 3 patients with advanced PSCC, 1 patient with MSI-H had a partial response (PR) to pembrolizumab (32).

According to the findings of a high PDL1 expression rate in PSCC and a negative correlation between PDL1 expression level and survival in PSCC. It is rational to apply ICI to PSCC. Several clinical trials are being conducted to investigate the effects of ICI in various stages of PSCC. For example, avelumab (anti-PDL1) for PSCC patients with progressive disease after platinum-based chemotherapy is ongoing in a phase 2 trial that included 24 patients (NCT03391479) (103), and avelumab is being tested as maintenance therapy following chemotherapy for PSCC patients with surgically unresectable disease in another phase 2 trial (NCT03774901) (104). In addition, given the synergistic effect of radiotherapy/chemotherapy and immunotherapy shown in tumor treatment (105), clinical trials of the combination of ICI and radiotherapy/chemotherapy for PSCC are also underway, such as atezolizumab plus radiotherapy for surgically unresectable PSCC (NCT03686332) (106) and pembrolizumab plus cisplatin (or carboplatin) and 5-FU as the first line of advanced PSCC (NCT04224740) (107). Ongoing trials of ICI in PSCC (not including basket trials) are summarized in Table 1.


Table 1 | Ongoing clinical trials of ICI in PSCC (basket trials not included).



In conclusion, there are few reports on the effect of ICI treatment on PSCC. ICI is currently mainly used in patients who have failed surgery, radiotherapy and/or chemotherapy, and some clinical trials of ICI for PSCC are underway. However, most ongoing clinical trials are single-arm trials with small samples, which may limit their validity. Large, controlled clinical trials comparing ICI with current standard care of PSCC are needed.



HPV vaccine

Due to the high prevalence of HPV infection in PSCC and the role of HPV in tumorigenesis, the HPV vaccine naturally has a potential role in the prevention and treatment of PSCC. In women, preventive HPV vaccines were proven to reduce the risk of cervical cancer (an HPV-related disease) by 87% in a large observational study in UK (109). The role of preventive HPV vaccination in reducing the incidence of PSCC is unclear, but the proportion of men vaccinated against HPV is very low, approximately 4% in 2019 (110). Unlike prophylactic HPV vaccines to protect the population from HPV infection, therapeutic HPV vaccines are designed to clear tumors through the immune system. Due to the long-term HPV activity in HPV-infected cells, HPV-positive PSCC continues to express viral oncoproteins E6 and E7, which can be targets for anti-tumor therapy (37, 50). By driving the immunogenicity of viral oncoproteins E6 and/or E7 in HPV-positive PSCC, therapeutic HPV vaccine can promote CTL-mediated HPV-infected or HPV-transformed cell killing, which has been proven to be effective in multiple HPV-driven neoplasms and malignancies (111). The Lm-LLO-E7 vaccine, which can secrete the HPV-16 E7 antigen fused to a nonhemolytic fragment of the Lm protein listeriolysin O, led to 7/15 patients with stable disease and 1/15 patients with partial response in a study that included 15 patients with previously treated metastatic, refractory or recurrent cervical cancer (112). In a phase 3 pivotal trial, VGX-3100, a synthetic plasmid targeting HPV-16 and HPV-18 E6 and E7 oncoproteins, also demonstrated good efficacy and safety in histopathological regression in women with high-grade precancerous cervical dysplasia (113). These studies demonstrated the efficacy of therapeutic HPV vaccines in the treatment of HPV-related cancer; however, there are currently no published findings on therapeutic HPV vaccines for PSCC.



Adoptive T cell therapy

Adoptive T cell therapy, which includes antigen receptor-engineered T cell therapy (TCR-T and CAR-T) and TILs transfer therapy, is an emerging tumor treatment modality and has become an important part of tumor immunotherapy. TCR-engineered T cells targeting E7 have been reported to mediate the regression of human papillomavirus cancers in a mouse model (114). The efficacy of TCR-T therapy in human PSCC was also confirmed. A total of 6/12 (50%) patients had objective responses, and 5/12 (41.7%) patients had stable disease after TCR-T cell therapy targeting the viral oncoprotein E7 in a phase 1 trial that included 12 metastatic HPV-associated epithelial cancers (11 patients with PSCC) (115). Unlike TCR-T cell therapy, which kills tumor cells depending on the tumor-rejecting antigens presented by HLA-I, chimeric antigen receptor T therapy (CAR-T) acts directly through tumor-rejecting antigens expressed on the surface of tumor cells to achieve killing of tumor cells, thus avoiding the immune escape of tumor cells by downregulating HLA-I expression, which was found in PSCC. However, no research on the application of CAR-T cell therapy to PSCC has been reported thus far. TILs transfer therapy for PSCC was shown to be feasible in vitro; in 11 out of 12 patients with PSCC, TILs were expanded by high concentrations of IL-2 from resected positive metastatic lymph nodes, and 5 out of 11 expanded TILs samples had anti-autologous tumor activity (116). However, there are currently no reports of TILs transfer therapy in vivo.




Conclusion

Currently, advanced PSCC has limited treatment options and poor clinical outcomes. Due to the rarity of the disease, the TIME of penile cancer is currently not well described, which limits our ability to accurately identify optimal immune-based treatments. However, the high expression of PD-L1 in penile cancer tissues supports the potential application of ICIs in penile cancer, and several clinical trials are underway. In addition, due to the unique role of HPV infection in HPV-positive penile cancer patients, therapeutic HPV vaccine is also a potential treatment modality. In addition, ATC therapy also showed efficacy in treating advanced penile cancer in some early clinical trials.
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Introduction

We aimed to develop a copper-related gene (CRG) signature that can be used to evaluate prognosis and guide therapeutic management in bladder cancer patients.



Methods

The raw transcriptome profiles and clinical data of 405 bladder samples were downloaded from The Cancer Genome Atlas (TCGA) database, and differentially expressed copper-related genes were identifified using the Molecular Signatures Database (MSigDB) database and univariate and multivariate Cox regression analysis. A multigene prognostic signature based on 14 CRGs was developed by least absolute shrinkage and selection operation (LASSO) analysis in the TCGA cohort and validated in the Gene Expression Omnibus (GEO) cohort. Multiple analyses were then conducted in which the nomograms, clinicopathological features, immune-related cell infifiltration characteristics, and therapy responses of the high- and low-risk score groups were compared.



Results

A 14 CRGs signature was constructed and used to classify patients into high-risk and low-risk groups. Compared to patients classifified as high-risk, low-risk patients in both the TCGA cohort and the GEO cohort had better overall survival. Patients in high-risk groups had more aggressive clinical features, immunologically “cold” infifiltrating characteristics, and experienced lower therapeutic effificacy. We identifified a CRG signature of bladder cancer and validated it using unsupervised clustering analysis. Monooxygenase DBH-like 1 (MOXD1) was further identifified, and its potential for evaluating the tumor immune microenvironment and predicting the immunotherapy response was explored.



Discussion

These results suggest a novel research direction for precision therapy of bladder cancer and demonstrate that copper-related genes can play a promising role in predicting prognosis and may serve as therapeutic targets for bladder cancer.





Keywords: bladder cancer, copper, signature, tumor-infiltrating immune cell, immunotherapy, fibroblast



1 Introduction

Bladder urothelial carcinoma (BLCA) is the most common malignant tumor of the urinary system. It is estimated that 500,000 new cases of BLCA and 200,000 resulting deaths occur annually worldwide, and the disease is responsible for over 80,000 new cases and 17,000 deaths per year in the United States alone (1, 2). BLCA is characterized by a high recurrence rate and a proneness to metastasis, and the 5-year survival rate is generally <50% (3). Chemotherapy, surgery, and immunotherapy are currently the most effective approaches to the treatment of BLCA, but these approaches have limitations. Molecularly targeted therapies have emerged as revolutionary cancer treatments that can increase the survival time of patients (4). Nevertheless, widely accepted prognostic biomarkers for BLCA still do not exist, and there is a serious unmet need for the identification of reliable biomarkers that can be used to determine risk and devise personalized treatment regimens for individual BLCA patients.

Cuproptosis was first identified in March 2022 as a form of cell death characterized by mitochondrial respiration regulated in a copper-dependent manner. Cells with higher mitochondrial respiration activity display increased sensitivity to copper ionophores, which are copper-binding small molecules that transfer copper from extracellular to intracellular sites (5, 6). Generally, intracellular copper concentrations are maintained at very low levels by active homeostatic mechanisms. However, copper imbalance affects inflammation, organ development, lipid metabolism and even sensitivity to chemotherapeutics (7). The accumulated intracellular copper can induce cell death, and this process can be reversed in hundreds of cell lines by binding of copper to molecules present in the cells (8, 9). Cancer-related metabolic reprogramming, including altered fatty acid metabolism and glucose metabolism, has profound effects on tumorigenesis, and copper has been reported to play essential regulatory roles in many metabolic processes (10–12). Indeed, before the identification of cuproptosis, disordered copper metabolism was shown to play a role in cancer occurrence and progression. A recent study of triple-negative breast cancer reported that copper-enriched SOX2/OCT4+ cells showed much higher sensitivity than other cells to copper depletion and suggested that metabolic reprogramming of a select population of SOX2/OCT4+ metastatic cells in a way that leads to copper depletion could be a novel antimetastatic therapy (13). Another study suggested that inhibition of the copper-trafficking proteins Atox1 and CCS could disrupt cellular copper transport and thereby inhibit the proliferation of cancer cells as well as attenuate tumor growth (14). Growing tumors employ ATP7A/B, a Golgi-localized copper-transporting ATPase that functions in the maintenance of copper homeostasis, to maintain the concentration of copper needed for the activity of oncogenic enzymes such as LOX and LOX-like proteins (15). Many prior studies have suggested that copper-related small molecules that regulate copper transport and metabolism play a critical role in tumor initiation, progression, metastasis, and therapy.

In this study, genomic data obtained from 405 BLCA samples were comprehensively analyzed, the copper metabolism pattern reflected by the data was evaluated, and a copper prognostic risk score signature was developed. The prognostic risk signature, which is based on the patients’ clinical information, can not only independently predict survival outcome but also effectively identify and distinguish groups of patients who are resistant to chemotherapeutic drugs and targeted drugs. The relationship between the prognostic risk signature and tumor immune infiltration characteristics was also explored, and the bladder cancer patients were grouped according to their immune subtypes. Fourteen prognostic genes were identified, and MOXD1 was further investigated to explore its correlation with the immune landscape. The prognostic risk signature developed in this study confirms the important role of copper in shaping the individual tumor immune microenvironment and distinguishes populations of patients who have different responses to immune checkpoint inhibitors (ICIs). These conclusions provide novel perspectives for combining ionic therapy with immunotherapy for patients with bladder cancer.



2 Results


2.1 Difference analysis and construction of a prognostic risk score signature in the training set

Transcriptome profiling data for bladder tissue, based on the BLCA project reported in the TCGA database, which includes normal and cancer tissue samples, was conducted to analyze gene expression levels. The CRGs downloaded from MigSDB (https://www.gsea-msigdb.org/gsea/msigdb) were extracted (Table S1), and the differences were analyzed. In this cohort, 64 genes expressed in cancer tissue were selected according to a false discovery rate (FDR) < 0.05; 44 of these were upregulated, and 20 were downregulated. The differentially expressed CRGs are shown in Figures 1A, B. The expression profile data of differentially expressed CRGs obtained from the TCGA cohort in GSE13507 were extracted for validation (Table S2). Univariate Cox regression analysis was conducted on 64 differentially expressed CRGs comprising the training set in the TCGA cohort. Finally, 17 prognosis-related genes with p values <0.05 were identified (Figure 1C). Combined with the raw somatic mutation data obtained from the TCGA database, the mutation characteristics of these 17 CRGs were also analyzed and summarized. Figure 1D shows that somatic mutations in these 17 CRGs occurred in 62 of 412 bladder cancer patients, a frequency of 15.05%. Among these genes, HEPH had the highest mutation frequency, while STEAP4 was relatively stable with no somatic mutations. According to comutation analysis, HEPH and SNCB, HEPH and MTIA, and MOXD1 and HEPH exhibited a mutation cooccurrence relationship (Figure 1E). To construct a prognostic risk score signature, the candidate genes were narrowed to 14 genes (HEPH, LOXL2, MOXD1, S100A5, SNAI3, SNCB, ACLY, GCLM, GPX1, OXSM, MT1A, TFRC, NDOR1, and STEAP4) by LASSO Cox regression analysis (Figures 1F, G). The risk scores associated with the bladder cancer samples were calculated using the following formula: risk score = (0.0649294946722208)×HEPH + (0.00112844967059073)×LOXL2 + (0.0442203686581324)×MOXD1 + (-0.0793932777256413)×S100A5 + (-0.233746730976349)×SNAI3 + (0.3680400891395)×SNCB + (0.21480248315269)×ACLY + (0.123239938118587)×GCLM + (-0.0771053814083238)×GPX1 + (-0.133608314765734)×OXSM + (0.124543005735702)×MT1A + (0.0715649943387494)×TFRC + (-0.372743923494837) ×NDOR1 + (0.125154125013336) × STEAP4, as shown in Table S2.




Figure 1 | Construction of prognostic risk score signature (A) The volcano plot of 64 copper-related genes with significant difference (upregulated genes are marked in red; downregulated genes are marked in green). (B) The heatmap of differentially expressed copper-related gens in the normal and cancer tissue samples. (C) Forrest plot of 17 copper-related genes associated with prognosis. (D) The somatic mutation of 17 copper-related genes in 412 BLCA patients in TCGA cohort. (E) The analysis of mutation cooccurrence and exclusion for 17 prognostic copper-related genes. Cooccurrence, green; exclusion, brown. (F) The coefficients in LASSO Cox regression analysis of the 17 prognostic copper-related genes. (G) Identification of genes for construction of prognostic risk score signature. (H) Principal component analysis based on all copper-related genes in TCGA cohort. (I) Principal component analysis based on 14 prognostic signature copper-related genes in TCGA cohort. High-risk patients are represented by red group, and low-risk patients are represented by blue group.



Principal component analysis (PCA) demonstrated that the BLCA samples can be distinguished by the prognostic risk score signature (Figures 1H, I).



2.2 Correlation between risk score and clinical characteristics

Taking the median value of the risk score in the training set above as the cutoff value, a total of 405 ranked samples were divided into low-risk (n = 203) and high-risk (n = 202) groups. In univariate and multivariate Cox analyses, the indicators related to overall survival (OS) included not only risk score but also age and pathological stage, indicating that they can be used as independent prognostic indicators (Figures 2A, B). Furthermore, after redistributing the above samples according to the risk score, it was found that there was a significant correlation between risk score and changes in clinical indicators other than sex and age (Figures 2C, D), including stage, grade and American Joint Committee on Cancer (AJCC-TNM) criteria. Higher risk scores were associated with high-grade tumors (p < 0.001; Figure 2E). The risk score also had a positive correlation with AJCC-M (distal metastasis) (p = 0.026; Figure 2F) and AJCC-N (lymphoid metastasis) (p <0.01; Figure 2G). Among Stage II, Stage III and Stage IV patients, higher risk scores were associated with more advanced stage (p < 0.05; Figure 2H). Higher risk scores also correlated with higher AJCC-T (tumor invasion) stage in T2, T3, and T4 (Figure 2I). Compared to samples with high risk in the TCGA cohort, samples with low risk in the TCGA cohort had better OS (p <0.001; Figure 2J) and longer progression-free survival (PFS) (p = 0.004; Figure 2K). Among the samples in the test dataset from the Gene Expression Omnibus (GEO), GSE13507 was divided into low-risk (n = 82) and high-risk (n = 83) groups using the above-determined cutoff value, and the survival curves of these two groups were plotted (p = 0.008; Figure 2L). The risk scores and risk statuses of each sample are listed in Table S2. The prognostic factor-associated receiver operating characteristic (ROC) curves were plotted, and the area under the ROC curves (AUC) showed that the risk score was highly predictive of survival at 1 (AUC = 0.673), 3 (AUC = 0.681), and 5 (AUC = 0.697) years (Figure 2M). Overall, the low-risk samples had superior prognoses compared to those of the high-risk samples, suggesting that the prognostic risk score signature has a robust ability to predict OS in BLCA patients.




Figure 2 | The predictive power of prognostic risk score signature in clinical characteristics among BLCA patients (A, B) The forest plot of the univariate and multivariate Cox regression analysis in TCGA cohort. (C-I) The relationship of risk score and clinical characteristics, including age (C), sex (D), tumour grade (E), distal metastasis (F), lymphoid metastasis (G), TNM stage (H), and tumor invasion (I). (J–L) The comparison of overall survival (OS) between low- and high-risk score groups in the training set (J) and the test set (L), and the progression-free survival (PFS) in training set (K). (M) The prediction accuracy of the risk score measured by ROC curves at 1, 3, 5 years in the training set. The area under the curve (AUC) is 0.673, 0.681, 0.697 respectively.





2.3 Construction of a nomogram for predicting prognosis

A nomogram for predicting OS in BLCA samples was constructed by integrating age, sex, stage, AJCC TNM and risk score (Figure 3A). As shown by the calibration curves for survival at 1, 3, and 5 years (Figure 3B), the nomogram accurately predicted OS in BCLA patients. As the AUC illustrates, compared with other indicators such as age (AUC = 0.676) and prognostic risk score signature (AUC = 0.667), the nomogram (AUC = 0.784; Figure 3C) had more promising prognostic value. Decision curve analysis showed that the nomogram had good prediction performance at 1, 3 and 5 years, especially at 3 and 5 years (Figure 3D). Although age and stage, which were related to overall survival in the univariate Cox analysis, had no correlation with overall survival in the multivariate Cox analysis, the nomogram always maintained good utility in predicting overall survival (Figures 3E, F).




Figure 3 | The predictive power of a nomogram incorporated with risk score and clinical features in overall survival of patients (A) Nomogram predicting overall survival of patients in training set. (B) The calibration plots of the nomogram at 1, 3, 5 years. The x coordinate value represents the nomogram-predicted survival, and the y coordinate value represents observed overall survival. (C) ROC curves for risk score, nomogram and clinical characteristics. (D) Decision analysis curve of the nomogram in the 1-year, 3-year, and 5-year. (E, F) The forest plot of the nomogram in univariate Cox and multivariate Cox regression analysis.





2.4 Validation of the copper-related prognosis signature for bladder cancer by clustering analysis

First, we analyzed the differences in expression of 14 candidate genes in tumor and normal tissues based on the data in the TCGA-BLCA dataset. The data were screened using the prognostic model of copper-related genes (Figure 4A). qPCR was performed to validate the results in normal urothelial cells and bladder cancer cells in vitro (Figure 4B). Unsupervised clustering was then used to analyze the TCGA-BLCA expression profile based on the prognosis-related CRGs and on all the prognosis-related genes for two CRG clusters (A, B) (Figure 4C) and three gene clusters (A-C) (Figure 4F). Survival analysis showed that two types of clustering methods effectively predicted the OS of patients with bladder cancer (p value < 0.001) (Figures 4D, G). Principal component analysis showed that CRG clusters effectively distinguished bladder cancer samples (Figure 4E). The heatmap obtained after clustering is shown in Figure 4I. The alluvial diagram (Figure 4H) shows the distribution of the risk scores in the above copper-related prognostic models among different clusters and their correlation with clinical outcomes. The risk scores for the CRG clusters and gene clusters are also shown in boxplots (Figures 4J, K). In CRG clusters, Cluster B had a higher risk score than Cluster A, while in gene clusters, Cluster B had the highest risk score.




Figure 4 | Validation of the copper-related prognosis signature for BLCA by clustering analysis (A) The expression level of 17 copper-related genes between the normal and tumour samples in the TCGA-BLCA dataset. (B) The mRNA level of 17 copper-related genes between the SVHUC-1 and UMUC3 cells. The results are presented as the mean ± SD of three independent experiments (*p < 0.05, **p < 0.01, ***p < 0.001). (C, F) The unsupervised clustering plots of TCGA-BLCA expression profile based on the prognosis related CRGs and all the prognosis related genes, respectively for two CRGclusters and three geneclusters. (D, G) Kaplan–Meier analysis of the OS in CRGclusters and geneclusters. (E) Principal component analysis of TCGA-BLCA samples through CRGclusters. (H) The alluvial diagram of copper-related prognosis signature risk scores, CRGclusters, geneclusters and clinical outcomes. (I) The heatmap of clinical features of the CRGclusters and geneclusters in BLCA samples. (J, K) The boxplot plots demonstrated the risk scores of CRGclusters and geneclusters.





2.5 Immune-related features and response to immunotherapy in the low- and high-risk score groups

A total of 411 BLCA samples were divided according to recently defined immune subtype categories; the samples were grouped into the wound-healing C1 immune subtype, the IFN-γ dominant C2 immune subtype, the inflammatory C3 immune subtype, and the lymphocyte-depleted C4 immune subtype. The relationship between subtype group and risk score calculated based on the prognostic signature described above is plotted in Figure 5A. The plot shows that the risk scores of bladder cancer patients with the C1 immune subtype are higher than those of patients with other immune subtypes. An analysis of the immune microenvironment and immune cell infiltration in patients with bladder cancer is shown in Table S3. The high-risk group showed remarkably poor immune-promoting cell population infiltration, including poor infiltration by CD8 T cells and activated dendritic cells (aDCs). Consistent with the OS advantage observed in the low-risk group compared to the high-risk group, M2 macrophages were inhibited in the low-risk group. CD8 T cells and T helper (Th) 17 cells were associated with poor survival outcomes in the high-risk group (Figure 5B). Correlation analysis of the expression of 14 prognostic genes and the numbers of various immune cells was also performed in the TCGA-BLCA cohort; the results are shown in Figure 5E. The analysis of immune function indicated that APC costimulation function, checkpoint function, and T-cell coinhibitory function were elevated in the high-risk group, demonstrating that immune-suppressed patients can respond to immunotherapy (Figure 5C). Although immunotherapy through administration of immune checkpoint inhibitors brings hope to cancer therapy, many cancer patients respond poorly to immune checkpoint inhibitors. Our investigation of the use of the prognostic risk score signature to distinguish BLCA patients with different responses to ICIs demonstrated that the expression levels of several significant immune checkpoint target molecules were higher in the high-risk group (Figure 5D) and that patients in the high-risk group displayed poorer therapeutic responses to ICIs, suggesting that quantification of the copper-related prognostic risk score signature is a promising predictor for indicating the therapeutic response to immunotherapy (Figure 5F). In addition, based on the treatment status and therapeutic response characteristics of bladder cancer patients receiving immunotherapy in the Tumor Immune Dysfunction and Exclusion (TIDE) database, we further found that bladder cancer patients in the high-risk group had higher scores for immune exclusion (Figure S3C), CD274 expression level, and MDSC grade than those in the low-risk group.




Figure 5 | The description of immune-related characteristics in the BLCA samples based on copper prognostic signature (A) The relationship between risk score and immune subtype in the BLCA samples. (B) The immune cell infiltration difference between high- and low- risk score groups. (C) The difference of biological immune-related functions in high- and low- risk score groups. (D) The difference of ICIs-related molecules expressions in high- and low- risk score groups. (E) The correlation results of the expression of 14 prognostic genes and the numbers of various immune cells in the TCGA-BLCA cohort. (F) The prediction of different therapeutic responses to ICIs in BLCA cohort under the prognostic risk score signature. (G) The correlation between risk score of the CRG prognostic model and the presence of tumor stem cells. (H) The correlation between risk score of the CRG prognostic model and the tumor microenvironment score categories StromalScore, ImmuneScore, and EstimateScore.



In addition to the above-described exploration of the relationship between risk scores and tumor immune characteristics, the differences between the high- and low-risk groups in tumor microenvironment were further investigated. This included confirming that the risk score of the CRG prognostic model was negatively correlated with the presence of tumor stem cells (Figure 5G); this demonstrated that the carcinogenic mechanism of CRGs in BLCA was not associated with mRNA expression-based stemness scores (RNAss). It was also confirmed that the high-risk group had higher scores in the tumor microenvironment score categories StromalScore, ImmuneScore, and EstimateScore (Figure 5H).



2.6 Gene set variation analysis and response to chemotherapy and to targeted therapy

The gene sets represented in “c2.cp.kegg.v7.4” retrieved from MSigDB were used to conduct GSVA enrichment analysis. The results indicated different biological behaviors in the low-risk and high-risk groups, and several crucial metabolic pathways, including linoleic acid metabolism, alpha-linoleic acid metabolism and the citrate cycle, were enriched in the low-risk group (Figure 6J). Moreover, some pathways associated with immune biological processes, including the T-cell receptor, B-cell receptor and chemokine signaling pathways (Figure 6J), were enriched in the high-risk group, consistent with the analysis of immune infiltration. In addition to immunotherapy, chemotherapy and targeted therapy are also important treatments for bladder cancer patients and can significantly improve patient prognosis. Therefore, the relationship between risk score and resistance to therapy was explored. Sensitivity to multiple drugs was calculated using the “oncoPredict” R package to predict the therapeutic response. As shown in Figure 6, patients with high risk scores were relatively insensitive to the chemotherapeutic agents gemcitabine and vincristine and to the targeted therapy agent sorafenib, all of which are widely used in the treatment of patients with advanced BLCA. To screen for potential therapeutic agents for BLCA based on the CRG prognostic signature, we further analyzed the expression of drug target genes in the low-risk and high-risk groups. The results demonstrated that the response rates to cetuximab (C1R, C1S, C1QA, C1QB, C1QC, FCGR2A, FCGR2B and FCGR3A), cisplatin (MPG), trastuzumab (ERBB2) and sunitinib (CSF1R) were significantly higher in the high-risk group than in the low-risk group (Figure 6I).




Figure 6 | Prognostic risk score signature in the role of prediction in sensitiveness of chemotherapy and targeted therapy The response differences between low- and high-risk score groups to Cisplatin (A), Gemcitabine (C), Vincristine (E), Sorafenib (G). The association between risk scores of patients and drug sensitivity of Cisplatin (B), Gemcitabine (D), Vincristine (F), Sorafenib (H). (I) The boxplot of potential target genes in low- and hgh-risk score groups. *p < 0.05; **p < 0.01; ***p < 0.001. (J) The heatmap of GSVA enrichment between low- and high-risk score groups.





2.7 Validation of the expression of prognosis-related CRGs in bladder tissues

To verify the differential expression and the prognostic value of the 14 CRGs, we next compared the protein expression of the above 14 CRGs in the high-risk and low-risk groups as reported in the HPA database. The results of immunohistochemical staining indicated that, compared to the samples in the low-risk group, the protein expression of HEPH, ACLY, MT1A, LOXL2, MOXD1, TFRC and GCLM was obviously elevated in the samples in the high-risk group. Furthermore, the protein expression of GPX1, NDOR1, and OXSM was elevated in the tissue samples from the low-risk group. The HPA database did not report the protein expression of S100A5, SNCB, SNAI5, or STEAP4 (Figure 7).




Figure 7 | Validation of the 14 prognostic CRGs in protein level The immunohistochemistry staining results of HEPH, ACLY, MT1A, LOXL2, MOXD1, TFRC, GCLM, GPX1, OXSM, NDOR1 between low-grade and high-grade BLCA tissues from the HPA database.





2.8 Identification and exploration of MOXD1 in depicting the tumor immune landscape

First, the interactive relationships, regulation bonds and the significance of the correlations in the 14 CRGs in BLCA patients were depicted in a network plot (Figure 8A). To further identify genes that are closely associated with immune characteristics for subsequent study, we analyzed the survival and clinical outcomes associated with expression of the above 14 genes based on the expression profiles found in samples from bladder cancer patients in the IMvigor210 dataset who had been treated with immunotherapy. The results showed that only one gene, MOXD1, was significantly associated with differential survival in the IMvigor210 cohort, and its expression was correlated with the patients’ clinical response (Figure 8B). MOXD1 was therefore used to explore the association between gene expression and clinical outcome (Figure 8C) as well as clinical characteristics (Figures 8D-H) in the TCGA-BLCA cohort. In addition, to further explore the predictive value of MOXD1 regarding the response to immunotherapy in bladder cancer patients, we utilized the Comprehensive Analysis on Multi-Omics of Immunotherapy in Pan-cancer (CAMOIP) database to analyze the immune characteristics of the patients in the groups with high and low expression of MOXD1. The results indicated that the MOXD1 expression level of samples in the Rose cohort increased as the risk of death from bladder tumors decreased (Figure 8I), consistent with the results obtained using the IMvigor210 cohort. An analysis of immune cell infiltration in patients with bladder cancer in the Mariathasan cohort is shown in Figure 8J. The group with high expression of MOXD1 showed remarkably poor cell population infiltration by activated dendritic cells and activated mast cells. Although there was no significant difference in CD8 T cells between the two groups, CD4 T cells were activated in all populations of samples with high MOXD1 expression (Figure 8J). A GSEA comparison of the groups with high and low expression of MOXD1 was also conducted; the resulting top 15 significant pathways are depicted in a ridge plot (Figure 8K). The significant pathways include the primary immunodeficiency and chemokine signaling pathways. The GSEA enrichment analysis also showed that the group with high expression of MOXD1 had greater enrichment of cell-related pathways that differed significantly with respect to immune cell infiltration (Figure 8L). Correlations between the expression of MOXD1 and the expression of immune checkpoint inhibitor genes (Figure 8M) and differences in the expression levels of surface markers for CD4 T cells, mast cells, macrophages, and antigen-presenting cells between the high and low MOXD1 expression groups were analyzed and validated in the IMvigor210 cohort (Figure 8N). It was confirmed that the group with high expression of MOXD1 had a promising immune response to immunotherapy.




Figure 8 | Identification and exploration of the MOXD1 in depicting tumour immune landscape (A) The network plot of interactive relationships, regulation bonds and their correlation significance between the 14 CRGs in BLCA patients. (B) The comparison of overall survival (OS) and clinical response between low- and high-expression of MOXD1 in the IMvigor210 cohort. (C–H) The comparison of overall survival and clinical characteristics in the TCGA-BLCA cohort. (I) Kaplan-Meier analysis with the log-rank test of high and low expression group of MOXD1. (J) Analysis of immune cell infiltration in bladder cancer samples with high- and low- expression in Mariathasan cohort. ns p>0.05; *p < 0.05; **p < 0.01; ***p < 0.001. (K, L) Gene Set Enrichment Analysis (GSEA) of the high and low expression level of MOXD1 groups. (M, N) The correlation analysis between MOXD1 and immune checkpoint inhibitor genes, and the differences of expression levels of surface markers (CD4 T cells, mast cells, macrophages, antigen presenting cells) between the high and low MOXD1 expression group in the IMvigor210 cohort.





2.9 High expression of MOXD1 in fibroblasts promoted an active tumor immune microenvironment according to scRNA analysis

We then attempted to explore the localization of MOXD1 in the tumor microenvironment and its specific impact on the tumor immune microenvironment (TIM) by analyzing the single-cell analysis expression profiles of bladder cancer in the GSE135337 dataset. Seven primary tumor tissue samples and one normal tissue sample were clustered and annotated into seven clusters, including epithelial (precancerous) cells, epithelial (tumor) cells, endothelial cells, T cells, B cells, myeloid cells, and fibroblasts (Figure 9A). After dimensionality reduction, 14 candidate copper-related genes were found to be predominantly highly expressed in fibroblasts and endothelial cells; moreover, MOXD1 was significantly highly expressed in fibroblasts (Figures 9B, C). To further verify the localization of MOXD1 in fibroblasts in bladder cancer tissue, we explored the correlation of MOXD1 expression with fibroblasts in the TIMER 2.0 database. The results demonstrated that under the TIDE, XCELL, EPIC, and MCPCOUNTER algorithms, MOXD1 expression was positively correlated with tumor infiltration by fibroblasts (Figure 9D). Furthermore, we explored pathways associated with ligand−receptor signaling among various cell populations by cell−cell communication analysis. The results demonstrated that the CXCL signaling pathway and the complement signaling pathway in fibroblasts were closely related to T cells, B cells, and myeloid cells (Figure 9E), suggesting that fibroblasts are a crucial cellular component in the progression of bladder cancer. Through analysis of the signaling pathway, we found increased ligand−receptor signaling between fibroblasts and T and B cells through the CXCL12-CXCR4 and CXCL2-CXCR2 axis in bladder cancer tissues as well as enhanced signaling from fibroblasts to myeloid cells, including signaling involving C3-CR2, C3-(ITGAX+ITGB2), C3-(ITGAM+ITGB2), and C3-C3AR1. The interactions indicated that fibroblasts might recruit T cells and B cells and regulate the proliferation and activation of macrophages (Figure S3). In addition, we found that interactions between fibroblasts and immune cells through the IL-10 signaling pathway were significantly increased in the tumor microenvironment in patients with high MOXD1 expression (Figure 9F) compared with patients with low MOXD1 expression (Figure 9G).




Figure 9 | Stromal MOXD1 interacts with immune cells in bladder cancer (A) UMAP plot displaying the composition of 7 main cell clusters derived from bladder cancer samples. (B) UMAP plot displaying the expression level of MOXD1 in the whole cell clusters. (C) Bubble diagram showing the expression distribution of MOXD1 in the whole cell clusters. (D) Graph of correlation between MOXD1 and fibroblast fractions in bladder cancer from TIMER database. (E) Circos plots showing putative ligand-receptor interactions between fibroblasts and other cell clusters. (F, G) Circos plots showing individual ligand-receptor pairs between fibroblasts and immune cell clusters of tumour microenvironment with high-MOXD1 (F) and low-MOXD1.





2.10 Knockdown of MOXD1 in fibroblasts significantly inhibited the proliferation and migration of BLCA cells

The role of MOXD1 was validated in in vitro experiments. MOXD1 expression in fibroblasts was knocked down using siRNA-MOXD1; the results are shown in Figure 10A. siRNA 2 yielded the best knockdown efficiency, and it was selected for use in subsequent experiments. CCK8 cell growth experiments showed that conditioned medium from MOXD1 knockdown fibroblasts inhibited the proliferation of BLCA cells (Figures 10B, S4A). The docetaxel resistance of UMUC3 cells was then measured using an IC50 assay; the results showed that exposure to conditioned medium from si-MOXD1 fibroblasts decreased the IC50 of UMUC3 cells for docetaxel compared that of to negative control UMUC3 cells (Figure 10C). A scratch wound assay was used to determine the effect of MOXD1 on the migratory ability of BLCA cells. MOXD1 expression in fibroblasts increased the migratory ability of UMUC3 and 5637 cells (Figures 10D, S4B). The migratory ability of UMUC3 cells was also determined using a Transwell assay, and the results were consistent with those obtained using the scratch wound assay (Figure 10E).




Figure 10 | In vitro experiments (A) Relative protein level of MOXD1 in fibroblasts following siRNA knockdown. GAPDH served as loading control. Statistical graphs are presented as bar plot. (B) The CCK8 cell growth experiment was used to analyze the influence of stromal MOXD1 on the proliferation ability of UMUC3 cells. The results are presented as the mean optical density (OD) at 450 nm for triplicate wells two hours after the incubation. The results are presented as the mean ± SD of three independent experiments (*p < 0.05, **p < 0.01, ***p < 0.001). (C) The Docetaxel resistance of stromal MOXD1 for UMUC3 cells was then measured by the IC50 assay, and the result showed that si-MOXD1 fibroblasts decreased the IC50 value of UMUC3, comparing to negative control group (Figure 10C). (D) The scratch wound assay determined that knock-down of MOXD1 in fibroblasts attenuated the migration ability of UMUC3 cells. The quantifications of cell migration were presented by the histogram. (E) Transwell assay indicated that knock-down of MOXD1 in fibroblasts weakened UMUC3 cells invasion. The quantifications of cell migration were presented by the column chart.






3 Discussion

Because copper participates in many cancer-associated biological processes, including mitochondrial respiration, antioxidant defense, mitogenic signaling and autophagy, abnormalities in copper metabolism are crucial in tumorigenesis, cancer progression and cancer therapy (16). Serum copper and zinc levels are closely related to the expression of HIF1-α and VEGF in bladder cancer tissue, indicating that copper plays an important role in angiogenesis. Logistic regression analysis suggests that increased plasma copper is a risk factor for the development of bladder cancer (17). It has been reported that copper transporter receptor 1 (CTR1) influences sensitivity to platinum-based neoadjuvant chemotherapy for bladder muscle-invasive bladder cancer (18). However, almost all studies conducted to date have been limited to individual genes, and few comprehensive studies have focused on the relationship between copper and bladder cancer. Our study provides a robust risk prediction signature for bladder cancer and may help investigators understand the role of copper metabolism in bladder cancer progression and lead to more in-depth studies.

We constructed a prognostic risk signature for predicting the OS of bladder cancer patients in the TCGA cohort through Cox regression analysis and LASSO Cox regression analysis and validated it in the GEO database; thus, this signature can be used to screen patients for low survival. Our signature is also an independent prognostic factor for bladder cancer. A nomogram that integrates several specific clinical features was constructed to enhance the predictive power of the model. In addition, using gene cluster analysis, we further evaluated the value of the genes identified using the prognostic model in predicting prognosis and risk in bladder cancer patients and confirmed the predictive advantage of establishing a prognostic model based on copper-related genes. In addition, using unsupervised cluster analysis, we confirmed that the 14 genes that constitute the prognostic model effectively distinguish bladder cancer patients with different prognostic outcomes.

Among the 14 identified candidate genes, HEPH, TFRC, and LOXL2 were the genes with the most frequent mutations. HEPH, a multicopper ferroxidase, is a membrane-bound homolog of ceruloplasmin; it contains copper-binding sites that are involved in the transport of iron from enterocytes. Low expression of HEPH results in dysregulation of iron homeostasis and is associated with the occurrence of colorectal carcinoma (18, 19). Additionally, aberrant expression of HEPH has been observed in BT-474 and T-47D breast cancer cells (19). TFRC, a cofactor for oxygen-carrying proteins, is crucial for cell proliferation, and a study of TFRC in brain tissue has shown that it regulates the transformation of ferrous iron to the ferric form, a process that is related to copper and zinc SOD levels (20). Aberrant iron ions may then result in the production of ROS, iron deposition, abnormal lipid peroxidation, and finally abnormal cell growth, apoptosis, and other biological events. In glutathione-S-transferase placental form-positive liver neoplastic lesions, the expression of TFRC is upregulated, and its increased expression may be a hallmark of enhanced ROS production (21). LOXL2, a copper-containing enzyme, is closely related to reduced survival time and poor prognosis since it promotes the proliferation, migration, invasion, and metastasis of numerous types of cancers, including breast cancer, lung cancer, colon cancer, and liver cancer. Increased expression of LOXL2 also results in reduced chemosensitivity in triple-negative breast cancer. A possible mechanism through which this may occur is the creation by LOXL2 of a collagen scaffold that helps disseminate cancer cells; copper depletion decreases collagen cross-linking, as measured by LOXL2 levels, thus preventing breast carcinoma metastasis. In certain types of cancer, this process is more copper-dependent (22–24). Another significant candidate gene is the gene that encodes six-transmembrane epithelial antigen of the prostate 4 (STEAP4). STEAP4 is a transmembrane protein that acts as a metalloreductase during the transport of copper, and it prevents cell oxidative stress by importing copper to the cytosol. Overexpression of STEAP4 is thought to increase ROS, and this may increase gene mutation frequency and the progression of prostate cancer (25).

We also used clinicopathological characterization in this study. As we expected, the cases in the TCGA cohort with higher risk scores had worse outcomes, including more metastatic lesions, more regional lymph node involvement, higher-grade tumors, more advanced tumor stage, and larger primary lesions and involved areas. This indicates that our signature is powerful in predicting the extent of tumor progression. Our results also show that the tumor microenvironment in patients with lower risk scores is more likely to contain CD8 T cells and activated dendritic cells and less likely to contain M2 macrophages. CD8+ T cells play a crucial role in the regulation of immune functions such as immune surveillance of tumor cells (26), and dendritic cells are needed for generation of antitumor immunity (27). The macrophage immune mechanism involves activated M1 and M2 macrophages and angiogenic and immunosuppressive molecules that inhibit the immune response to tumor cells (28). To evaluate whether our signature shows promise in predicting patient response to ICIs, we calculated TIDE scores for the high-risk and low-risk groups. The TIDE score reflects tumor immune escape in the context of different cytotoxic T lymphocyte levels and has been widely used to predict disease outcome in patients who have been treated with ICIs (29, 30). Patients with higher risk scores generally have higher TIDE scores, indicating that they are more vulnerable to immune dysfunction and escape. A number of recently published articles focusing on pyroptosis in bladder cancer also noted that OS, clinical outcome, and response to immunotherapy in bladder cancer patients with high cuproptosis risk were significantly worse than those in the low-risk group. These results are consistent with our results and suggest that copper metabolism, and even pyroptosis, should be considered when devising personalized treatment for patients with bladder cancer (1, 31).

To our surprise, the results of our study revealed that chemotherapy and target drug sensitivity differed in the high- and low-risk groups. Patients with lower risk scores tend to be more sensitive to most chemotherapeutic and targeted agents, such as gemcitabine, vincristine, and sorafenib. In contrast, patients in the high-risk group were more sensitive to cisplatin. Cisplatin can be used as a first-line agent in the treatment of bladder cancer, and its use considerably reduces the risk of bladder cancer-induced death (32). Gemcitabine, a commonly used intravesical chemotherapeutic drug, has significant efficacy and value in reducing the recurrence of non-muscle-invasive bladder cancer (33). Sorafenib is a multikinase inhibitor that inhibits tumor growth mainly through its anti-angiogenic effect, and a previous study showed that it has an inhibitory effect on the proliferation of human bladder cancer cell lines (34, 35). “OncoPredict” is a widely accepted R package that is used to predict drug responses based on gene expression levels. The drug sensitivities of the patients in our study were consistent with the patients’ risk scores after analysis of the 17 gene expression levels using “oncoPredict”, suggesting that the signature may help predict drug responses in the clinic.

We identified MOXD1 among 14 candidate genes analyzed by network construction and external validation. MOXD1 was the only candidate gene found to be significantly associated with overall survival in the IMvigor210 cohort. A monooxygenase, MOXD1 is primarily located in the endoplasmic reticulum, where it binds copper ions. In the TCGA cohort, high MOXD1 expression was associated with poorer overall survival; however, validation in immunotherapy cohorts showed that patients with high MOXD1 expression had longer overall survival. The results suggested that high expression of MOXD1 in the patients in the TCGA cohort who were treated with methods other than immunotherapy, such as surgery alone or chemotherapy, is indicative of poor response and survival and that these individuals may be better candidates for treatment with immunotherapeutic agents such as immune checkpoint inhibitors. Based on further exploration through single-cell analysis, we also found that MOXD1 is mainly overexpressed in fibroblasts, suggesting that fibroblasts may play an important role in shaping the immune microenvironment in bladder cancer by changing the transport and activity of copper ions.

This study has some shortcomings. First, the data used in our analysis were retrieved from public databases and are therefore likely to have selection bias that may influence the accuracy of the analysis to some extent. In addition, the effect of MOXD1 expression in stromal cells on immune cells is unknown. Therefore, to increase the clinical significance of our findings, in the future we will conduct an in-depth study of the influence of copper-related gene expression in stromal cells on immune cells and combine it with a study of clinical phenomena.



4 Materials and methods


4.1 Data preparation and processing

The original transcriptome sequencing (RNA-seq) data profiles of BLCA and normal bladder tissue samples were obtained from TCGA database (https://www.cancer.gov/about-nci/organization/ccg/research/structural-genomics/tcga) in the format of fragments per kilobase of transcript per million mapped reads (FPKM). The 10 copper-related gene sets with the largest number of genes were downloaded from MigSDB (https://www.gsea-msigdb.org/gsea/msigdb) and were incorporated into CRGs gene sets. The clinical information of 405 BLCA samples, including age, sex, pathological stage, grade, AJCC TNM stage, and survival outcome, was also downloaded from the TCGA database. The microarray data profiles and clinical information of GEO: GSE13507 with complete clinical outcomes were downloaded from the GEO database (https://www.ncbi.nlm.nih.gov/geo/). Annotated by platform GPL6102, the Entrez Gene IDs were correspondingly transformed into gene symbols. If multiple probes were targeted to identical Entrez gene IDs, the average value was adopted. The copper-related gene sets with the top ten largest gene numbers were retrieved from MigDSB database. After merging these gene sets, duplicate genes were deleted to develop a target gene set containing 180 genes (Table S1), and the expression levels of these genes were extracted from the TCGA training set and GEO validation set.



4.2 Difference analysis of the copper-related genes in the normal and tumour tissue samples

The “limma” package in R was used to determine the copper-related DEGs in the normal bladder and BLCA tissue samples. Statistically significant genes were considered by FDR < 0.05. The conversion of the gene symbols into Entrez Gene IDs was conducted by “org.Hs.e.g.db” package in R. The “pheatmap” package in R was further used to depict the volcano plot and heatmap of DEGs.



4.3 Construction and validation of a copper-related prognostic risk score signature

TCGA cohort samples were included in the training set, and the test set was constructed by GEO: GSE13507 cohort samples. First, the differentially expressed copper-related gene expression data were combined with the corresponding prognostic information based on the ID of the samples. Through univariate Cox regression analysis in the training set, the genes related to prognosis with a p value <0.05 were screened from copper-related DEGs. The mutation and comutation in the prognosis-related genes of the TCGA cohort were analysed by the “maftools” R package. Furthermore, LASSO Cox regression analysis was utilized to develop a prognostic risk signature including the prognosis-related genes for predicting the OS of BLCA samples by the “glmnet” R package. Tenfold cross verifications were performed to determine the penalty parameter (λ) of the signature. The formula below was used to calculate the risk score for the corresponding sample.

Risk Score = (Gene 1 expression × coefficient) + (Gene 2 expression × coefficient) + … + (Gene n expression × coefficient)

In the LASSO Cox regression analysis, “coefficient” refers to the nonzero regression coefficients, in addition, “Gene n expression” represents the prognosis-related gene expression values. According to the median risk score, the samples were classified into low- and high-risk groups. Kaplan-Meier analysis with the log-rank test was used to compare the difference in OS and PFS between the low- and high-risk score groups in the training set, which was further validated by the OS of the low- and high-risk score groups in the test set. The predictive accuracy of the prediction signature was proven by plotting the time-dependent ROC curve with the “survivalROC” R package. In the samples of the TCGA cohort, the risk score and clinical information were combined by the sample ID. The limma package in R was used to analyse the correlation between the risk score and clinical characteristics, including sex, age, grade, tumor stage, and AJCC TNM stage. Significant differences were confirmed with a p value < 0.05.



4.4 The analysis of principal-component with or without prognostic risk score signature

The “limma” R package was comprehensively used to perform PCA on expression profiles in the TCGA cohort with all differentially expressed copper-related genes and genes obtained from the signature to demonstrate the significant discrimination of all samples by the prognostic risk score signature. Conculsively, using the ggplot2 R package, the PCA results presented a prominent two-dimensional distinction with from the first two principal components.



4.5 Consensus clustering analysis of 14 prognosis related CRGs

Based on the expression profiles of 14 CRGs, the “ConsensusCluster Plus 1.60.0” package in R was used to estimate the unsupervised classes of TCGA-BLCA dataset using the consensus clustering method, and two clusters A and B were obtained respectively (36). Kaplan-Meier analysis with the log-rank test was used to compare the difference in OS between the different clusters. The “pheatmap” package in R was further used to depict the heatmap of gene based on different clusters. The “ggalluvial” package in R was performed to depict the alluvial diagram of clinical outcomes, risk scores, CRGclusters and geneclusters.



4.6 GSVA

GSVA, a nonparametric and unsupervised method, was performed by the “gsva” R package on the sample expression matrix to compare the variations in functional pathways between the low- and high-risk groups (37). The reference gene lists, “c2.cp.kegg.v7.4.symbols” gene sets, were obtained from the molecular signatures database (https://www.gsea-msigdb.org/gsea/msigdb). Enrichment pathways with significant differences are indicated by FDR <0.05.



4.7 Features comparison of the low- and high-risk score groups

The sensitivity of chemotherapy drugs and target drugs in each sample were predicted using the oncoPredict R package (38). The “GSEABase” and GSVA R packages were used for performing ssGSEA to depict the immune-infiltrated status of samples in the training set, which incorporated immune cell groups and corresponding activities in the TME, such as activated dendritic cells, M2 macrophage, parainflammation (Table S3) (39, 40). The definition of C1-C4 immune subtype was deriveded from previous study (30). The distinction of immune-infiltrated status in the groups with low- and high-risk scores was compared according to the enrichment scores calculated by the ssGSEA algorithm. Conclusively, the TIDE (http://tide.dfci.harvard.edu/) algorithm was used to predict and compare the different responses to ICIs in low- and high-risk groups. A response with a significant difference was indicated by a p value < 0.05. The “ESTIMATE” package in R was used to calculate the ImmuneScore, StromalScore, and EstimateScore. Cancer stemness was computed by RNAss.



4.8 Validation of MOXD1 gene in immune checkpoint inhibitor treatment cohorts

Expression profile of 195 ICI-treated bladder urothelial carcinoma samples in IMvigor cohort was downloaded from (http://research-pub.gene.com/IMvigor210CoreBiologies/.RNA-seq) along with the relevant clinical data. Kaplan-Meier analysis with the log-rank test was used to compare the difference in OS between the low- and high-risk score groups with a best cutoff value in the IMvigor cohort. Using the CAMOIP online database (version: 1.1; http://www.camoip.net/) (41), groups with different expression level of MOXD1 were analysed in Rose cohort and Mariathasan cohort (42, 43).



4.9 Construction of a nomogram for overall survival prediction

The “rms” R package was used to develop a nomogram incorporating by age, sex, tumour stage, grade, and a prognostic risk score signature for predicting OS in the TCGA cohort. The accuracy of the nomogram was represented by a time-dependent calibration curve. In addition, multivariate Cox regression analysis was performed to verify whether the prognostic risk score signature can be independently used as a predictor of OS in bladder cancer. Then, the AUC was calculated by an online ROC curve to represent the prognostic value of the nomogram.



4.10 Validation of protein expressions of 14 prognostic CRGs

The Human Protein Atlas (HPA) (https://www.proteinatlas.org/) database was used to validate the protein expression of 14 prognostic CRGs between low-grade and high-grade samples using immunohistochemistry (IHC).



4.11 Single cell RNA sequencing analysis

The scRNA-seq dataset (GSE135337) of bladder cancer was obtained from GEO database. The “DropletUtils” package (v 3.13) in R was performed to conduct quality control. The data normalization was performed using the NormalizeData function of the “Seurat” package. Then, cell populations were clustered using the FindNeighbors and FindClusters function of the “Seurat” package. A dimension reduction method-Uniform Manifold Approximation and Projection (UMAP), was performed to depict cell clusters. We analyzed intercellular communication networks from scRNA-seq data with “CellChat”, a package in R (44). TIMER 2.0 database (timer.cistrome.org) was used to analyzed the correlation of fibroblasts and MOXD1.



4.12 Cell culture

Human urothelial cell SVHUC-1 and bladder cancer cells UMUC3, 5637 were obtained from American Type Culture Collection Cell Biology Collection (ATCC, Manassas, VA, USA) and maintained in Department of Urology, Shanghai General Hospital (Shanghai, China). Cells were cultured in DMEM medium supplemented with 10% fetal bovine serum (FBS) at 37°C in a humidified incubator containing 5% CO2.



4.13 RNA extraction and real-time quantitative PCR

Total RNA was extracted from SVHUC-1 (normal urothelial cell line) and UMUC3 (bladder cancer cell line). RT-qPCR experiments were performed as previously described. The mRNA expression level of the 14 CRGs was calculated by the 2–ΔΔCt method and the results were plotted by using ACTB as the reference gene. The primers used in this study were shown in Supplementary Table S4.



4.14. Transfection, RNA interference and Western blot

SiRNA against human MOXD1 and control siRNA was purchased from GENE (Genechem, Shanghai, China). 2× 106 fibroblast cells were plated in 6 wells dishes and infected with 50nM of siRNA using Lipofectamine™ 3000 (Invitrogen, Carlsbad, CA, USA) according to the manufacturer’s instructions. 36h after transfection, cells were lysed in RIPA for Western blot. Total cellular proteins were lysed by RIPA buffer containing protease inhibitor. Protein concentration were estimated by the BCA (Thermo Scientific), 40μg were loaded per lane on 10% SDS-PAGE and transferred onto polyvinylidene fluoride (PVDF) membranes (Millipore, USA). After blocked with 5% fat-free milk, the membranes were incubated with anti-MOXD1 antibody (1:1000, Abcam, USA) or anti-GAPDH antibody (1:1000, Abcam, USA) at 4 °C overnight. The membranes were then incubated with peroxidase (HRP)-conjugated secondary antibody (1:1000, Cell Signaling Technology, USA). Signals were visualized with Immobilon™ western chemiluminescent HRP substrate (Millipore) and analyzed by Image Lab Software.



4.15 Isolation and culture of fibroblasts

The fibroblasts were isolated from a human bladder biopsy. Briefly, after incubation in 500 μg/mL thermolysin at 4 °C overnight, the stroma was separated from the urothelium, then the stroma was treated by 0.125 U/mL collagenase H for 30 minutes at 37°C. The fibroblasts were enzymatically dissociated from the stroma and then, cultured in the DMEM (Gibco) supplemented with 10% FBS (Gibco) and 1% penicillin streptomycin (Gibco).



4.15 Conditioned medium preparation

First, 5 × 106 bladder fibroblasts were plated on 10-cm dishes in regular growth media and allowed to adhere overnight. After the knockdown with siRNA, the supernatant was collected after culturing in fresh medium supplemented with 10% FBS for 48 h; then the supernatant was collected and centrifuged at 5000 g for 10 min, filtered with 0.22 μm filters and kept at −80°C until use.



4.16 CCK-8 assay and IC50 assay

Cell survival rates were assessed by CCK-8 assay (HY-K0301, MCE) following the manufacturer’s instructions. Briefly, approximately 2000-10000 cells were seeded into 96-well plates with 100μL medium, after 24h, a 10μL CCK-8 solution was added to each well. The absorbance at 450 nm of each well were measured in a microplate reader after the plates incubated for an additional 1h away from light. For IC50 assay, UMUC3 cells were seeded in to 96-well plates at a density of 2000-5000 cells per well for 24h, then different concentration of 0, 1, 10, 50, 100, 200 nM Docetaxel contained in 100 μL si-MOXD1 fibroblast conditioned medium or si-NC fibroblast conditioned medium were incubated for a further 48h, cell viability was tested by CCK-8 assay.



4.17 Transwell migration assay

Cell migration was determined by Transwell (Costar) migration assay. UMUC3 cells and 5637 cells were precultured in serum-free medium for 24 h. 1 × 104 cells suspended in 100μl were seeded in serum-free medium in the upper chamber, and 900 μl si-MOXD1 fibroblast conditioned medium or si-NC fibroblast conditioned medium with 10%FBS was added to the lower chamber. After 24 h, the non-migrating cells on the upper chambers were carefully removed, and migrated cells underside of the filter were stained with 0.1% crystal violet and counted in six different fields.



4.18 Cell scratch test

UMUC3 and 5637 cells were seeded in 6-well plate, cultured with si-MOXD1 fibroblast conditioned medium or si-NC fibroblast conditioned medium for 48-72 hours, when the cells reached a confluent state, a single scratch was made using a sterile 200 μl tip. The floating cells were washed three times with PBS, and serum-free DMEM was added in the well. The image of the scratch was captured before and after incubation in a 37°C and 5% CO2 incubator.



4.19 Statistical analysis

Comparisons between two groups were calculated by the Wilcoxon rank sum test, and comparisons among three or more groups were performed by the K-W test (P < 0.05). Kaplan-Meier analysis was conducted in the low- and the high-risk score groups to assess the difference in prognosis. Moreover, the independent predictors of OS in bladder cancer were identified by multivariate Cox regression analysis. ROC curves were used to assess the accuracy of the prediction ability of the prognostic risk score signature and nomogram. R 4.0.5 for all statistical analyses.




5 Conclusions

In summary, this study depicted the landscape of crucial copper-related genes in BLCA. We identified two molecular subtypes of copper-related genes and constructed a copper-related genes signature. The prognosis of BLCA patients was predicted by the copper-related gene prognostic scoring system. There were significant differences in TIM and drug sensitivities between high and low score patients. In addition, we further screened the MOXD1 gene as a key node affecting the relationship between copper related genes and immune characteristics in tumor tissues of BLCA patients. The MOXD1 and copper-related gene prognostic scoring system could be helpful to understand the tumor characteristics of BLCA and develop personalized immunotherapy strategies.
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Supplementary Figure 1 | The relationship between risk scores and survival status of samples in the training set and validation set (A) In the training set, the distribution of risk scores ranked from low to high; (B) the comparison of survival status between low- and high- risk score groups. (C) In the validation set, the distribution of risk scores ranked from low to high; (D) the comparison of survival status between low- and high- risk score groups.

Supplementary Figure 2 | Correlation analysis of risk score and tumour characteristics (A) Correlation analysis of risk score and immune cell infiltration in TCGA-BLCA cohort. (B) Correlation analysis of risk score and 14 prognostic CRGs in TCGA-BLCA cohort. (C) Comparisons of immune landscape between low- and high- risk group from ICIs-treated patients based on TIDE algorithms.

Supplementary Figure 3 | Cell-cell communication analysis of the tumour microenvironment. Interactions between cell clusters in CXCL signaling pathway and Complement signaling pathway.

Supplementary Figure 4 | Cellular function experiments in 5637 cell line (A) The CCK8 cell growth experiment was used to analyze the influence of stromal MOXD1 on the proliferation ability of 5637 cells. The results are presented as the mean optical density (OD) at 450 nm for triplicate wells two hours after the incubation. The results are presented as the mean ± SD of three independent experiments (* p < 0.05, * * p < 0.01, * * * p < 0.001). (B) The scratch wound assay determined that knock-down of MOXD1 in fibroblasts attenuated the migration ability of 5637 cells. The quantifications of cell migration were presented by the histogram.
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Telomerase, an RNA-dependent DNA polymerase synthesizing telomeric TTAGGG sequences, is primarily silent in normal human urothelial cells (NHUCs), but widely activated in urothelial cell-derived carcinomas or urothelial carcinomas (UCs) including UC of the bladder (UCB) and upper track UC (UTUC). Telomerase activation for telomere maintenance is required for the UC development and progression, and the key underlying mechanism is the transcriptional de-repression of the telomerase reverse transcriptase (TERT), a gene encoding the rate-limiting, telomerase catalytic component. Recent mechanistic explorations have revealed important roles for TERT promoter mutations and aberrant methylation in activation of TERT transcription and telomerase in UCs. Moreover, these TERT-featured genomic and epigenetic alterations have been evaluated for their usefulness in non-invasive UC diagnostics, recurrence monitoring, outcome prediction and response to treatments such as immunotherapy. Importantly, the detection of the mutated TERT promoter and TERT mRNA as urinary biomarkers holds great promise for urine-based UC liquid biopsy. In the present article, we review recent mechanistic insights into altered TERT promoter-mediated telomerase activation in UCs and discuss potential clinical implications. Specifically, we compare differences in senescence and transformation between NHUCs and other types of epithelial cells, address the interaction between TERT promoter mutations and other factors to affect UC progression and outcomes, evaluate the impact of TERT promoter mutations and TERT-mediated activation of human endogenous retrovirus genes on UC immunotherapy including Bacillus Calmette-Guérin therapy and immune checkpoint inhibitors. Finally, we suggest the standardization of a TERT assay and evaluation system for UC clinical practice.
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Introduction

Human linear chromosomes terminate with TTAGGG repetitive sequences lasting up to 20 kilobases, and these DNA repeats together their binding factors (a six protein-containing shelterin) form special DNA-protein structures so-called telomeres (1–4). Telomeres function as protective caps to maintain genomic stability and integrity by preventing nucleolytic degradation, illegitimate chromosomal recombination or fusion, and DNA damage response/repair (1–4). Telomeric DNA is synthesized by telomerase, an RNA-dependent DNA polymerase (1–4). Telomerase is generally silent in differentiated human somatic cells, and thus these cells undergo progressive telomere attrition with successive divisions due to the end-replication problem (1–4). When such telomere shortening reaches a threshold length to impair its function, dysfunctional telomeres mimic double-stranded DNA breaks to activate the DNA damage response pathway, thereby triggering cellular apoptosis or stable growth arrest named replicative senescence (2–4). The TP53-CDKN1A and/or CDKN2A-pRB checkpoint signalings have been shown as the major players to initiate the senescence program (1–4). Taken together, telomere attrition serves as a mitotic O’clock, recording times of cellular divisions and controlling cellular lifespan (1–4).

Telomere shortening-mediated senescence is believed as an evolutionary trade-off to protect against cancer (4). Indeed, malignant cells proliferate infinitely, which is an essential cancer hallmark (5). Cancer-specific genomic and epigenetic alterations cooperate to evade senescence during oncogenesis, while stabilizing telomere length is the most important mechanism for cancer cells to acquire the capacity of infinite proliferation (1, 3, 4, 6, 7). In the last decades, numerous studies have undoubtedly demonstrated that activation of telomerase is the commonest strategy through which cancer cells maintain their telomere length and are empowered with an immortal phenotype (1, 3, 4, 6, 7). In accordance, telomerase activity is detectable in the vast majority of human cancers (8).

Telomerase enzyme is a ribonucleoprotein complex with a molecular weight of approximately 500 kDa (gel filtration-based estimate), however, its core holyenzyme is only composed of telomerase reverse transcriptase (TERT), the subunit catalyzing telomeric DNA synthesis, and internal template telomerase RNA component (TERC) (9–11). TERC is ubiquitously expressed in human tissues/cells, while the TERT gene is stringently repressed in most normal human cells, which acts as the key mechanism to silence telomerase (4). It has been well-established that the transcriptional de-repression of the TERT gene is an essential step for transformed cells to acquire telomerase activity during the oncogenic process (4, 7). Great efforts have thus been made to elucidate regulatory mechanisms underlying TERT transcription and its role in cancer development and/or progression.

Urothelial carcinomas (UCs) arise from the urothelium in the urinary track including renal pelvis, ureter and bladder, among which the UC of the bladder (UCB) is commonest, accounting for approximately 90% of all UCs, while the rest 10% are UC of renal pelvis and ureter (UCRP and UCU), collectively called upper track UC (UTUC) (12). The accumulated evidence suggests that UCB and UTUC may represent two distinct disease entities, but they share many common characteristics including morphology, histology, and featured genomic alterations (12). Like other malignancies, the majority of UCBs and UTUCs maintain their telomere length via TERT induction and telomerase activation. Moreover, in vitro experiments even showed that TERT alone was sufficient to immortalize and/or transform normal urothelial cells (13–15). The present review article is focused on telomerase activation/TERT transcription in UCB and UTUC tumors. To provide fresh perspectives, we will summarize recent advances with the emphasis on the altered TERT promoter-mediated telomerase activation in UCs and discuss clinical implications in UC managements.



TERT-mediated immortalization and transformation of normal human urothelial cells

TERT and telomerase activity is undetectable in primary NHUCs, while expressed at low levels in proliferative NHUCs under culture (13, 14, 16, 17). Little is known about in vivo NHUC senescence, but in vitro cultured NHUCs have been well demonstrated to undergo 20 to 30 population doublings before entering senescence (13, 14). Different from other types of normal human cells such as fibroblasts (18, 19), senescent NHUCs exhibit minimal levels of the TP53-CDKN1A pathway activation and lack of substantial telomere erosion, while up-regulation of CDKN2A expression (14) (Figure 1). Although robust telomere shortening does not happen from presenescent to senescent NHUCs, ectopic TERT expression readily immortalizes presenescent cells, and moreover, the telomere-lengthening function of TERT is required for their infinite proliferation (Figure 1) (13, 14). Compared to keratinocytes and ovarian surface epithelial cells in which TP53 or CDKN2A inactivation plus TERT overexpression is required for their immortal phenotype (20–22), NHUCs have fewer barriers to immortalization and the telomere maintenance is likely the only essential demand (13, 14). As further support, Li et al. (15) observed that the induction of endogenous TERT expression in normal urothelial stem cells enabled these cells to undergo immortalization and malignant transformation without any other manipulations (Next section for details).




Figure 1 | Normal human urothelial cell (NHUC) senescence and TERT-mediated immortalization. (A) NHUCs undergo up to 30 population doublings (PDs) and then enter a senescence stage. Senescent NHUCs express high levels of p16 without TP53-p21 activation and significantly shortened telomeres. Ectopic expression of TERT leads to immortalization and differentiation blockade of presenescent NHUCs. Stressed culture conditions trigger genomic alterations partially recapitulating what happen in primary UC tumors. (B) Unlike NHUCs, senescent human fibroblasts exhibit substantial telomere erosion with robust upregulation of both TP53 and p16. TERT overexpression similarly immortalizes fibroblasts.



TERT-NHUCs are genetically stable under optimal culture conditions for a long-observed period (14, 23, 24), as seen in TERT-immortalized fibroblasts (19). However, microenvironments where in vivo oncogenesis occurs are in general unfriendly, which promotes genomic and epigenetic alterations for clone selection of premalignant cells. To mimic an in vivo oncogenic scenario, Chapman et al. cultured TERT-NHUCs at a stressful low-density (23, 24). Indeed, such culture conditions triggered significant karyotypical and epigenetic alterations, and CGH analyses showed 2q loss and 20q gain in those cells (23, 24). 20q gain was frequently observed in HPV-16 E7 oncogene-immortalized NHUCs, too (25). Interestingly, 78% and 61% of UCB-derived cell lines bear + 20q and - 2q, respectively (24, 26). In addition, the LOH of CDKN2A, a critical tumor suppressor gene and senescence effector, occurred in one subline of TERT-NHUCs, while its promoter hypermethylation was more frequent and led to silent CDKN2A expression (24). On the other hand, however, recurrent activating mutations including FGFR3, PIK3CA, HRAS, NRAS or KRAS in UCs are absent in TERT-NHUCs (24). Nevertheless, the cancer-related genomic and epigenetic aberrations identified in TERT-NHUCs at least partially recapitulate in vivo pathogenesis process of UCs (27, 28).

Even under standard culture conditions, TERT-NHUCs undergo phenotypic alterations and one featured change is differentiation blockade (13, 23). Impaired differentiation does not happen immediately after TERT is introduced into NHUCs, while they progressively lose their ability to form an epithelial barrier over time (13). It was observed that TERT-NHUCs overexpressed the polycomb repressor complex (PRC1 and PRC4) components, thereby down-regulating expression of PRC target genes associated with NHUC differentiation (23). Moreover, TERT overexpression compromised NHUCs’ response to differentiation signaling (13). The nuclear receptor peroxisome proliferator-activated receptor γ binds and initiates the cascade of transcriptional and chromatin remodeling events associated with NHUC differentiation (13). Finally, TERT has been shown to directly promote stemness (29, 30), and may contribute to the observed differentiation blockade of NHUCs. Taken together, immortal and immature features of TERT-NHUCs will likely make them more sensitive to oncogenic events or signaling pathways.



The activating TERT promoter mutation in UCs

The TERT gene is localized at chromosome 5p and contains 16 exons within a 40 kb long region (4). As described above, the TERT gene is transcriptionally repressed in most normal human cells, which leads to telomerase silence, while the induction of TERT expression is required to activate telomerase during oncogenesis (4). Earlier studies have been mainly focused on the molecules controlling TERT transcription in cancer. Indeed, many endogenous and exogenous oncogenic factors are identified to activate the TERT transcription and these findings have greatly contributed to understanding of cancer-specific TERT regulation (4). In 2013, two seminal studies unravelled the hotspot TERT promoter mutation as a novel mechanism for TERT expression and telomerase activation in human cancer (31, 32). Moreover, with the recent development of high-throughput sequencing technology, the massive mapping of cancer genomic and epigenomic landscapes further identified genetic and epigenetic alterations to drive TERT transcription, such as aberrant TERT promoter methylation (33). The activating TERT promoter mutation and hypermethylation are also observed in UC tumors (4, 27, 28), which are our focus for discussion below.

TERT promoter mutations were first identified in sporadic and familiar melanomas (31, 32), and subsequent investigations showed that they were present widely in many types of human malignancies. Two hotspot mutations occur at the proximal region of the TERT promoter (−124 and −146 bp from the ATG) with a cytidine-to-thymidine (C>T) dipyrimidine transition, which are called as C228T (-124C>T) and C250T (-146C>T), respectively (31, 32). Across UC subtypes, the frequency of TERT promoter mutations is different, varying from less than 20% in UCU, 45% in UCRPs, to ~85% in UCBs (28, 34–49). The C228T mutation is predominant and the presence of C228T and C250T is mutually exclusive, indicating a functional redundancy of these two mutations (Figure 2). Indeed, it has been well established that either C228T or C250T mutation activates TERT transcription (31). C228T- or C250T-bearing TERT promoter reporters exhibit a robustly increased activity compared to their wt counterparts (31). Consistently, mutation-carrying primary UC tumors express higher levels of TERT mRNA and telomerase activity (15, 47, 48, 50). Li et al. (15) further provided the direct evidence by manipulating the endogenous TERT promoter in normal and malignant bladder cells. The C228T mutation in the endogenous TERT promoter was created in normal human bladder stem cells using a CRISPR technique, and the authors then observed overexpression of TERT coupled with increased telomerase activity in these cells. Remarkably, introducing C228T mutation sufficiently drove malignant transformation of normal bladder stem cells. In sharp contrast, switching C228T to a WT sequence in cancer cells resulted in downregulation of TERT expression and loss of tumorigenesis (51). These observations demonstrate a critical role for TERT promoter mutations in telomerase activation and oncogenesis.




Figure 2 | TERT promoter mutations in urothelial carcinomas (UCs) and factors involved in the activation of the mutated promoter. The TERT promoter mutation frequency differs among the subtypes of UCs dependent on anatomical locations of tumors. Primary urothelial carcinoma of the bladder (UCB) has the highest mutation rate (up to 85%), while urothelial carcinoma of ureter (UCU) has the lowest frequency (up to 20%). The mutation occurs in approximately 50% of urothelial carcinoma of renal pelvis (UCRP). C228T or C250T mutation gives rise to de novo ETS biting motifs that are bound by the GABPA-GABPB1 complex. GABPA and GABPB1 recruit TRIM28 to the TERT promoter, while TRIM28 phosphorylation at Ser824 by the mTOR complex 1 releases Poly II RNA polymerase pause at the transcription site to start TERT transcription. The native ETS site in the TERT promoter may be bound by the GABPA-GABPB1 complex, too, and thus two complexes above form heterotetramers via GABPB1, the structure with the strongest transcription activity. However, rs2853669 single nucleotide polymorphism (SNP) is in the native ETS site, and its T/C or CC variants disrupt this motif, thereby leading to failure of heterotetramer formation and weakening the transactivation effect of GABPA.



Further mechanistic insights have revealed that C228T and C250T mutations in the TERT promoter create de novo binding motifs for ETS transcription factors (Figure 2). In UCB-derived cell lines, these motifs were shown to be bound by the ETS family member GABPA through which the TERT gene was transcriptionally activated (52, 53). Because GABPA only contains the DNA binding domain, it needs to form a complex with its partner GABPB1 or GABPB2 that bears the transactivation domain, and the resultant complex then exerts its effect on target gene transcription (54). In glioblastomas and thyroid carcinomas, the GABPA-GABPB1 complex was shown to activate the mutated TERT promoter (55, 56). Likely, this is also the case in UC tumors. In addition, the heterotetramer of the GABPA-GABPB1 complex exhibits the strongest transcription activity, and it is generated when two or more ETS sites are adjacent or brought into proximity via chromatin looping (54). It was previously identified that the TERT promoter harbors an endogenous ETS site, however, a polymorphism rs2853669 there (-245 from ATG) could disrupt it (45). In C228T-bearing UCB cells, the rs2853669 T/T genotype maintains an intact ETS site and the mutated TERT promoter displays higher activity (Figure 2) (45). Whereas the promoter activity dropped significantly when the rs2853669 C/C genotype was introduced (45). The observed interdependence on the TERT promoter activation between C228T and res2853669T/T indicate that the endogenous ETS motif is bound by the GABPA-GABPB1 complex through which heterotetramers are formed as the strongest version of the transcription activator. In addition, other SNPs in the TERT locus were also observed to affect the occurrence of TERT promoter mutations, but underlying mechanisms remain to be defined (57).

Given the requirement of GABPA and GABPB1 to activate the mutated TERT promoter, they have been suggested as targets for telomerase-based cancer therapy (55). Indeed, following stable GABPB1 knockdown, glioblastoma cells carrying C228T or C250T TERT promoters undergo diminished TERT/telomerase expression, progressive telomere erosion and eventual loss of tumorigenic potential (55). However, GABPA and GABPB1 stimulate TERT transcription, but several lines of evidence suggest that they may serve as tumor suppressors in other cancer types regardless the presence or absence of TERT promoter mutations (56, 58–63). In UCBs, TCs and renal cell carcinomas (RCCs), GABPA or GABPB1 inhibition promotes their stemness and invasiveness, despite downregulation of TERT expression (59, 60, 63). Moreover, GABPA-depleted UCB cells resisted cisplatin-induced apoptosis (59). Mechanistically, GABPA activates the transcription of its target genes Fox-A1 and GATA3, two important differentiation-promoters of urothelial cells, while insufficiency or deficiency of GABPA expression results in blockade of cellular differentiation, thereby inducing an immature UCB status characterized by enriched stemness and EMT phenotypes (59). In primary tumors derived from patients with UCB, TC and RCC, GABPA expression is inversely correlated with advanced stage, aggressive or metastatic diseases and survival (59, 63). Intriguingly, GABPA and TERT expression even anti-correlated with each other in these tumors, suggesting a more complicated in vivo relationship between them (59). Like other tumor suppressors, the aberrant promoter hypermethylation and/or copy number loss contribute to the downregulation of GABPA or GABPB1 in the cancer types above (56, 59–61). Collectively, GABPA and GABPB1 functions are context- or cell type-dependent, and caution should be taken to target them for telomerase-based cancer therapy.

In a recent study, GABPA and GABPB1 were further shown to recruit tripartite motif containing 28 (TRIM28) to the mutant TERT promoter for TERT transcription in UCB cells (Figure 2) (64). TRIM28 is a nuclear factor that serves as a scaffold protein complexes regulating gene transcription. Under a unphosphorylated status, TRIM28 interacts with TRIM24 through which TRIM28 activity is inhibited, while TRIM28 phosphorylation at Ser824 by the mTORC1 disrupts its association with TRIM24 and in turn induces TERT transcription. Mechanistically, phosphorylated TRIM28 enhances TERT transcription by releasing Poly II RNA polymerase pause at the transcription site (Figure 2) (64). By doing so, TRIM28 also stimulates proliferation of UCB cells harboring the TERT promoter mutation. Cell growth was inhibited upon TRIM28 depletion, which could be partially rescued by TERT over-expression (64).

TERT induction and telomerase activation take place in general at the late stage of a stepwise oncogenesis process (4). However, many studies have demonstrated that TERT promoter mutations and detectable telomerase activity are present in premalignant lesions or even benign tumors (41, 65–67). Weyerer et al. performed TERT promoter mutation analyses on different sites in bladder organs from UCB patients, and they identified the mutation in not only tumor tissues, but also non-invasive urothelial lesion as well as adjacent non-tumor (normal) tissues (68). A recent analysis of UCB patients showed that the mutated TERT promoter could be detected in urine even 10 years prior to clinical diagnosis of the disease (39). In addition, urothelial papilloma (UP) of the urinary bladder, a benign entity, and papillary urothelial neoplasm of low malignant potential (PUNLMP) were observed to carry the C228T mutation with high frequencies, 46% and 43%, respectively (69). Similar findings were reported by others (70). These results suggest that the TERT promoter is targeted for mutation at an early stage of carcinogenesis, and even in benign tumors lacking malignant characteristics at pathological and morphological levels (63). The early onset of TERT promoter mutations is highly consistent with recent observations that oncogenic genomic alterations may take place in childhood or adolescent periods long before cancer formation (71). The biological and clinical significance underlying TERT promoter mutations in precursor lesions and even in normal cells are worthy of further investigations.

The mechanism behind TERT promoter mutations remains elusive. Several lines of evidence indicate that shortened or dysfunctional telomeres drive the mutation occurrence. First, in several cancer types including UCBs, telomeres are significantly shorter in mutation-bearing tumors than those with a wt promoter (72, 73). Second, the TERT promoter mutation is much more frequent in old patients than in young ones (72, 73). It is known that old individuals have shorter telomeres in their tissues/cells, and telomere dysfunction occurs earlier during the oncogenic process, which thus experiences strong pressure for telomere stabilization. Third, the presence of TERT promoter mutations are strongly correlated with activating mutations in mitogen-activated protein kinase (MAPK) genes, such as FGFR3, BRAF, and RAS in UCBs, melanoma and TCs, respectively (43, 63, 65, 67). The MAPK hyperactivity accelerates cell proliferation, inducing excessive telomere attrition and dysfunction. Forth, HIV infection leads to accelerated telomere shortening, and HIV-related premalignant lesions have a high frequency of TERT promoter mutations (74). Finally, the C228T mutation was found in hematopoietic cells and lymphocytes from patients with telomere disease due to germline defects in TERT or telomerase accessory factors (75). The acquisition of C228T mutation restored telomerase activity and proliferation capacity of patient’s lymphocytes by lengthening telomeres. Intriguingly, in patients bearing a heterozygous mutation in the TERT coding region, the C228T mutation facilitated the transcription of the WT TERT allele, which showed a clear bias toward positive selection (75). Because these patients were free of cancer, the occurrence of C228T mutation in their lymphocytes dose not result from oncogenic events per se, indicating a causal relationship between shorter dysfunctional telomeres and TERT promoter mutations. The identification of frequent C228T mutation in benign nevi with shorter telomeres also supports for this view (67). Mechanistically, telomere position effect-over long distances (TPE-OLD) may play a role. TPE-OLD was shown to control chromatin structure at the TERT locus in a telomere length-dependent manner (76). When cells have long telomeres, a telomere-loop structure is generated through the shelterin protein TRF2 in the TERT locus, resulting in a repressive chromatin surrounding the TERT promoter region (76). However, very short or dysfunctional telomeres at chromosome 5p impair the loop formation, thereby inducing a loose chromatin that exposes the TERT promoter to oncogenic or mutagenic factors (76). Thus, very short or dysfunction telomeres confer cells strong selection pressure on one hand, while create an epigenetic environment favorable for induction of TERT promoter mutations on the other hand.



The TERT promoter methylation and cooperation with TERT promoter mutations in UCs

The TERT promoter is embedded in a CpG island (CGI) spanning approximately 4 kbs from -1 800 to +2 200 bp relative to the ATG site (33, 53, 63). CpGs in the TERT promoter CGI are in general unmethylated in normal human cells lacking TERT expression (33, 53, 63). The unmethylated status of the TERT promoter in those cells has been proposed as a critical mechanism to repress telomerase activation, because it is accessible to physiological repressors through which TERT transcription is blocked (33, 53). In TERT-expressing cancerous tissues and cells including UCs, the TERT promoter hypermethylation occurs widely, however, the methylation is distributed unevenly throughout the promoter region. Rowland et al. (33) analyzed 823 cancer cell lines derived from 23 different tissue types for the TERT promoter methylation, and they observed a highly consistent TERT promoter methylation pattern across cell lines: hypermethylated upstream of the transcription start site (UTSS) region while hypomethylated (transcription start site) TSS or proximal promoter region (Figure 3A). This was also the case in 23 analyzed UCB cell lines (33). The same methylation profile was further observed in primary UCB tumors. In normal urothelial tissues in which the TERT transcription is suppressed, both UTSS and TSS or proximal TERT promoter regions are hypomethylated (33, 53). Thus, the UTSS hypermethylation is cancer-specific and likely an epigenetic mechanism to induce TERT expression by unlashing repressors from the promoter. However, activated normal human lymphocytes and embryonic stem cells express high levels of TERT and telomerase activity, and their TERT promoter methylation pattern is very similar to that in TERT-negative normal cells. These results unravel different epigenetic mechanisms underlying TERT regulation between cancerous and normal cells. Elucidating this issue will be important both physiologically and carcinogenically.




Figure 3 | The featured TERT promoter methylation profile and its interplays with TERT promoter mutations for TERT expression in urothelial carcinomas (UCs). (A) hypermethylated upstream of the transcription start site (UTSS) region while hypomethylated (transcription start site) TSS or proximal promoter region in UC cells. (B) TERT promoter mutations and relation to the allele-specific TERT transcription and promoter methylation. The allele-specific activation of the TERT transcription leads to biallelic or monoallelic expression (BAE or MAE) of TERT. In UC cells carrying heterogenous TERT promoter mutations, MAE is in general predominant. The mutated (MT) allele is active, coupled with the featured promoter methylation profile and open chromatins marked by H3K4 trimethylation (H3K4me3) and H3K9/14 acetylation (Top), while the wild type (WT) allele lacks the UTSS hypermethylation and is associated with the repressive histone markers including H3K27me3 and H3K9me3.



It has recently been identified that cancer cells display an allele-specific activation of the TERT transcription, leading to biallelic or monoallelic expression (BAE or MAE) of TERT (33, 53, 77). In tumor cells expressing TERT with BAE, both alleles exhibit hypermethylated UTSS while the hypomethylated proximal TERT promoter (33, 53). In MAE cells, however, this featured methylation pattern occurs only in the expression-allele (Figure 3B) (33, 53). Comparison between cancer cells with and without TERT promoter mutations further showed a bias in allele-specific TERT expression. Most wt cells express TERT biallelically, although a small fraction of them shows MAE (33, 53, 77). Like most wt cells, homozygous mt cells exhibit BAE (33, 53, 77). Both alleles are characterized by hypermethylated UTSS and hypomethylated TSS in these BAE cells. In cancer cells harboring a heterogenous TERT promoter mutation, the mutant-allele displays the expression-allele methylation profile, and the non-expressing WT allele may have increased TSS methylation and/or reduced UTSS methylation (33, 53). Moreover, the mutant expression allele is associated with histone H3K4 trimethylation (H3K4me3) and H3K9/K14 acetylation that marks active transcription, while the WT non-expressing-allele is enriched with the repressive histone H3K27me3 and H3K9me3 (Figure 3B) (33, 53). Further studies reveal that there are subtle differences in methylation between MAE and BAE cells, and hypomethylation at positions from -271 to -290 while hypermethylation from +109 to +145 are observed in MAE cells bearing WT or mutated TERT promoters (33). These observations indicate that the differential methylation at two positions above may play a part in regulating allele-specific transcription of the TERT gene.

The most striking dissimilarity is the hypermethylated UTSS in cancer cells while hypomethylated UTSS in normal cells, however, Stern et al. observed that decreased levels of the UTSS region methylation were associated with high TERT expression and invasive phenotype in cancer cells with a mutated TERT promoter (53). T24 cells, harboring a heterogenous C228T mutation, are non-metastatic UCB cells and express low levels of TERT mRNA coupled with hypermethylated UTSS, while compared with those in T24 cells, their metastatic variants, including T24T, FL3 and SLT4, have robustly increased TERT expression and reduced UTSS methylation (53).

More recently, the TERT promoter UTSS hypermethylation was further observed to epigenetically inhibit the expression of TERT antisense promoter-associated RNA (TAPAS) (78, 79). TAPAS is a 1.6 kb long non-coding RNA localized 167 nts upstream of the TERT TSS with the antisense direction to the TERT promoter (79). TAPAS depletion and over-expression in cancer cells led to significantly enhanced and diminished TERT expression, respectively (78, 79). In addition, the nuclear accumulation of TERT mRNA occurs frequently in cancer cells, and intron retention is identified as a underlying mechanism (80, 81). TAPAS was similarly observed to induce accumulation of TERT mRNA in nucleus, and such effect prevented access of TERT transcripts to the translational machinery, thereby inhibiting TERT protein translation (79). Ott et al. showed that levels of TAPAS RNA were inversely correlated with TERT mRNA abundances in UCB cell lines and primary tumors (78). The authors further demonstrated that the hypermethylated UTSS contributed to the repression of TAPAS transcription, but TERT promoter mutations did not affect its expression (78, 79). It is thus concluded that the UTSS hypermethylation-mediated TAPAS silencing serves as a key mechanism for TERT upregulation in the UCB pathogenesis (78). Detailed dissections are required to understand their relationship and exact roles in telomerase activation during oncogenesis.



The assessment of the TERT promoter mutation/methylation and TERT expression in UC managements


The TERT promoter mutation and methylation or TERT transcripts as urinary biomarkers for UC diagnosis and disease surveillance

Cystoscopy and urinary cytology are routinely applied for UCB and/or UTUC diagnostics (49, 82). In addition, a life-long surveillance of patients is recommended due to frequent recurrence. However, cystoscope examination is invasive and costly. Cytological analyses of voided urine samples are non-invasive, but their sensitivity is not high enough, particularly to low-grade tumors, and prone to inter-observer and intra-observer variabilities. Reliable noninvasive approaches should be a solution for the problems above, and liquid biopsies, especially urinary UC biomarker assays have been attractive. The identification of prevalent TERT promoter mutation/methylation in UC tumors, together with their absence in almost all (truly) normal urothelial tissues, suggest that they may serve as ideal urinary biomarkers for UC diagnostics. Indeed, clinical studies have shown detectable C228T and C250T mutations in urine from patients with UC, which is highly consistent with their presence in patient tumors (37–41, 43, 44, 49, 83, 84). These findings demonstrate the feasibility of urinary TERT promoter assays as the UC diagnostic biomarker.

Many investigations have determined the usefulness of TERT promoter mutations as urinary biomarkers in UCs. Both cellular DNA and cell-free DNA (cfDNA) extracted from patient urine specimens have been evaluated. Because UCBs are the predominant type of UC tumors and they have the highest frequency of TERT promoter mutations (up to 85%), most related data are obtained from analyses of UCB patients. For C228T/C250T mutations as urinary biomarkers, reported specificity is consistently high, however, sensitivity varies significantly, mainly dependent on detection methods. Sanger sequencing is specific (97% - 100% specificity) but can detect the mutated sequences only when mutation-containing tumor DNA is beyond 10% in the total bulk DNA (46, 84). For urine specimen analyses from UC patients, it only achieved sensitivity 50% - 60% (in mutated tumors) (46), which are not high enough to cover all patients with mutated tumors. To increase the detection sensitivity without compromising specificity, PCR-based assays have been developed to determine urinary TERT C228T/C250T in UC patients, and they include SNaPshot, competitive allele specific TaqMan PCR, competitive allele-specific discrimination PCR, droplet digital PCR (ddPCR), and others (38–40, 46, 83, 85–90). Among all these techniques, the ddPCR assay has been more attractive. Hosen et al. showed that the lowest limit of detection was 0.18% without false positivity for C228T or C250T detection using ddPCR (39). Based on urinary cfDNA analyses from UCB patients, the ddPCR results showed overall 91.3% accuracy for C228T/C250T detection. In another study of 77 patients with C228T-carrying UCB, the mutation was detected in urinary cfDNA from 71 of them, and all 6 false-negative urine specimens were from low grade pTa tumors, while 100% sensitivity and specificity were achieved for high grade UCBs (91). Moreover, the mutation allele burden in urine is highly associated with UCB stages and grade (91). Hayashi et al. analyzed cfDNA in urine derived from UTUC patients (38). The mutated TERT promoter was found in all the urine samples from patients with mutation-bearing UTUC, while undetectable from WT tumors, with 100% of sensitivity, specificity and accuracy.

The next generation sequencing was applied for urinary detection of mutated TERT promoters in UCB patients with satisfied sensitivity and specificity, too (92, 93). However, the NGS protocol is cost-unfriendly and time-consuming, and needs special bioinformatical analyses and knowledge, which is not simple enough for clinical routine (94).

UC patients typically present with hematuria, however, hematuria is not specific to UCs and can occur in up to 9–18% of the population (95). Therefore, distinguishing between UC- and other genitourinary disorder-causing hematuria is an essential aim in the patient management. To this end, flexible cystoscopy is the current standard examination. Dahmcke et al. (82) sought to determine whether a mutated TERT promoter-containing urinary DNA test could replace cystoscopy in the initial assessment of hematuria (82). The obtained results showed that urine-DNA testing could identify a large subgroup of patients with hematuria in whom cystoscopy is not required. Similar observations were also reported by other groups (96, 97). Cystoscopy is not suitable for UTUC, but urinary detection of the TERT promoter mutation together with other biomarkers similarly showed high sensitivity and specificity for screening UTUC-caused hematuria (38, 88, 98). In addition, uncommon UC variants may be difficult to make diagnosis due to their atypical cytology, and the assessment of TERT promoter mutations could be very helpful (99).

As described above, frequent recurrence occurs in UCBs, and a life-long follow-up is recommended. The urinary assessment of the mutated TERT promoter has demonstrated its value in monitoring UC recurrence. In most UCB patients, the mutated TERT C228T/C250T disappears rapidly in urine after tumors are resected, whereas the persistence of the mutation in urine is observed in a small fraction of patients and strongly indicates a recurrence risk (47, 83, 86, 87, 90). Interestingly, the mutation may be found in urine long before recurred tumors are visible under cystoscopy. In addition, simultaneous assays of both TERT promoter and FGFR3 mutations predict recurrences more accurately (83). Wan et al. performed a meta-analysis of 1382 UCB patients, and they observed the close association between C228T/C250T and recurrence (100). Thus, the mutated TERT promoter is a reliable urinary biomarker predicting UCB recurrence.

Urinary TERT promoter mutations as early detection or screening biomarkers for UCB have been evaluated, too. Urine samples from 38 individuals who late developed primary UCB and 152 matched controls were analyzed for TERT promoter mutations (39). The mutated targets were detected in 14/38 of pre-clinical cases (sensitivity 47%) while none of the controls (100% specificity). Intriguingly, the mutation could be detected up to 10 years prior to clinical diagnosis of UCB (39). Consistent with this findings, the mutation-positive urine specimens were identified in 1/27 and 1/26 of healthy controls, respectively, in two other studies (38, 91). It is unclear whether those two cases are false-positive or truly positive as observed by Hosen et al. Long-time follow-up is required to distinguish between two scenarios. Nevertheless, if prospective studies confirm those findings, the mutated TERT promoter analysis will serve as useful biomarker for UCB screening.

TERT promoter hypermethylation as the urinary biomarker for UCs has also been evaluated and it is usually combined with other methylated genes for UC diagnosis. Vinci et al. (101) examined UCB tumors and urine samples from 105 patients and found 45 of them with increased TERT methylation in tumors compared with that in matched non-tumoral tissues. TERT methylation was detected in urine sediment from 30 of those 45 patients (67%) with 98% specificity.

The prevalence of TERT promoter mutations in UCBs can reach up to 85% in western countries but less than 50% in Asian populations (40, 42, 43, 47, 102). For UTUCs, the overall mutation frequency is 20% to 45% dependent on their anatomical locations (28, 35, 48). Other biomarkers are thus required for the WT TERT promoter-bearing UCs. Because TERT is expressed in most UC tumors independently of TERT promoter mutations while in general undetectable in normal epithelium, TERT mRNA in patients’ urine has broadly been evaluated as a molecular biomarker for UC diagnostic and follow-up workshop (103, 104). In general, urinary TERT mRNA, as detected using qPCR, showed sensitivity between 55% and 96%, and specificity from 69% to100%, for UCB (47, 103, 104). We determined TERT mRNA in urine from 49 UCB patients and 10 healthy controls, and TERT transcripts were detectable at different levels in 94% (46/49) of patients but none of healthy controls, demonstrating a high sensitivity and specificity (47). TERT mRNA levels were higher in urine from patient tumors bearing TERT promoter mutations, while not related to tumor size, grade and stage. Despite such a high sensitivity and specificity, there exists a potential drawback due to non-tumor derived TERT expression. For example, inflammatory lymphocytes express high levels of TERT mRNA, which may cause a false positive result when these cells are exfoliated into urine (105), especially in female patients who frequently occur (106). Therefore, caution is needed when interpreting results from female UCB patients. The simultaneous assessment of both TERT transcripts and promoter mutations significantly raises sensitivity and specificity (47).



The TERT promoter mutation and methylation or TERT expression for UC prognosis

The evaluation of TERT promoter mutations as a prognostic factor for UC survival gives rise to conflicting results (100). The association between the presence of TERT promoter mutations and overall and/or progression-free survival (OS and PFS) was shown in some studies but not in others. In determining the impact of TERT promoter mutations on survival of 325 UCB patients, Rachakonda et al. noticed that the SNP rs2853669 in the TERT promoter significantly modified the mutated promoter effect on patient survival (45). The C228T/C250T mutations were significantly associated with shorter survival in patients with rs2853669 T/T genotype, but not in those carrying T/C and C/C genotypes (45). This finding provides an explanation for discrepant observations shown by different study groups. As described above, the rs2853669 T/C or C/C genotypes disrupt the native ETS binding motif in the TERT promoter, thereby attenuating the GABPA-GABPB1-mediated activation of the mutated TERT promoter (Figure 2) (45). However, it remains to be defined how much rs2853669 variants contribute to the TERT promoter mutation impact on patient survival.

It is well established that non-muscle invasive bladder cancer (NMIBC), although recurs frequently, is in general non-lethal, while muscle-invasive BC (MIBC) is more aggressive with poor outcomes. It was shown that TERT promoter mutation-bearing NMIBC tumors progressed into MIBCs more frequently than their wt counterparts. Leão et al. combined the TERT promoter mutation with methylation to predict T1 stage NMIBC progression. Less 10% of tumors with wt and low methylated UTSS region of the TERT promoter exhibited disease progression, whereas progressive disease occurred in 52% of tumors with the mutated promoter and hypermethylated UTSS (107). Moreover, this combination was highly associated with disease-free survival (DFS) in NMIBC patients, and the mutated and hypermethylated TERT promoter group had shortest DFS (107). In addition, Isharwal et al. observed that TERT alterations (mainly promoter mutations) with low mutational burden were associated with significantly shorter OS, PFS and DFS (108). These observations unravel that not only rs2853669 variants, but also TERT promoter methylation and mutational burden all modified the effect of TERT promoter mutations. Thus, the combined assessment of TERT promoter mutation and methylation status or tumor mutational burden may stratify high-risk NMIBC patients for personalized intervention.



The TERT promoter mutation and TERT expression as biomarkers for UC immunotherapy

Recent breakthrough in cancer immunotherapy has dramatically changed cancer treatment landscape. For UCBs, immunotherapeutic strategies include traditional intravesical Bacillus Calmette-Guérin (BCG) therapy and modern immune checkpoint inhibitors (ICIs) as well (109). de Kouchkovsky et al. analyzed 119 advanced UCB patients treated with pembrolizumab or atezolizumab (110). The TERT promoter mutation, present in 61% of those UCBs, served as an independent predictor of improved PFS and OS (110). Another study reported 11 CUB patients receiving pembrolizumab, but the cohort was too small to make a conclusion (111). Further clinical observations by recruiting large cohorts of UCB patients are required to ascertain the impact of TERT promoter mutations on response to ICI therapy and survival. In addition, in NMIBC patients treated with BCG, those with a TERT C250T mutation were three time less likely to recur, coupled with longer recurrence-free survival, compared to cases with wt promoter and C228T mutation (112). It is unclear why only C250T mutation improves the efficacy of BCG therapy. The previous study showed that higher levels of TERT expression in UCB tumors post-BCG treatment were independently associated with shorter RFS and progressive diseases (94). Further clinical investigations are required to determine whether the C250T-related BCG efficacy results from altered TERT expression or from other direct and indirect activities.

The association between TERT promoter mutations and better immunotherapeutic response described above is likely attributable to increased TERT expression. One of the key mechanisms may be the TERT-mediated activation of human endogenous retrovirus (HERV) genes, recently identified by Mao et al. (113). HERVs are the relics of ancestral repeated exogenous retroviral infections > 30 million years ago and have integrated into human genome as permanent residents, accounting for 8% of human genome and containing approximately 450 000 HERV-derived sequences stratified into nearly 100 sub-families (114). In normal human somatic cells, HERVs are silent or at very low expression levels due to chromatin-based silencing by DNA methylation, histone modifications and post-transcriptional control through RNA editing and RNA interference (114, 115). However, oncogenic events disrupt HERV repression mechanisms, triggering their reactivation and/or accumulation, and TERT induction is one of the drivers for HERV expression in cancer cells (113). Importantly, HERV-derived products are recognized as “non-self” by the host immune system. HERV reactivation leads to viral protein synthesis, thereby eliciting B and T cell responses (Figure 4) (114). Moreover, HERV reactivation gives rise to viral double-strand RNAs (dsRNAs), RNA : DNA hybrid and DNA or cDNA; and all these nucleic acids trigger strong innate immune responses through activation of pathogen recognition receptors (PRRs, including RNA and DNA sensors) (114–117). Especially dsRNAs, which are not found in normal cells, could serve as the most immunogenic nucleic acids or pathogen-associated molecular patterns (PAMPs) recognized by RNA PRRs such as TLR-3, RIG-I and MDA-5 (114–116). These receptors act through different, but convergent signaling cascades, thereby culminating in the activation of transcription factors that coordinate pro-inflammatory cytokine and the expression of type I/III interferon (IFN-I and IFN-III) expression (114–116) (Figure 4). IFN-I and III finally induce an antiviral state. In such cases, cancer cells are thus recognized and treated as virus-infected cells by the immune system, which is so-called “viral mimicry” (114). Indeed, DNA methylation inhibitors and histone demethylase LSD1 inhibition have been shown to elicit anti-cancer efficacy via HERV reactivation and subsequent stimulation of immune response (115, 116). More importantly, LSD1 inhibitors strongly potentiate ICI efficacy (116). In addition, recent studies further showed that HERV expression served as a biomarker to predict treatment response to immune checkpoint blockade (ICB) therapy in patients with clear cell renal cell carcinoma and other cancers as well (115, 118). Conceivably, TERT-mediated HERV activation is expected to argument ICI response and BGC efficacy.




Figure 4 | TERT-mediated anti-cancer immunity via activation of human endogenous retrovirus (HERV) transcription and as a tumor-associated antigen. In normal somatic cells, HERVs are transcriptionally repressed. While cells undergo malignant transformation, oncogenic events disrupt HERV repression mechanisms, triggering their reactivation and/or accumulation. Overexpressed TERT stimulates HERV transcription. Expression of HERV proteins/peptides (red squares) serves as neoantigens to stimulate adaptive immunity. Moreover, HERV transcripts are recognized as pathogenic nucleic acids to activate innate immune response via the IFN pathway, so-called “viral mimicry”. In addition, TERT is itself a tumor-associated antigen, and telomerase-based vaccination stimulates adaptive immunity. Thus, anti-cancer immunity may be significantly augmented by HERV reactivation and TERT vaccination, and in that case, better efficacy of ICIs may be obtained.



In addition, TERT as a tumor-associated antigen can elicit a TERT-specific cytotoxic T lymphocyte (CTL) response (119, 120). In that case, TERT-expressing cancer cells are recognized and killed by CTLs (Figure 4) (120). TERT-based vaccines or immunotherapy have been applied for the treatment of several solid tumors with high rates of specific immune responses and improved tumor microenvironment (120). When the TERT or telomerase vaccine was in combination with a CTLA4 antibody ipilimumab for patients with metastatic melanoma, significantly improved benefits were observed (121, 122). To date, there have been no clinical trials regarding UC patients treated with TERT vaccine yet, which calls for clinical investigations.




Conclusions and perspectives

TERT induction and telomerase activation play essential roles in immortalization and malignant transformation of NHUCs, while the TERT promoter mutation is a predominant mechanism to activate telomerase in UCs, especially UCBs. In addition, the aberrant TERT promoter hypermethylation occurs widely in UCs and interacts with the mutated promoter to robustly augment TERT transcription. The mutated or methylated TERT promoter and TERT transcripts are useful biomarkers for non-invasive urinary diagnosis and surveillance of UCs, however, it is important to standardize assay and evaluation system for clinical practice. The impact of the TERT promoter mutation on UC outcomes may be affected by TERT SNPs, promoter methylation status and other variables, which are required for further investigations to achieve TERT-based precision UC management. Finally, TERT promoter mutations and gene expression as predictors for response to UC immunotherapy, the association between TERT-mediated HERV activation and immunotherapy efficacy, and TERT vaccine for UC treatment are all important and worthy of detailed investigations in future. For all these purposes, the standardization of a TERT assay and evaluation system is required.
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Background

Renal cell carcinoma (RCC) is one out of the most universal malignant tumors globally, and its incidence is increasing annually. MicroRNA (miRNA) in serum could be considered as a non-invasive detecting biomarker for RCC diagnosis.



Method

A total of 224 participants (112 RCC patients (RCCs) and 112 normal controls (NCs)) were enrolled in the three-phrase study. Reverse transcription quantitative PCR (RT-qPCR) was applied to reveal the miRNA expression levels in RCCs and NCs. Receiver operating characteristic (ROC) curves and the area under the ROC curve (AUC) were utilized to predict the diagnostic ability of serum miRNAs for RCC. Bioinformatic analysis and survival analysis were also included in our study.



Results

Compared to NCs, the expression degree of miR-155-5p, miR-224-5p in serum was significantly upregulated in RCC patients, and miR-1-3p, miR-124-3p, miR-129-5p, and miR-200b-3p were downregulated. A four-miRNA panel was construed, and the AUC of the panel was 0.903 (95% CI: 0.847–0.944; p < 0.001; sensitivity = 75.61%, specificity = 93.67%). Results from GEPIA database indicated that CHL1, MPP5, and SORT1 could be seen as promising target genes of the four-miRNA panel. Survival analysis of candidate miRNAs manifested that miR-155-5p was associated with the survival rate of RCC significantly.



Conclusions

The four-miRNA panel in serum has a great potential to be non-invasive biomarkers for RCC sift to check.
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Introduction

Renal cell carcinoma (RCC) is one of the malignant tumors from urinary tubular epithelium with high vascularization, which account for 80%–90% of renal malignancies (1). There were 431,288 people diagnosed, and 179,368 patients died with RCC worldwide in 2020 (2). Kidney cancer accounted for 76,080 new cases and about 13,780 people will die from it on 2021 in the USA (3, 4). What is worse, the morbidity of RCC is increasing steadily at an average rate of 3.7% per year (5). Although surge and biotherapy increase 5-year relative survival rate, the vascular invasiveness leads to early metastasis. Roughly 25% of patients with RCC present hematogenous metastasis to the bones, hepars, or lungs at the initial diagnosis (6–8). Therefore, prognosis of the curable RCC remains necessary for effective treatment.

In recent years, more and more small and early-stage RCCs were detected by the non-invasive radiological technologies like computed tomography (CT) and ultrasonography (US), which increased the positive proportion of potentially curable patients. However, there are still some limitations in the clinical application of imaging diagnosis, such as allergy to CT contrast agent, renal insufficiency, and the dependence of the accuracy of diagnosis on the experience of the doctor, which lead to unstable diagnosis (9, 10). In conclusion, one more stable method for assisting in the prediction of renal cell carcinoma is needed.

MicroRNAs (miRNAs) are evolutionarily short (~18–22 nucleotides), single-stranded, non-coding RNA molecules that could regulate gene through connecting the target mRNAs 3′-untranslated region (3′ UTR) (11). They regulate protein synthesis by inhibiting or promoting the transcription of messenger RNA. Cumulative studies indicated that miRNAs involve in the occurrence and inhibition of tumor, which means that the inhibition or overexpression of miRNAs could predict tumor occurrence (12, 13). Additionally, body fluids, such as serum or urine and plasma, could stably provide miRNAs. Consequently, miRNAs in serum have the latent capacity as a non-invasive tool for detecting tumor genesis (14, 15).



Materials and methods


Clinical specimens

In this study, a total of 224 participants from Peking University were randomly drawn, composed of 112 RCC patients and 112 normal controls from December 2017 to April 2021. All the patients were definitely diagnosed with RCC based on histopathological evaluation, who received no treatment. Correspondingly, inclusion criteria for the normal controls were men or women with no history of cancer and chronic illnesses. Peripheral blood, about 5–10 ml, from each participant was collected for serum extraction and processed it with centrifugation at 3,000 g for 10 min at 4°C in 2 h. Later, the processed serum was collected and stored in fresh tubes at −80°C. The present study was approved by the Ethics Committees of Peking University Shenzhen Hospital. In addition, participants’ characteristics are described in Table 1.


Table 1 | Demographic and clinical manifestation of 224 participants (RCC and NCs).





Study design

The three-phase research was conducted to screen out candidate biomarkers and investigate and verify the effectiveness of miRNAs in detection and diagnosis. For Step 1, miRNAs related to RCC were selected as candidate miRNAs from researches published on the Gene Expression Omnibus and on the PubMed database. Then, the Encyclopedia of RNA Interactomes (ENCORI) database was applied for screening out the miRNA expression levels in the screening phase (16). These candidate miRNAs were chosen under the standard p-value of <0.01 and fold change (FC) of >2 or < –2 based on the expression level. In Step 2, 30 serum samples from RCCs and 30 from NCs were used to affirm the miRNAs with different expression level in the testing stage. For Step 3, another 82 RCC serum samples and 82 NC serum samples were utilized at the validation stage. To characterize the performance of miRNA to quantify the difference between RCCs and NCs, the receiver operating characteristic (ROC) curve analysis was performed to appraise the p-value and the area under the curve (AUC) to ascertain diagnostic ability of miRNAs. Finally, the ultimate model was designed through backward stepwise logistic regression method.



RNA extraction, cDNA synthesis, and RT-qPCR

In order to control the variability in extraction and purification process, direct addition of 2 µl synthetic Caenorhabditis elegans miR-54 (cel-miR-54-5p) (10 nM/L, RiboBio, Guangzhou, China) into each serum sample done ahead of the procedure. Following the manufacturer’s guidance, total RNA from serum was extracted with TRIzol LS isolation kit (Thermo Fisher Scientific, Waltham, MA, USA) and lysed with 30 µl RNase-free water and stored at −80°C. After detecting its concentration with the help of a NanoDrop 2000 spectrophotometer (NanoDrop, Wilmington, DE, USA), we processed the amplification of miRNAs by using the specific primers of reverse transcription from Bulge-Loop miRNA qRT-PCR Primer Set. With Taqman probe on LightCycler 480 Real-Time PCR System (Roche Diagnostics, Mannheim, Germany), the real-time polymerase chain reaction was completed. The running program of RT-qPCR was set as follows: 95°C for 1 min, then 40 cycles of 95°C for 10 s, 55°C for 30 s, and 70°C for 30 s. The relative expression degree of target miRNAs were determined by using the 2−△△Cq method (17).



Bioinformatic analysis

The target genes corresponding to candidate miRNAs were screened out by MiRWalk3.0, and only the target genes associated with two or more candidate miRNAs could be chosen (18). Then, we used Enrichr database, a comprehensive gene that enabled gene set enrichment analysis to accomplish Gene Ontology (GO) functional annotation and Kyoto Encyclopedia of Genes and Genomes (KEGG) pathway enrichment analysis (19). To further explore the overall survival rate of RCC patients, we performed Kaplan–Meier survival analysis and the log-rank test of these candidate miRNAs with OncoLnc database (20).



Statistical analysis

In our study, all statistical analyses were completed with the help of SPSS software (SPSS 20.0). Means and standard deviations (SDs) or number and percentage were calculated when comparing participants’ demographic and clinical characteristics using one-way univariate analysis of variance (ANOVA). For categorical variables, the Fisher’s exact test or the chi-squared was constructed to assess the statistical differences between groups. For continuous variables, the Kruskal–Wallis rank sum test or the one-way analysis of variance was constructed to assess the differences. The difference between the miRNA expression levels within RCCs and NCs was analyzed using Student’s t-test or the Mann–Whitney test. In addition, multiple logistic regression analysis was conducted for the establishment of miRNA signature. The predictive value of the miRNAs presented as ROC curves and the AUC for the diagnosis of RCC, and they were applied to appraise the diagnostic capability of serum miRNAs as follows: AUC of 0.5–0.7 (low), 0.7–0.85 (medium), and 0.85–1.0 (high). The optimal specificity and sensitivity were concluded by the Youden index (calculated as J = sensitivity + specificity − 1). p < 0.05 represented statistically significant.




Result


Study population

There were a total of 112 RCC patients and 112 normal controls involved in this study. No significant differences were observed among the experience group and the contrast group in the distribution of age and gender (p< 0.05). As shown in Table 1, it summed up the clinical pathological features of all participants.



Screening out and testing candidate miRNAs

The initial candidate miRNAs were sifted out through literature review in PubMed. Then, we accessed their expression levels in the ENCORI database and established the candidates’ miRNAs under the cutoff criteria p-value of < 0.01 and fold change (FC) of >2 or <–2 based on the expression level in 517 cancer and 71 normal tissues. Thus, 12 candidate miRNAs showing different expression levels between RCCs and NCs were split out (Figure 1); they would be tested in the next phase. Comparing the serum expression difference among RCCs and NCs, four miRNAs (hsa-miR-130b-3p, hsa-miR-153-5p, has-miR-155-5p, and has-miR-224-5p) were overexpressed and the other miRNAs (has-miR-1-3p, has-miR-124-3p, has-miR-129-5p, has-miR-200b-3p, hsa-miR-204-5p, hsa-miR-214-3p, hsa-miR-411-5p, and has-miR-501-3p) were downregulated in RCC patients.




Figure 1 | The 12 candidate miRNAs in ENCORI database. Based on the cutoff criterion: fold change (FC) >2 or <–2 and p-value <0.01, 12 miRNAs were screened out as the initial candidates.



The 12 candidate miRNAs were further confirmed with 30 NCs and 30 RCC patients by means of qRT-PCR analysis. As shown in Figure 2, six miRNAs (miR-1-3p, miR-124-3p, miR-129-5p, miR-155-5p, miR-200b-3p, and miR-224-5p) ultimately showed statistically significant difference in serum expression degree.




Figure 2 | Relative serum expression levels of 12 candidate miRNAs. There were a total of 30 RCCs serum samples and 30 NC serum samples utilized in this phrase and 6 miRNAs ultimately showed significant difference. **p < 0.01, ***p < 0.001.





Validation and diagnostic capability of the candidate miRNAs

To further identify whether or not the plasma levels of miR-1-3p, miR-124-3p, miR-129-5p, miR-155-5p, miR-200b-3p, and miR-224-5p show difference in RCC patients, qRT-PCR was conducted to affirm the expression of the selected miRNAs in participant serum. The six candidate miRNAs elected from the testing phase were analyzed on another 82 RCCs and 82 NCs at the validation phase. As a result, all of them finally show relative dysregulated with p-value <0.05 (Figure 3). The result show that expression of miR-155-5p and miR-224-5p is upregulated compared with NCs, and the other is opposite.




Figure 3 | Relative expression counting and receiver operating characteristic curve (ROC) analyses in the validation phase of six elected miRNAs. This phase consisted of 82 RCCs and 82 NC serum samples. In RCC, the miRNAs with higher expression were miR-155-5p (G) and miR-224-5p (K); their AUCs are 0.647 (95% CI: 0.568–0.720; p= 0.001; (H) and 0.730 (95% CI: 0.655–0.796; p < 0.001; (L). Significantly lower expressed miRNAs were as follows: miR-1-3p (A), miR-124-3p (C), miR-129-5p (E), and miR-200b-3p (I). Their AUCs are 0.647 (95% CI: 0.569–0.720; p =0.0001; (B), 0.633 (95% CI: 0.554–0.706; p = 0.003; (D), 0.743 (95% CI: 0.669–0.808; p< 0.001; (F), and 0.747 (95% CI: 0.674–0.812; p< 0.001; (J). **p < 0.01, ***p < 0.001.



Furthermore, the ROC curves were performed to figure out the diagnostic capability as biomarkers in RCC prognosis of these six candidate miRNAs. The respective areas under the curves for miR-1-3p, miR-124-3p, miR-129-5p, miR-155-5p, miR-200b-3p, and miR-224-5p were 0.647 (95% confidence interval (CI): 0.569–0.720; p =0.0001; Figure 3B),0.633 (95% CI: 0.554–0.706; p = 0.003; Figure 3D), 0.743 (95% CI: 0.669–0.808; p< 0.001; Figure 3F), 0.647 (95% CI: 0.568–0.720; p= 0.001; Figure 3H), 0.747 (95% CI: 0.674–0.812; p< 0.001; Figure 3J), and 0.730 (95% CI: 0.655–0.796;p < 0.001; Figure 3L). Moreover, Youden index was performed to calculated optimum cutoff values, and specific sensitivity and specificity of these six candidate miRNAs in RCC diagnosis are shown in Table 2.


Table 2 | Outcomes of receiver operating characteristic curves and Youden index for six candidate miRNAs and the panels.





Establish a composite miRNA panel for diagnosing RCC better

In addition, a logistic regression model was established for further enhancement of early diagnostic ability in RCC, while combining several miRNAs may contribute to better diagnostic ability than separate miRNA. It indicated that making up miR-1-3p, miR-155-5p, miR-200b-3p, and miR-224-5p, as the combined biomarker emerged the best panel to screening RCC. As shown in Figure 4, the AUC for four-miRNA panel is 0.903 (95% CI: 0.847–0.944; p< 0.001; sensitivity = 75.61%, specificity = 93.67%). The formula constructed the miRNA panel was as follows: Logit(p) = −1.997 −3.181 × miR-1-3p − 5.889 × miR-200b-3p + 2.643 × miR-155-5p + 7.100 × miR-224-5p.




Figure 4 | The ROC curve evaluation for the four-miRNA panel. This four-miRNA panel contained miR-1-3p, miR-155-5p, miR-200b-3p, and miR-224-5p, and the AUC for the panel was 0.903 (95% CI: 0.847–0.944; p< 0.001; sensitivity = 75.61%, specificity = 93.67%).





Bioinformatic analysis of candidate miRNAs

We predicted target gene candidates for each miRNAs using miRWalk3.0, and a total of 278 genes were elected as target genes with the criteria of which gene predicted in more than two miRNAs (Figure 5A). Then, under the criteria, |log2FC| > 1, p < 0.01, results from GEPIA database indicated that CHL1, MPP5, and SORT1 could be regarded as the latent target genes for four-miRNA panel (Figures 5B–D), whose expression levels are significantly different between RCCs and NCs. In addition, data from GEPIA database demonstrated that obvious association was found between CHL1, MPP5, and SORT1 expression and the prognosis of RCCs in overall survival (Figures 5E–G).




Figure 5 | Target genes and overall survival of target genes. Genes that were predicted in over two miRNAs were regarded as potential targets, and eventually, 278 genes were elected (A). GEPIA was applied to predict these genes relating to four candidate miRNAs in 523 RCCs and 100 NCs. CHL1 (B), MPP5 (C), and SORT1 (D) were dysregulated with |log2FC| > 1and p < 0.01. CHL1 (E), MPP5 (F), and SORT1 (G) were associated with the prognosis of RCC. T, tumor; N, normal control. *p <0.01.



For GO annotation and KEGG pathway enrichment analysis, we put the 278 targeted genes into the Enrichr database. As shown in Figures 6A–C, the top 3 most counted enriched GO functional annotation categories for the biological process category, cellular component category, and molecular function category were GO:0016070 (RNA metabolic process), GO:0043269 (regulation of ion transport), GO:0060287 (epithelial cilium movement involved in determination of left/right asymmetry) and GO:0070717 (poly-purine tract binding), GO:1904315 (transmitter-gated ion channel activity involved in regulation of postsynaptic membrane potential), GO:0004674 (protein serine/threonine kinase activity) and GO:0032590 (dendrite membrane), GO:0016442 (RISC complex), and GO:0043005 (neuron projection), respectively. KEGG pathway analysis demonstrated various pathways that the target genes enriched in, including neurotrophin signaling pathway, pancreatic cancer, and longevity regulating pathway (Figure 6D).




Figure 6 | Target genes GO functional annotation and KEGG pathway enrichment analysis. Biological process (BP) analysis (A), cellular component (CC) analysis (B), molecular function (MF) analysis (C), and KEGG pathway enrichment analysis (D).





Survival analysis of candidate miRNAs

Subsequently, based on dichotomized QPCT expression by a log-rank test, we compared RCCs survival with the help of Kaplan–Meier survival analysis and data from OncoLnc database with 506 RCC patients. The analysis manifested that a significant association existed among miR-155-5p and the survival rate of RCC, and RCCs with higher miR-155-5p expression level tended to have worse prognosis (Figure 7).




Figure 7 | Kaplan–Meier survival curves of four candidate miRNAs. Kaplan–Meier survival curves of hsa-miR-1-3p (A), hsa-miR-155-5p (B), hsa-miR-200b-3p (C), and hsa-miR-224-5p (D). The analysis manifested that miR-155-5p significantly associated with RCC survival rate, and RCCs with higher miR-155-5p expression level tended to have worse prognosis.






Discussion

Renal cell carcinoma originates from renal tubular epithelial cells and is a lethal urological malignancy, representing a comprehensive 90% of all renal carcinoma, with approximately 295,000 new cases diagnosed annually and about 134,000 cases of cancer-related death per year. As advanced RCC is a fatal disease with only 11.7% 5-year survival rate (21), the effective prediction methods matter. Presently, the main diagnostic means are imaging examination, renal puncture biopsy, etc. However, CT and MRI could reach a higher predictive accuracy only in the high-grade RCC, which means that imaging examination’s early-grade RCC prediction ability is limited (22–24). Invasive and high cost leads to less universality for RCC patients. Therefore, one more stable prognosis methods of RCC is needed, such as miRNA.

In the present study, an investigation of serum miRNA expression was conducted in RCC patients and normal controls using RT-qPCR. Six miRNAs were related to the RCC, namely, miR-1-3p, miR-124-3p, miR-129-5p, miR-155-5p, miR-200b-3p, and miR-224-5p, and the analysis also show that expression of miR-155-5p and miR-224-5p was upregulated and miR-1-3p, miR-124-3p, miR-129-5p, and miR-200b-3p were downregulated, respectively. For further verification of the diagnostic ability in RCC, we made up miR-1-3p, miR-155-5p, miR-200b-3p, and miR-224-5p as a combined biomarker, which emerged as the best panel to screen RCC. As  a result, our research revealed that miR-200b-3p was the strongest effective independent predictor among six candidates mentioned before.

Compared with NCs, miR-200b-3p was downregulated in RCC serum, which means that it could show repression in tumor development. In ovarian cancer and hepatocellular carcinoma, for instance, some studies demonstrated that the miR-200 family is a significant player in invasion and migration in a variety of cancer and vascular complications (25, 26). Pecot et al. claimed that miR-200b-3p may act as antioncogene through angiogenesis blocking (27). In addition, some studies revealed that miR-200b-3p could participate in improving treatment benefit, especially increases in response to microtubule-targeting agents (25, 28). The overexpression of miR-200b-3p may be associated with low expression of β-tubulin III and improve the effectiveness of paclitaxel chemotherapy. Furthermore, Chang et al. indicated that miR-200 absence leads to docetaxel resistance in RCC (29). Thus, miR-200b-3p could inhibit tumor development and improve chemosensitivity.

The overall survival of RCC patient was compared by Kaplan–Meier survival analysis, and their analysis manifested that miR-155-5p had significant connection with RCC survival rate. In addition, miR-155-5p was observed to play a role as proinflammatory factor, which can increase IL-1β, IL-6, IL-8, and tumor necrosis factor (TNF) production, and antitumor immunity could increase the miR-155-5p serum expression level (30, 31). In addition, in ovarian cancer cells, Xiang Li et al. indicated that exo-miR-155-5p release could be promoted by ROS inhibition, resulting in the elevation of miR-155-5p, which means that miR-155-5p downregulated expression could create the tumor growth favoring microenvironment (32). Therefore, RCC patients with higher miR-155-5p expression level tended to have worse prognosis.

For RCC screening, miR-224-5p was illustrated to act as a biomarker in our study. Previous research demonstrated that miR-224-5p and miR-1-3p played a role in the process of RCC. The miR-224-5p expression degree in urinary extracellular vesicles (EVs) was also overexpressed in RCCs, and miR-224-5p in EVs regulated PD-L1 via inhibiting cyclin D1 in RCC progression (33). Through miR-224-5p/CHSY1 axis, LINC01094 activated by FOXM1 played its tumor-promoting role in the development of CCRCC (34). Same as in serum, the miR-1-3p expression levels in RCC cell lines and tissues were significantly suppressed, and miR-1-3p reduced fibronectin 1 to restrain the epithelial–mesenchymal transition process in RCC (35, 36).

Our study result showed that CHL1, MPP5, and SORT1 could be considered as potential target genes. CHL1 is an inhibitory oncogene in many tumors, which is involved in the inhibition of cancer cell proliferation, epithelial–mesenchymal transition (EMT), and even chemotherapy resistance, like esophageal squamous cell carcinoma and renal carcinoma (37–40). Furthermore, a previous study claimed that CHL1 acted as an independent and unfavorable prognostic factor for the overall survival rate of CCRCCs and suggested that lower expression of CHL1 leads to poor overall survival rate (41). Furthermore, knocking out CHL1 could promote the senescence and apoptosis of glioma by combining receptor composed of Bax, Bcl-2, and caspase-3 (42). Yang et al. indicated that in patients with depression, CHL1 in CD4+ T cells and CD8+ T cells increased and its expression level decreased significantly after treatment, which may prove that CHL1 affects the pathogenesis and treatment of depression through CD4+ T cells and CD8+ T cells (43). Other biomedical analysis suggested that CHL1 may be related to CD8+ T cells and macrophage M2 cells in patients with ccRCC, but it lacked biomolecule experiment, which could be the inspiration for further experiment (44). It is reported that SORT1 gene is a member of vacuolar protein sorting 10 protein-related family, and it can encode Sortilin protein. With further research on SORT1, it could be a promising tumor target, and more and more cancer tissues show overexpression of SORT1 (45–47). SORT1 functions could conjugate cytotoxic agents, like Docetaxel/Doxorubucin, and accurately and specifically inhibit growth of tumor (48). Miyakawa et al. indicated that anti-SORT1 could inhibit SORT1 to increase the level of PGRN in the cerebrospinal fluid, which is beneficial to the prognosis of frontotemporal dementia (FTD) (49). However, the function of PGRN has not been fully clarified, so we can verify whether it participates in the immune process of RCC occurrence or apoptosis in the next experiment (50, 51). MPP5 belongs to the membrane-associated guanylate kinase family and is responsible for establishing mammalian cell polarity, which is essential in tissue organization. Cell polarity plays a fundamental role in the epithelial tissue architecture and function, and it could regulate the cell growth and division. Therefore, loss of cell polarity triggers cancer progression and organ dysfunction, which means that the loss of MPP5 is a hallmark of cancer (52–54). MPP5 is crucial for the nervous system developing and bladder cancer progressing (55, 56). However, the present studies on MPP5 are still rare, and the mechanism affecting tumor progression is not clear yet.



Conclusions

In conclusion, we identified several differentially expressed serum miRNAs (miR-1-3p, miR-124-3p, miR-129-5p, miR-155-5p, miR-200b-3p, and miR-224-5p) among RCCs and NCs. CHL1, MPP5, and SORT1 could be considered as potential target genes. However, the mechanism of their role in different tumors is still unclear. There are few studies on some genes in RCC that lead to rare understanding of different functional manifestations in different tumors. If further research can be carried out, they could play a greater role in predicting tumorigenesis.
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   Backgrounds

Despite the genomic landscape of urothelial carcinomas (UC) patients, especially those with UC of bladder (UCB), has been comprehensively delineated and associated with pathogenetic mechanisms and treatment preferences, the genomic characterization of upper tract UC (UTUC) has yet to be fully elucidated.


 Materials and methods

A total of 131 Chinese UTUC (74 renal pelvis & 57 ureter) and 118 UCB patients were enrolled in the present study, and targeted next-generation sequencing (NGS) of 618 cancer-associated genes were conducted to exhibit the profile of somatic and germline alterations. The COSMIC database, including 30 mutational signatures, were utilized to evaluate the mutational spectrums. Moreover, TCGA-UCB, MSKCC-UCB, and MSKCC-UTUC datasets were retrieved for preforming genomic alterations (GAs) comparison analysis between Western and Chinese UC patients.


 Results

In our cohort, 93.98% and 56.63% of UC patients were identified with oncogenic and actionable somatic alterations, respectively. Meanwhile, 11.24% of Chinese UC patients (of 14.50% and 7.63% of UTUC and UCB cases, respectively) were identified to harbor a total of 32 pathogenic/likely-pathogenic germline variants in 22 genes, with DNA damage repair (DDR)-associated BRCA1 (1.20%) and CHEK2 (1.20%) being the most prevalent. Chinese UTUC and UCB patients possessed distinct somatic genomic characteristics, especially with significantly different prevalence in KMT2D/C/A, GNAQ, ERCC2, RB1, and PPM1D. In addition, we also found notable differences in the prevalence of ELF3, TP53, PMS2, and FAT4 between renal pelvis and ureter carcinomas. Moreover, 22.90% and 33.90% of UTUC and UCB patients, respectively, had at least one deleterious/likely deleterious alteration in DDR related genes/pathways. Subsequently, mutational signature analysis revealed that UC patients with mutational signature 22, irrespective of UTUC or UCB, consistently had the markedly higher level of tumor mutational burden (TMB), which was proved to be positively correlated with the objective complete/partial response rate in the IMvigor210 cohort. By comparison, Chinese and Western UTUC patients also differed regrading GAs in oncogenic-related genes/pathways, especially in TP53, RTK/RAS, and PI3K pathways; besides, more alterations in WNT pathway but less TP53, RTK/RAS, HIPPO, and PI3K pathways were identified in Chinese UCB.


 Discussions

The in-depth analysis of genomic mutational landscapes revealed distinct pathogenetic mechanisms between Chinese UTUC and UCB, and specific genomic characterizations could identify high risk population of UTUC/UCB and provided information regarding the selection of alternative therapeutic regimens.




 Keywords: UTUC (renal pelvis & ureter), UCB, targeted next-generation sequencing, genomic characterization, germline variants, DDR, mutational landscape 

  1. Introduction.

Urothelial carcinoma (UC), including upper tract UC (UTUC) and UC of bladder (UCB), is one of the most common genitourinary malignancies worldwide (1, 2). According to the latest cancer statistics reported by Chinese National Cancer Center, the estimated incidence and mortality rates of UCB in China have risen to 5.95/105 and 2.44/105, respectively (3). Among UC patients, 90%-95% tumors originate in bladder; while UTUC, only accounting for 5%-10% of UC, is arising in the renal pelvis or ureter. Due to the similar morphological and histological appearance, diagnostic and therapeutic strategies for UTUC are largely derived from those used for UCB. However, based on the data from Caucasian patients, UTUC and UCB exhibit notably distinct clinical, and molecular characteristics (4, 5). Molecular profiling is necessary to recognize the distinct pathogenetic mechanisms, and provide matched therapeutic regimens for patients with UC.

The genomic landscape of UC, including prevalent alterations in signaling pathways and driver genes, such as TP53, FGFR3, ERBB2, and PIK3CA, is closely associated with tumor development and aggressiveness, and affects treatment response (6). An earlier study discloses that TP53 alterations are the most prevalent in UCB, simultaneously with MLL2 (has aliases as KMT2D), ARID1A and KDM6A (chromatin remodeling genes) (7). Genomic alterations (GAs) comparison analysis between UTUC and UCB by a cohort study of Memorial Sloan Kettering Cancer Center (MSKCC) reveals that TP53, RB1, and ERBB2 alterations are more frequent in UCB; whereas, FGFR3 and HRAS are more prevalently altered in UTUC (8). Afterwards, the above results have been further confirmed in another Western cohort study (9). Additionally, GAs in DNA damage repair (DDR) genes are also prevalent in all UC subtypes (10), and have been demonstrated to correlate with the sensitivity to platinum-based treatments (11) and immunotherapy (12). Notably, the ingestion of aristolochic acid (AA), which can initiate aristolochic acid nephropathy (13), is markedly associated with serious kidney damage and urothelial carcinogenesis, along with a distinct mutational signature (sig) in affected UC individuals (14). Also, exposure to AA contained in some Chinese herbal medicines contributing to the damage of renal functions is highly correlated with the development of UTUC among Chinese patients (15). Recently, a pan-cancer analysis mainly based on the data from The Cancer Genome Atlas (TCGA) and International Cancer Genome Consortium (TCGA/ICGC) delineates that COSMIC (Catalogue of Somatic Mutations in Cancer) sig 22 is specifically found in tumor tissue samples with the exposure to AA, and there is an extremely high mutational burden in UC, especially in renal pelvis tumors exposed to AA. In addition, more UTUC patients have predispositions in Lynch Syndrome (LS) related features, such as tumor mutational burden (TMB) and microsatellite instability (MSI) caused by germline mutations in DNA mismatch repair (MMR) genes (16). Nonetheless, there are few studies on the pathogenic/likely-pathogenic (P/LP) germline variants of UTUC, particularly for Chinese patients.

Overall, it is essential to investigate and comprehend the germline and somatic landscape of Chinese UTUC and UCB, leveraging into substantial advances in potentiating clinical applicability, guiding clinical management, and promoting precision medicine. Currently, only small retrospective Chinese UC patient series have showed the discrepancies in the prevalence of altered genes between UTUC and UCB; however, due to the rarity of UTUC, results of these studies are limited by small sample sizes. In the present study, a total of 249 Chinese UC patient samples, including 131 UTUC and 118 UCB cases, were enrolled and performed via the next-generation sequencing (NGS) to characterize the genomic landscape of Chinese UC patients.


 2. Materials and methods.

 2.1. Study samples and ethics.

UC patients, comprising 131 UTUC (79 male cases & 52 female cases, and diagnosis age ranged from 36 to 86 years old) and 118 UCB (92 male cases & 26 female cases, and diagnosis age ranged from 19 to 87 years old) patient samples, were enrolled between January 1st, 2018 and October 9th, 2021, and UTUC or UCB disease was diagnosed by a qualified physician. Written informed consents of all involved patients have been collected, and this study was conducted according to the International Ethical Guidelines for Biomedical Research Involving Human Subjects, the Declaration of Helsinki, and approved by the ethics committee of Peking University First Hospital. In the present study, there was no limit regarding the gender, age, weight of involved patients when collecting UTUC or UCB patient samples; however, pregnant or breastfeeding female samples were excluded. Besides, a total of 3 qualified surgeons participated into the surgical operations and all patient samples were collected using simple randomization. Formalin-fixed, paraffin-embedded (FFPE) tumor tissues and germline DNA from matched blood samples were subsequently analyzed by using a targeted NGS platform. The representative FFPE tumor tissues were estimated by a qualified pathologist to determine whether the tumor content was sufficient (at least 20%). Of these samples, 1 UTUC & 2 UCB samples were removed because of insufficient tumor content and 1 UCB samples were lost owing to technical problems during DNA extraction, thus resulting in a total of 131 UTUC and 118 UCB samples available for subsequent analysis. Of note, all involved workers were blinded as of sample collection, processing, outcome assessment, and bioinformatic analysis.


 2.2. DNA extraction and targeted NGS.

The FFPE tumor tissue samples and white blood cell samples, including tumor genomic DNA (gDNA) and germline gDNA, respectively, were initially extracted by using QIAamp Genomic DNA Kit (Qiagen, CA, USA) according to the instructions of manufacturer. Next, the quality and quantity of purified DNA were detected and analyzed via using Agilent 2100 Bioanalyzer (Agilent Technologies, CA, USA) and Qubit 3.0 Fluorometer (Thermo Fisher Scientific Life Technologies, MA, USA). Then, 100 ng gDNA was sheared by a Covaris E210 system (Covaris, MA, USA), and both the FFPE tumor gDNA and germline gDNA library construction were prepared by using Accel-NGS 2S DNA Library Kit (Swift Biosciences, MI, USA). The target-enriched libraries were constructed by using xGen Lockdown Probes Kit (Integrated DNA Technology, IA, USA), and the probes were synthesized by Integrated DNA Technology, Inc for a panel of 618 genes ( Supplementary Table 1).  In the present study, bioassays were replicated three times. Eventually, paired-end sequencing with 150 bp length each read was conducted for the target-enriched libraries on the Illumina Novaseq 6000 platform (Illumina, CA, USA). The coverage of at least 1000× and 200× was achieved for tissue and germline gDNA, respectively.


 2.3. Sequencing data analysis and variant interpretation.

The FASTQ files of paired-end sequencing reads were obtained by the software FASTP (FASTP, RRID : SCR_016962, https://github.com/OpenGene/fastp), and the quality control was also conducted via CASAVA (CASAVA, RRID : SCR_001802, http://support.illumina.com/sequencing/sequencing_software/casava.html). The raw sequencing data were then aligned to the UCSC Human Genome Reference hg19 by Burrows-Wheeler alignment tool and a binary sequence alignment map (BAM) file was generated. The duplicate removal and local realignment were performed by using Picard (Picard, RRID : SCR_006525, http://broadinstitute.github.io/picard/) to improve the mapping quality. Variant calling (single nucleotide variation (SNV), small insertions/deletions (indels), etc.) was based on the Genome Analysis Toolkit (GATK, RRID : SCR_001876, https://software.broadinstitute.org/gatk/download/), and they were annotated by using the software ANNOVAR (ANNOVAR, RRID : SCR_012821, http://www.openbioinformatics.org/annovar/). In addition, TMB was defined as the number of identified variants per megabase (Mb). The somatic alterations were interpretated according to the standards and guidelines of Association for Molecular Pathology, American Society of Clinical Oncology, and College of American Pathologists. The germline variants were determined by a molecular geneticist in accordance with the standards and guidelines of American College of Medical Genetics and Genomics, and the Association for Molecular Pathology, it is necessary to state that variants with unknown significance were also evaluated but not reported in the present study. The oncogenic alterations were identified in ClinVar (ClinVar, RRID : SCR_006169, http://www.clinvar.com/). Actionable GAs analysis was conducted in OncoKB (OncoKB, RRID : SCR_014782, https://www.oncokb.org/).


 2.4. DDR pathways, mutational signature and alterations analysis.

Thirty-four DDR genes ( Supplementary Table 2 ), included in six canonical pathways of Checkpoint, Fanconi Anemia (FA), Homologous Recombination (HR), Mismatch Repair (MMR), Nucleotide Excision Repair (NER), and others, were obtained as previously described (11), which was utilized for the analysis of somatic alteration profiling. Besides, an additional EPCAM was usually used to characterize potential UC patients with LS as a MMR-associated gene (17) during the investigation of germline variants in our cohort. Deleterious alterations were determined according to the interpretation of OncoKB database via cBioPortal (cBioPortal, RRID : SCR_014555, http://www.cbioportal.org/).

The landscape of GAs of UC patients was exhibited in the Oncoprint plots by using the package maftools. According to the previously described oncogenic signaling pathways in 33 cancer types (18), somatic GAs in our study were categorized into following canonical pathways: TP53, RTK/RAS, DDR, NOTCH, PI3K, Cell Cycle, WNT, HIPPO, TGF-, MYC, and NRF2. Besides, the comparison of GA types of selected genes between UTUC and UCB was visualized in the lollipop plots also by using the package maftools. In addition, 30 COSMIC mutational signatures were downloaded from the COSMIC website (COSMIC, RRID : SCR_002260, http://cancer.sanger.ac.uk/cancergenome/projects/cosmic/), and mutational signature analysis was conducted by using nonnegative matrix factorization from the 96-channel mutational profiles (19).


 2.5. Genomic data of western UC patients.

Eventually, clinical and genomic data of UTUC (MSK, Nat. Commun. 2020) (20), namely MSKCC-UTUC cohort in the present study, were downloaded to investigate the difference in GAs between Chinese and Western UTUC patients, and the clinical comparison analysis was shown in  Supplementary Table 3 . In addition, clinical and genomic data of UCB from TCGA, PanCancer Atlas (21) and MSKCC, Eur Urol 2014 (22), namely TCGA-UCB and MSKCC-UCB cohort, respectively, were retrieved to investigate the difference in GAs between Chinese and Western UCB patients, and the clinical comparison analysis between Chinese and TCGA-UCB or MSKCC-UCB cohorts was exhibited in  Supplementary Table 4, 5 . In the present study, muscle-invasive bladder cancer (MIBC) patients were screened out for subsequent analysis. It should be mentioned that a shared panel of 209 genes ( Supplementary Table 6 ) was used when comparing GAs between Chinese UTUC and MSKCC-UTUC cohorts, and also the same shared panel of 209 genes was used when comparing GAs between Chinese UCB and MSKCC-UCB cohorts, besides, a panel of 618 genes ( Supplementary Table 1 ) was used to filter GAs of UCB patients from the TCGA-UCB cohort for subsequent analysis. The IMvigor210 cohort (23), including UC patients treated with immunotherapy by anti-PD-L1 therapy, was downloaded to explore the relationship between TMB level and immunotherapy response. The defined criteria of therapy response: CR: complete response, PR: partial response, SD: stable disease, PD: progressive disease.


 2.6. Statistical analysis.

Statistical analysis was conducted in R studio (v.3.4.3, https://rstudio.com/) or by using the software Statistical Package for the Social Sciences (SPSS, RRID : SCR_002865, http://www-01.ibm.com/software/uk/analytics/spss/) and GraphPad Prism v8.0 (GraphPad Prism, RRID : SCR_002798, http://www.graphpad.com/), and chi-square and Fisher’s exact tests were used to determine the statistical significance of differences among demographic categorical variables, and the Kruskal-Wallis’ test was used to compare the continuous variables. The p-value < 0.05 was considered statistically significant.



 3. Results.

 3.1. Patient characteristics.

After investigation, all involved Chinese UC samples ( Table 1 ), including 131 UTUC and 118 UCB tumors (UCB samples had no prior history of UTUC), were found with valid somatic alterations, and the median and mean TMB values were 12.00 [0.66, 277.32] and 17.64, respectively. Besides, the median and mean TMB values of UTUC vs. UCB were 9.88 vs. 14.00 and 17.31 vs. 18.00, respectively. Except a significantly higher proportion of female patients diagnosed with UTUC tumors instead of UCB, no statistically significant difference in other clinical features was observed between UTUC and UCB in our cohort ( Table 1 ).

 Table 1 | UTUC and UCB patient characteristics in Chinese cohort. 




 3.2. Somatic and actionable alterations of Chinese UC patients.

In total, genomic landscape of Chinese UC samples demonstrated that the most frequently altered genes ( Figure 1A ) included TP53 (44.58%), ARID1A (18.00%), and KDM6A (15.26%); whereas, it was noticed that the alteration frequencies of FGFR3 were only 7.63% and 5.93%, respectively in UTUC and UCB. When grouping GAs by functional significance, it was revealed that the top prevalently enriched pathways were TP53 (50.60%), DDR (49.00%), RTK/RAS (45.78%), NOTCH (34.94%), PI3K (27.71%), and Cell Cycle (21.29%). While 93.98% (234/249) of Chinese UC patients were identified as having oncogenic alterations, which were the most abundantly enriched in TP53 signaling pathway (48.59%,  Figure 1B ).

 

Figure 1 | Profiling of prevalent somatic and actionable alterations in Chinese UTUC and UCB. (A) Comparison of the most prevalently altered genes between Chinese UTUC and UCB. (B) Oncogenic canonical pathways in Chinese UC. (C) Comparison of actionable alterations between Chinese UTUC and UCB. UTUC, upper tract urothelial carcinoma, UCB, urothelial carcinoma of the bladder. 



Furthermore, a total of 141 (56.63%) Chinese UC patients with 220 actionable alterations were identified in our cohort. Irrespective of UTUC or UCB, it was found that more patients had level 3 actionable GAs (level 3 vs. level 4 vs. level 1, UTUC: 44.44% vs. 32.22% vs. 23.33%; UCB: 39.33% vs. 37.08% vs. 23.60%,  Supplementary Figure 1 ). UC patients had the most actionable GAs in ARID1A (N = 34, 13.65%; UTUC vs. UCB: 12.21% vs. 15.25%). Besides, remaining actionable GAs were mostly enriched in the RTK/RAS, PI3K, and DDR related signaling pathways ( Figure 1C ). According to the statistical analysis, there was no difference in the prevalence of actionable GAs between Chinese UTUC and UCB, except that more AKT1 and ERCC2 actionable GAs were presented in Chinese UCB (p < 0.05,  Figure 1C ). In comparison with the TCGA-UCB cohort, more AKT1 (4.24% vs. 0.24%), EGFR (1.69% vs. 0.00%), and PALB2 (2.54% vs. 0.24%) actionable GAs occurred in the Chinese UCB cohort; whereas, ERBB2 (9.29% vs. 1.69%), FGFR3 (12.96% vs. 3.39%), KDM6A (20.29% vs. 0.00%), and PIK3CA (18.34% vs. 5.08%) actionable GAs were prevalent in the TCGA-UCB cohort (p < 0.05,  Supplementary Figure 2 ). Regarding the comparison of actionable GAs between Chinese UCB and MSKCC-UCB cohort, it was discovered that MSKCC-UCB cohort had more prevalent actionable GAs in ARID1A (27.52% vs. 15.25%), FGFR3 (18.35% vs. 3.39%), KDM6A (37.61% vs. 0.00%), and PIK3CA (22.02% vs. 5.08%), while ERCC2 (7.63% vs. 0.92%) actionable GAs were more prevalent in the Chinese UCB cohort (p < 0.05,  Supplementary Figure 3 ). In addition, FGFR3 (44.34% vs. 8.47%), KDM6A (23.48% vs. 0.00%), and TSC1 (10.43% vs. 2.54%) actionable GAs were more frequent in the MSKCC-UTUC cohort (p < 0.05,  Supplementary Figure 4 )


 3.3. Spectrum of germline variants in Chinese UC patients.

In addition, a total of 32 P/LP germline variants were identified within 11.24% (28/249) of individuals with UC in our cohort, including 14.50% and 7.63% of UTUC and UCB patients ( Table 2 ). Interestingly, there were four UTUC patients harboring two P/LP germline variants. The top prevalently altered genes in UC were BRCA1 (N = 3, 1.20%, UCB vs UTUC: 2:1), CHEK2 (N = 3, 1.20%, UCB vs UTUC: 1:2), MSH2 (N = 2, 0.80%, UCB vs UTUC: 0:2), ERCC5 (N = 2, 0.80%, UCB vs UTUC: 1:1), BRCA2 (N = 2, 0.80%, UCB vs UTUC: 1:1), BAX (N = 2, 0.80%, UCB vs UTUC: 0:2), and PALB2 (N = 2, 0.80%, UCB vs UTUC: 0:2). In addition, 25 out of 32 P/LP germline variants were in genes associated with DDR in UC, of which 5 were in MMR-associated genes, including MSH2 (N = 2), MSH6 (N = 1), PMS1 (N = 1), EPCAM (N = 1). In UCB, it was observed that the Chinese UCB cohort had the germline variants of MMR-associated PMS1 (N = 1), and other DDR-associated BRCA1 (N = 2), BRCA2 (N = 1), BRIP1 (N = 1), CHEK2 (N = 1), ERCC5 (N = 1), RAD54L (N = 1), & RECQL4 (N = 1). Whereas, the Chinese UTUC cohort harbored the germline variants of MMR-associated MSH2 (N = 2), MSH6 (N = 1), EPCAM (N = 1), and other DDR-associated BRCA1 (N = 1), BRCA2 (N = 1), CHEK2 (N = 2), ERCC3 (N = 1), ERCC4 (N = 1), ERCC5 (N = 1), FANCL (N = 1), MUTYH (N = 1), PALB2 (N = 2), RAD51C (N = 1), and non-DDR-associated ASXL1 (N = 1), BAX (N = 2), CDKN2A (N = 1), SDHA (N = 1) & VHL (N = 2) ( Figure 2 ).

 Table 2 | The detail information of 32 germline P/PL variants in the Chinese cohort. 



 

Figure 2 | Germline pathogenic/likely-pathogenic variants in Chinese UTUC and UCB. UTUC, upper tract urothelial carcinoma, UCB, urothelial carcinoma of the bladder; MMR, mismatch repair; DDR, DNA damage repair. 




 3.4. Comparison of the genomic difference between Chinese UTUC and UCB.

GA enrichment analysis revealed that KMT2D (25.19% vs. 3.39%), KMT2C (12.98% vs. 1.69%), GNAQ (7.63% vs. 0.85%), KMT2A (5.34% vs. 0.00%), RUNX2 (5. 34% vs. 0.00%), and SPTA1 (5.34% vs. 0.00%) were significantly more prevalently altered in UTUC; whereas, ERCC2 (11.02% vs. 2.29%), RB1 (7.63% vs. 1.53%), and PPM1D (6.78% vs. 0.76%) were more prevalently altered in UCB instead ( Figure 3A ). Grouped by signaling pathway, it was found that there was no significant difference in the prevalence of altered pathway between UTUC and UCB tumors, with the exception of Cell Cycle signaling pathway which was more prevalent in UCB (27.97% vs. 15.27%,  Figure 3B ).

 

Figure 3 | Genomic differences between Chinese UTUC and UCB. (A) Prevalently altered genes, respectively in UTUC and UCB. (B) Comparison of the differences in the prevalence of commonly altered molecular pathways between UTUC and UCB. (C) Prevalently altered genes at early stage, respectively in UTUC and UCB. (D) Comparison of the differences in the prevalence of commonly altered molecular pathways at early stage, between UTUC and UCB. (E) Prevalently altered genes at advanced stage, respectively in UTUC and UCB. (F) Comparison of the differences in the prevalence of commonly altered molecular pathways at advanced stage, between UTUC and UCB. UTUC, upper tract urothelial carcinoma; UCB, urothelial carcinoma of the bladder. *: p < 0.05; **: p < 0.01; ****: p < 0.0001. ns, not significant. 



The difference in the prevalence of KMT2D between UTUC and UCB was consistent in both the diseases with early (I/II) and advanced (III/IV) clinical stages. Meanwhile, some novel difference emerged, such as more ERCC2 (18.75% vs. 2.13%), CDKN1A (18.75% vs. 2.13%), BRCA2 (15.63 vs. 2.13%) and Cell Cycle signaling pathway alterations (37.50% vs. 8.51%) were prevalent in early stage UCB ( Figures 3C, D ). For tumors in advanced clinical stage (III/IV), KMT2C (13.10% vs. 1.19%) and PPM1D (1.19% vs. 9.52%) showed significantly differed prevalence in UTUC and UCB ( Figure 3E ). More prevalent alterations in the NRF2 pathway (p = 0.06) but less alterations in NOTCH pathways (p < 0.05) were identified in patients with advanced UTUC, comparing with those with advanced UCB ( Figure 3F ). Additionally, identification of FGFR3 alteration site further revealed that p.Arg248Cys (0.00% vs. 10.64%, p < 0.05,  Supplementary Figure 5 ) was less prevalent in early-stage UCB when compared with early-stage UTUC.


 3.5. Genomic landscape, stratified by clinical stage, of Chinese UTUC & UCB.

In UTUC, the most prevalently altered genes were TP53 (38%), KMT2D (23%), and FGFR3 (17%) in clinical stage I/II tumors, while TP53 (51%), KMT2D (26%), and ARID1A (21%) in clinical stage III/IV tumors ( Figure 4A ). Of note, the frequency of FGFR3 (17.02% vs. 2.38%) and EP300 (14.89% vs. 4.76%) was significantly higher in UTUC patients with low clinical stage, along with a higher prevalence of GAs in RTK/RAS pathway (38.30% vs. 21.43%,  Figure 4B ).

 

Figure 4 | Genomic landscape, stratified by clinical stages and molecular pathways, of Chinese UTUC and UCB. (A) Differences of prevalent GAs between early-stage and advanced tumors in UTUC. (B) Comparison of the differences in the prevalence of commonly altered molecular pathways between early-stage and advanced tumors in UTUC. (C) Differences of prevalent GAs between early-stage and advanced tumors in UCB. (D) Comparison of the differences in the prevalence of commonly altered molecular pathways between early-stage and advanced tumors in UCB. UTUC, upper tract urothelial carcinoma; UCB, urothelial carcinoma of the bladder. 



For UCB, TP53 (46%), KDM6A (33%), and CDKN1A (15%) were the most prevalent in clinical stage I/II tumors; whereas, TP53 (41%), ARID1A (23%), and EP300 (14%) were the most prevalent in clinical stage III/IV tumors ( Figure 4C ). In addition, it was found that KDM6A (34.38% vs. 14.28%) was more prevalent in UCB tumors with lower clinical stage, but HRAS (9.52% vs. 0.00%) was more prevalent in UCB tumors with advanced clinical stage. While there was no difference in the frequency of altered signaling pathways between lower and higher clinical stage UCB tumors ( Figure 4D ).


 3.6. Genomic comparison between renal pelvis and ureter tumor.

To fully understand the genomic profile of Chinese UTUC patients, we further compared the genomic difference between UTUC patients with different disease sites. The oncoprint plot ( Figure 5A ) initially exhibited the genomic landscape of Chinese UTUC samples including 74 renal pelvis & 57 ureter tumors ( Table 3 ). GA enrichment analysis based on the primary tumor location (renal pelvis vs. ureter) revealed that ELF3 GAs (14.86% vs. 3.51%) were more enriched in renal pelvis tumors; conversely, the frequency of TP53 (61.40% vs. 35.14%), PMS2 (8.77% vs. 0.00%), FAT4 (8.77% vs. 0.00%) was significantly higher in patients with ureter tumors ( Figure 5B ). Correspondingly, significantly more GAs in TP53 (70.18% vs. 40.54%) and Cell Cycle (22.81% vs. 9.46%) signaling pathways were observed within patients with ureter tumors, compared with those with renal pelvis tumors ( Figure 5C ).

 

Figure 5 | Genomic differences between renal pelvis and ureter tumors in the Chinese cohort. (A) Comparison of the most prevalently altered genes between renal pelvis and ureter. (B) Enrichment of GAs for renal pelvis and ureter tumors. (C) Comparison of the differences in the prevalence of commonly altered molecular pathways between renal pelvis and ureter. *: p < 0.05. ns, not significant. 



 Table 3 | UTUC patient (Renal pelvis & Ureter) characteristics in Chinese cohort. 




 3.7. Alterations in DDR related genes/pathways of Chinese UTUC & UCB.

In our cohort, a total of 122 (49.00%) UC patients, including 66 (50.38%) UTUC and 56 (47.46%) UCB cases, were found to harbor at least one GA in 34 DDR-related genes ( Figure 6A ). Of note, the top prevalently altered genes ( Figure 6B ), respectively in six canonical pathways of Checkpoint, FA, HR, MMR, NER, and others, were ATM (N = 24, 9.64%), BRCA2 (N = 20, 8.03%), BRCA1 (N = 16, 6.43%), MSH6 (N = 10, 4.02%), ERCC2 (N = 16, 6.43%), and RECQL4 (N = 16, 6.43%). Statistical analysis further disclosed that the frequency of RECQL4 (9.16% vs. 3.39%), was significantly higher in UTUC; whereas, there were significantly more ERCC2 (11.02% vs. 2.29%) and PMS1 (3.39% vs. 0.00%) GAs in UCB ( Figures 6A, B ). GAs distributed in the pathways of HR & others (19.85%) and FA (19.49%) were the most prevalent in UTUC and UCB, respectively ( Figure 6C ). Besides, no significant difference was observed in the distribution of GAs among these six DDR related pathways between UTUC and UCB, with one exception in the pathway of others which was more prevalent in UTUC (19.85% vs. 7.63%, p < 0.01). Additionally, a total of 70 (28.11%) UC patients, including 30 (22.90%) UTUC and 40 (33.90%) UCB patients, had at least one deleterious/likely deleterious GA in DDR related pathways ( Figure 6D ). Whereas, statistical analysis showed that there was no significant difference in the number of deleterious/likely deleterious GAs among these six canonical pathways between UTUC and UCB.

 

Figure 6 | Differences in the prevalence of DDR related genes/pathways between Chinese UTUC and UCB. (A) Comparison of prevalent alterations in thirty-four DDR related genes between Chinese UTUC and UCB. (B) Number of UTUC and UCB patients harboring at least one alteration in six DDR-related canonical pathways of Checkpoint, FA, HR, MMR, NER, and Others. (C) Comparison of the differences in the prevalence of altered DDR-related pathways between UTUC and UCB. (D) Comparison of the differences in the prevalence of deleterious/likely deleterious alterations in DDR related pathways between UTUC and UCB. UTUC, upper tract urothelial carcinoma; UCB, urothelial carcinoma of the bladder; DDR, DNA damage repair; FA, Fanconi Anemia; HR, Homologous Recombination; MMR, Mismatch Repair; NER, Nucleotide Excision Repair. 




 3.8. Mutational spectrums and signatures in Chinese UTUC & UCB.

Known to have a high level of heterogeneity, UTUC and UCB have distinct mutational signatures and etiologies. Of note, it was revealed in our cohort that sig 3 (correlated with failure of DNA double-strand break-repair by HR) was the most prevalent both in UTUC (18.26%) and UCB (34.55%) ( Figure 7A ). Other dominant mutational signatures in UTUC included sig 1 (correlated with spontaneous deamination of 5-methylcytosine), sig 2 (correlated with APOBEC cytidine deaminase, C>T), sig 4 (correlated with exposure to tobacco mutagens), sig 10 (defective DNA mismatch repair), sig 16 (etiology: unknown), and sig 22 (correlated with exposure to AA). On the other hand, sig 1, 4, 13 (correlated with APOBEC-mediated mutagenesis), and 22 were predominantly included in UCB instead. Notably, sig 5 (etiology: unknown) and sig 23 (etiology: unknown) were exclusive to UTUC and UCB samples, respectively, albeit with a low prevalence.

 

Figure 7 | Spectrum of mutational signatures in Chinese UTUC and UCB. (A) Comparison of mutational signatures between Chinese UTUC and UCB. (B) Comparison of the TMB levels between patients with or without one extent mutational signature, respectively in UTUC and UCB. (C) Enrichment of GAs for UTUC patients with or without mutational signature 22. (D) Enrichment of GAs for UCB patients with or without mutational signature 22. (E) Enrichment of GAs for UCB patients with or without mutational signature 13. *: p < 0.05; **: p < 0.01; ****: p < 0.001; ***: p < 0.0001. ns, not significant. 



Of note, Chinese UC patients with sig 22, particularly UTUC patients, had markedly elevated TMB level ( Figure 7B ). Besides, significantly differed TMB levels were also identified in Chinese UTUC patients presenting with sig 2, 12 and 25 or UCB patients with sig 6, 7 and 13, respectively ( Figure 7B ). Impressively, the analysis of IMvigor210 cohort further revealed that TMB-high group had the significantly better clinical outcomes, and importantly, TMB-high was markedly correlated with complete/partial responses of immunotherapy ( Supplementary Figure 6 ). Moreover, KDM6A, ATM, POLD1, and BCOR were more frequently altered in UTUC patients with sig 22 than in those without it ( Figure 7C ). Whereas in UCB, NCOR1, BRCA2, ARID1B, and PBRM1 were more frequently altered in patients with sig 22 than the counterparts without it ( Figure 7D ). In addition, NCOR1, FBXW7, ATR, RNF43, and AKT2 were more prevalent in UCB patients with sig 13 ( Figure 7E ).


 3.9. Genomic comparison between chinese and western cohorts.

Finally, GA comparison analysis was conducted to reveal the differentiation of molecular characterization of UTUC and UCB between Chinese and Western cohorts. TP53 was significantly more prevalent in the Chinese UTUC cohort compared to the MSKCC-UTCC cohort; on the contrary FGFR3, KDM6A, and KMT2C were more frequently altered in the MSKCC-UTUC cohort ( Figure 8A ,  Supplementary Table 7 ). Accordingly, TP53 signaling pathway was significantly more common in our UTUC cohort; whereas, RTK/RAS and PI3K signaling pathways were more prevalent in the MSKCC-UTUC cohort ( Figure 8B ). In addition, PPM1D and ERCC5 GAs were prevalent in Chinese UCB cohort, compared with TCGA-UCB cohort ( Figure 8C ,  Supplementary Table 8 ), but ERCC2 GAs were frequently altered in our cohort, compared with MSKCC-UCB cohort ( Figure 8D ,  Supplementary Table 9 ). In contrast, ARID1A, PIK3CA, RB1, ERBB2, and FAT1 GAs were significantly more prevalent both in the TCGA- and MSKCC-UCB cohort. Pathway enrichment further revealed that WNT signaling pathway was more prevalent in the Chinese UCB cohort when compared to the TCGA-UCB or MSKCC-UCB cohort; whereas, GAs in TP53, RTK/RAS, HIPPO and PI3K signaling pathways were more prevalent in these two Western cohorts ( Figures 8E, F ).

 

Figure 8 | Genomic differences of UTUC or UCB between Chinese and Western cohorts. (A) Enrichment of GAs, respectively in Chinese UTUC and MSKCC-UTUC cohorts. (B) The frequency of altered molecular pathways [Log10 (odds ratio)] by significance [−Log10 (p-value)], respectively in Chinese UTUC and MSKCC-UTUC cohorts. Enrichment of GAs, respectively in Chinese UCB and TCGA-UCB cohorts (C), and respectively in Chinese UCB and MSKCC-UCB cohorts (D). The frequency of altered molecular pathways [Log10 (odds ratio)] by significance [−Log10 (p-value)], respectively in Chinese UCB and TCGA-UCB cohorts (E), and respectively in Chinese UCB and MSKCC-UCB cohorts (F). *: p < 0.05. ns, not significant. 





 4. Discussions.

Compared to other kinds of malignancies, UC has the third highest mutational load and a high degree of heterogeneity of GAs following lung carcinoma and melanoma (24). The in-depth interpretation of genomic characteristics discloses biomarkers or signatures, highly unique to certain malignancies, implicating the decision-making of potential targeted therapy and immunotherapy in UC (25). Unfortunately, the majority of Chinese UC patients are usually diagnosed at advanced stages, and there is a dearth of precision treatment strategies. Especially for UTUC patients who are prone to chronic kidney diseases but treated by following the strategies of UCB, as aforementioned, the standard platinum chemotherapy is usually intolerant (15). Hence, understanding the genomic characteristics of Chinese UTUC patients is crucial for therapy development and improving patient outcomes. To the best of our knowledge, this study is composed of the largest Chinese UC sample size, especially UTUC, comprehensively revealing the genomic characterization of UTUC and UCB. Additionally, it is also the first time comparing the GA profiling of renal pelvis with ureter in a Chinese cohort. Overall, the present study might contribute to the development of molecular oncology and provide more opportunities of treatment intervention for UC patients.

Distinct from the Western cohort, GAs in TP53 gene and TP53-related signaling pathway were significantly more prevalent in the UTUC samples from Chinese cohort, and particularly, patients with ureter tumors harbored more GAs in TP53 and TP53-related signaling pathway. The tumor-suppressing gene TP53 plays a central role in the UC development and progression, contributing to genomic instability, anomalous regulation of Cell Cycle and/or apoptotic signaling pathways, and copy number alterations (26). Simultaneously, its alterations are markedly correlated with the high risk of recurrence (27). Altogether, Chinese UTUC patients, especially for those with ureter tumors, may have relatively more invasive tumors and increased risk of disease recurrence than the Western counterparts. The differences in somatic and actionable alterations between the Chinese and Western cohorts together revealed that the mechanisms of mutation-driven carcinogenesis were distinct, from another perspective, genomic characterization would greatly help clinical decision-making of potential targeted therapy and immunotherapy. Identification of clinically significant P/LP germline variants in our cohort also demonstrated that DDR gene alterations were especially frequent, which is consistent with the finding in Western UC patients (28). Nowadays, only LS is regarded as the hereditary cancer syndrome highly correlated with elevated risk of UC, which is caused by germline inactivating alterations in MMR-associated genes (29, 30). It had been found that patients with LS had the increased risk of UTUC up to 12% that was greater than accumulative risk for UCB, particularly for carriers of MSH2 mutations (31). The incidence of LS in UTUC is rare, while we found in the present study that 2.01%, 3.05% and 0.85% of Chinese UC, UTUC and UCB patients were diagnosed as LS, respectively. This was supported by another Chinese cohort study which revealed that 1.4% UTUC patients were confirmed with LS (32). In two independent western UC cohorts, as reported, 8.77% (28) and over 13.00% (33) of UTUC patients harbored LS-associated gene variants, respectively. Comparatively, Chinese UTUC patients harbored remarkably less germline variants in LS-associated genes. Other than those with LS, 7.63% of Chinese UC patients had other P/LP germline DDR alterations, which were also highly correlated with the carcinogenesis of UC. Furthermore, Germline variants of MMR and other DDR genes might be of guiding significance for treatment selection, as MMR deficiency was correlated with immunotherapy response of PD-L1/PD-1 blockade and ATM, ERCC2, or other DDR gene alterations were associated with chemotherapy response (34–36). Altogether, it was suggested that germline DDR alterations should be investigated together with somatic alterations profiling, as of therapy response evaluation. In addition, P/LP germline alterations in ASXL1, BAX, CDKN2A, SDHA, and VHL were rarely reported in Chinese UC patients which was firstly identified in the present study, although P/LP germline alterations in ASXL1, CDKN2A, SDHA, and VHL have been reported in the Western UC cohort (28). The molecular characterizations of P/LP germline variants provided the preliminary evidence for the subsequent researches of hereditary UC, and would be of guiding significance to helping establish prevention and surveillance strategies to suppress the incidence of UC.

Furthermore, a total of 122 (49.00%) UC patients harbored alterations in the DDR related signaling pathway, similar to the finding of another Chinese UC cohort (37). Of note, RECQL4 alterations were significantly more prevalent in Chinese UTUC; whereas, ERCC2 and PMS1 alterations were common in UCB. RECQL4, as a DNA helicase belonging to the RecQ helicase family, was important in preserving genome stability, thus, its alterations were highly associated with the carcinogenesis (38). As described before, ERCC2, known to be involved in the NER pathway for DDR-related mechanism, was markedly associated with chemotherapy or immunotherapy response in UCB. PSM1, a component of MMR system, was responsible for the repair of DNA mismatches. The prevalence of PSM1 was also correlated with therapy response, and its germline variants were usually associated with LS predisposition (39). Moreover, nearly one third of Chinese UC patients, including 33.90% and 22.90% of UCB and UTUC patients, respectively, harbored at least one deleterious/likely deleterious alteration in DDR related pathways. The potential treatment by poly (ADP ribose) polymerase inhibitors (PARPi) could be used for these UC patients with deleterious/likely deleterious DDR related pathway alterations, especially for patients with altered BRCA1/2 presenting with higher sensitivity, and this monotherapy by PARPi inhibitors has approved in clinic for BRCA1/2-altered breast and ovarian tumors (40). For metastatic UC patients harboring gene mutations in HR, PARPi inhibition also play a potential role to improve clinical outcomes of those receiving Durvalumab plus Olaparib (41). In spite of limited efficacy of monotherapy of PARPi inhibitors, immunotherapy combined with PARPi inhibitors has shown collaborative effects for the treatment of UC patients with alterations in the HR pathway (42). In addition, a pan-cancer study highlighted that altered PARP1 was correlated with the high degree of immune cell infiltrations, such as CD8+ T cells, in most cancers (43), simultaneously, there were higher expression levels of PD-1, LAG3, and CTLA-4 in the PARP1-altered group (44, 45).

When comparing the whole genomic profiling of Chinese UTUC with UCB, more alterations in chromatin remodeling related genes (KMT2A, KMT2D, KMT2C), prevalent in Chinese UTUC patients, consistent with the findings in Western cohorts (8, 26). Epigenetic abnormality, such as alterations in chromatin remodeling, DNA methylation, and histone modification, were strongly associated with tumor development and progression (46), meanwhile, epigenetic regulation of chromatin function controlled gene expression pattern (47). Notably, our finding was in consistent with previous studies (37, 48) that the alteration frequency of FGFR3 was significantly higher in western UTUC patients, which is the main actionable gene in UC. Therefore, Erdafitinib and pemigatinib as effective FGFR inhibitors approved by the FDA-US (49) might be clinically applicable for less patients in China. Notably, FGFR3 alterations were frequently correlated with the non-T cell inflamed tumor microenvironment which was associated with resistance to immunotherapy (50), besides, frequently altered FGFR3 was found to be enriched in the luminal UC subtype poorly responding to immunotherapy (51). On the other hand, this might infer that relatively more Chinese UC patients could make responses to the immunotherapy compared with the Western UC patients, due to the lower prevalence of FGFR3. However, in light of recently emerging contradictory results, more studies are required to confirm the relationship between FGFR3 and sensitivity to ICIs (52). Besides, FGFR3 alterations were also correlated with lower responses to platinum-based chemotherapy (53). However, FGFR3 alterations were closely associated with lower pT stage, tumor grade, and other favorable clinical features and outcomes (54), altogether, it was highly recommended that UC patients with FGFR3-altered tumors would be more likely to benefit from anti-FGFR3 therapy. Whereas, platinum-based chemotherapy, immunotherapy, or neoadjuvant chemotherapy was more suitable for UC patients with FGFR3 wild-type tumors. Moreover, ERCC2 and RB1 alterations were prevalent in Chinese UCB, especially for early-stage tumors harboring significantly more alterations in ERCC2 and RB1, of which ERCC2 might improve the immunotherapy response in UCB (55). Additionally, the inhibition of PPM1D could be a promising anti-tumor strategy to treat PPM1D-altered UCB patients (56), and intriguingly, all PPM1D alterations were only presented in advanced UCB tumors. Of note, GA analysis of early-stage UTUC and UCB tumors showed that Cell Cycle signaling pathway alterations were quite prevalent in early-stage UCB, probably leading to the increased mutation load which could stimulate tumor progression; on the contrary, accumulative tumor mutations were highly associated with chemotherapy and immunotherapy response. Besides, NOTCH signaling pathway alterations were significantly prevalent in advanced UCB, as known, NOTCH signaling pathway majorly functioned to control cell differentiation and stem cell maintenance (57), of which dysregulation was highly correlated with the epithelial-mesenchymal transition (EMT) in bladder cancer. Therefore, therapies targeting to NOTCH signaling pathway might prevent the EMT of UCB tumors effectively.

Ultimately, this study further revealed the distinct patterns of mutational spectrums in Chinese UTUC & UCB. As acknowledged, characteristic mutational signature within cancer genomes represented specific mutational processes underlying carcinogenesis (58). In the present study, it was found that sig 3, correlated with failure of DNA double-strand break-repair by HR, was the most prevalent both in UTUC (18.26%) and UCB (34.55%) cohorts. However, another Chinese UC cohort demonstrated that sig 1 (41.86%) was predominant in the UTUC cohort (N = 45) and sig 13 (42.99%) was the most frequent in the UCB cohort (N =73) (48), which were also predominant in our cohort. The COSMIC database depicted that sig 1 was an endogenous mutation process attributed to spontaneous deamination of 5-methylcytosine, besides, the AID/APOBEC family of cytidine deaminases converting cytosine to uracil resulted in sig 13. Of note, sig 4 and 22, correlated with exposure to tobacco mutagens and AA, respectively, were observed both in UTUC and UCB cohorts. As known, tobacco exposure is the major risk factor for UC, regardless of UTUC or UCB tumors (59). In addition, a multicenter study had discovered the presence of sig 22 in Chinese UCB, although it only occupied 3% of samples (60), however, the present study revealed that sig 22 was also prevalent among Chinese UCB patients, probably caused by the exposure to AA in traditional Chinese herbal medicine. Altogether, our findings first disclosed that sig 22, correlated with AA exposure, was also highly prevalent in Chinese UCB. Remarkably, it was first time finding that sig 5 (etiology: unknown) and sig 23 (etiology: unknown) were exclusive to a small part of UTUC and UCB samples, respectively, which needed further verifications. Of note, we further disclosed that KDM6A, ATM, POLD1, and BCOR alterations were positively associated with sign 22 in UTUC, as demonstrated in the present study, the presence of sig 22 was remarkably correlated with increased TMB level. Indeed, both of KDM6A (61) and ATM (62) alterations were markedly associated with a higher level of TMB, whereas, it was firstly identified that POLD1 and BCOR alterations were also correlated with increased TMB level as well as sig 22 in UTUC. Besides that BRCA2 (63) and PBRM1 (64) alterations might lead to the elevated TMB level, also it was first time revealing that NCOR1 and ARID1B alterations were associated with TMB level and sig 22 in UCB. Regarding patients with sig 13, NCOR1, FBXW7, ATR, RNF43, and AKT2 alterations were abundantly enriched in our UCB cohort, as acknowledged, all of which were first found to be correlated with occurring sig 13 and increased TMB level in UCB. TMB level was positively correlated with immunotherapy response in UC (65), moreover, the IMvigor210 cohort directly revealed that TMB level was positively correlated with not only immunotherapy response but also clinical outcomes. In summary, these identified altered genes in the present study had potential roles as biomarkers for immunotherapy response and we further confirmed that Chinese UTUC and UCB patients had distinct patterns of mutational spectrums, and mutational characteristics.

Even though, to the best of our knowledge, this study has analyzed the genomic landscape of the greatest number of Chinese UTUC cases to date, the limited sample size and retrospective nature of study design may have influenced our findings. Moreover, there were differences between our sequencing methods and those with which we compared even under the same detected gene spectrum, which may potentially have affected the results. Therefore, further research with expanded sample size may be necessary to validate the findings.


 5. Conclusions.

In the present study, the systematic investigation of germline variants first proposed that germline alterations in Chinese UC occur predominantly in DDR-related genes. Moreover, comprehensive genomic characterizations of Chinese UTUC and UCB provided more and deeper insights of distinct pathogenetic mechanisms, and offered more precision therapeutic regimens for different UC patients.
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Germ cell tumors (GCTs) represent a heterogeneous neoplasm family affecting gonads and rarely occurring in extragonadal areas. Most of patients have a good prognosis, often even in the presence of metastatic disease; however, in almost 15% of cases, tumor relapse and platinum resistance are the main challenges. Thus, novel treatment strategies with both improved antineoplastic activity and minor treatment-related adverse events compared with platinum are really expected. In this context, the development and the high activity demonstrated by immune checkpoint inhibitors in solid tumors and, subsequently, the interesting results obtained from the use of chimeric antigen receptor (CAR-) T cell therapy in hematological tumors, have stimulated research in this direction also in GCTs. In this article, we will analyze the molecular mechanisms underlying the immune action in the development of GCTs, and we will report the data from the studies that tested the new immunotherapeutic approaches in these neoplasms.
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1 Introduction

Germ cell tumors (GCTs) represent a heterogeneous neoplasm family affecting gonads and rarely occurring in extragonadal areas, such as retroperitoneum, mediastinum and pineal gland (1–3).

GCT is the most common neoplasm affecting young males between 15 to 44 years of age. The vast majority of patients have a good prognosis with high cure rates even in the presence of metastatic disease (4). However, in a small percentage of cases, GCTs deserve a poor prognosis with tumor relapse and resistance to platinum-based chemotherapy, and are treated with aggressive approaches including high-dose chemotherapy with support of hematopoietic progenitor cells (5–7). In addition, because of young age at diagnosis and high cure rate, many patients experience long-term survival related problems, including physical and psychosocial issues, most of which related to previous antitumor treatments, in particular chemotherapy (8–10). Thus, novel treatment strategies with both improved antineoplastic activity and minor treatment-related adverse events compared with platinum are really expected (11, 12). In this context, the development and the high activity demonstrated by immune checkpoint inhibitors in solid tumors and, subsequently, the interesting results obtained from the use of chimeric antigen receptor (CAR-)T cell therapy in hematological tumors, have stimulated research in this direction also in solid tumors, and more recently in GCTs (13). In this article, we will analyze the molecular mechanisms underlying the immune action in the development of GCTs, and we will report the data from the studies that tested the new immunotherapeutic approaches in these neoplasms.



2 Rationale for immunotherapy in GCTs

GCTs represent a highly curable neoplasm, but almost 15% of patients experienced recurrence; the exact mechanism of platinum resistance is not fully understood, but it is believed to have a multifactorial origin (14). One reason could be hided into relationship between GCT cells and surrounding tumor microenvironment (TME), which is currently under investigation.

Stromal cells and the extracellular matrix (ECM) can promote neoplastic proliferation and inhibit apoptosis mechanisms. In turn, cancer cells can influence TME activity (15, 16 Indeed, the latter is not constitutionally a protumoral environment, but surrounding conditions may transform an immune TME into a immune suppressive status and viceversa (17). In testis, microenvironment has an critical role during both developmental process and neoplastic transformation (18). The testis structure is divided into seminiferous tubules and interstitium. The testicular interstitial zone is composed of fibrocytes, androgen-producing Leydig cells, and immune cells, including lymphocytes, macrophages, mastocytes, natural killer, and dendritic cells (19–21).

Testis represents an immunologically privileged organ in mammals, because of its immune TME-mediate protection against autoimmune attack and its deficitary response to antigens. This “prerogative” is probably also involved in spermatogenesis and steroidogenesis mechanisms (22). In literature, spontaneous GCT regression cases are rarely reported, probably due to both the patient’s immune TME and the alteration in tumor vascularization (23). Moreover, GCT patients have been described to activate specific CD8+ and CD4+T cell-mediated immune responses against cancer/testis antigens. T cells are strongly present only in conjunction with the expression of these antigens, while they are much less numerous after treatment (24). However, it is currently unclear whether immunological privilege is implicated in GCT development (25). Several studies have been conducted in order to describe any difference in the immune response in case of GCT or GCT in situ: it has been reported that, comparing GCT with non-oncological testis diseases or in normal testis, T cells are ubiquitarious, whereas B cells and dendritic cells have been detected in GCT samples. Furthermore, pro-inflammatory cytokines, such as IL-6, IL-1β TNF-α), anti-inflammatory cytokines (TGF-β1), Th1-related cytokines (IFN-γ and IL-2), and chemokines (CXCL-13, CXCL-10, and CCL-5) were reported as strongly expressed only in GCTs (26). Notwithstanding, Hvarness et al. did not report any active immune surveillance in GCTs, with similar immune cell concentration in both GCT and normal testis samples (27). Recently, Skowron et al. analyzed the role of cross talk between GCT cells and TME, and demonstrated that this interaction stimulated the expression of ECM proteins, such as collagen I/IV and fibronectin, which in turn altered its structure, leading to a pro-tumoral TME. In those conditions, the researchers observed much more effective migration and adhesion properties in GCT cells as well as enhanced platinum resistance. The latter study suggests that targeting ECM (28) could become a novel therapeutic option, especially in relapsed GCT patients.



3 Prognostic biomarkers and potential new targets in GCTs

Among solid tumors, GCT represent an example of neoplasm without any significant mutational burden, as confirmed by The Cancer Genome Atlas (TCGA) (29). Several genome wide studies has been conducted in GCTs: in 4–31% of seminomas, and up to 14% of non-seminomas, driver mutations were detected in three genes (KRAS, NRAS and KIT) (30–33). Since their low incidence in GCT, a single universal mutation could not explain tumorigenesis in testis. So, it has been suggested a polygenic influence in GCT genesis and proliferation, involving an interaction among several susceptibility genes (up to 50 risk loci has been detected to date) (34). A recent study conducted in 137 GCT patients confirmed low mutation in the three known mutated genes (KIT, KRAS, and NRAS) and reported a frequency of 0.5 mutations per megabase (29). Similarly, to testicular GCTs, primary mediastinal GCTs also have low mutational burden, present mutations in RAS pathways, and since they are exclusively non-seminomatous tumors, KIT mutations are rare. However, unlike testicular GCTs, primary mediastinal tumors exhibit a higher percentage of p53 mutations (35).

GCT subtypes represent the developmental steps from embryonic stem cells toward more differentiated cells to somatic tissues. The mapping of GCT DNA-methylation status (methylome) clearly correlates with the state of differentiation in the GCT histotypes: Seminomas are typically unmethylated or severely hypomethylated tumors, Embryonal carcinomas demonstrate low to intermediate levels of global DNA methylation; well-differentiated yolk sac tumors and teratomas show high levels of DNA methylation (36). Therefore, this histological variability correlates both with the tumoral epigenetic heterogeneity, and with the epigenetic landscape of healthy tissues: in fact, hypermethylated pattern has been reported in differentiated somatic cells as well (37–39). Non-CpG methylation, acetylation, and methylation of histones are also involved in GCT development, but they are scarcely understood to date, instead of the microRNA (miR) signaling, which improved our knowledge about GCT molecular biology. The overexpression of pluripotency markers such as NANOG, OCT3/4 or a tissue stem cell factor KIT and its ligand are correlated with the unique GCT germline origin (40–42). Indeed, their expression has been linked to epigenetic regulation with both DNA methylation and histone acetylation (43–46).

In GCT, carcinoembryonic antigen claudin 6 (CLDN6), a tight junction associated membrane protein may represent an ideal chimeric antigen receptor (CAR) antigen because of its extracellular loop that can be targeted by T cells; moreover, it is silenced during organogenesis, thus is not expressed in healthy cells but only in various cancer cells, including GCT: indeed CLDN6 is expressed in approximately 93% of GCT (47).



4 Immune-related biomarkers in GCTs

Since the first new checkpoint inhibitors were approved in the oncology field, researchers have simultaneously begun to evaluate new immunological markers in different tumor histologies, including GCTs. Among these novel immune-related biomarkers, programmed-death receptor axis, including (i.e. PD-1 and its ligand PD-L1) was tested in GCT also; one immunohistochemistry study conducted by Fankhauser et al. confirmed its activation: indeed, a frequent PD-L1 expression in 479 GCT tissue samples was reported, regardless of the histological subtype (73% of seminoma and 64% of non-seminoma patients, respectively) (48). Analyzing data from TCGA database, a surrogate signature of “T-cell inflamed genes” was demonstrated in 47% GCT samples (49). Lobo et al. analyzed both CTLA4 and PD-L1 expression in GCTs: albeit they found high rates of CTLA-4 and PD-L1 expression in GCTs (96.3% and 85.5%, respectively), no significant correlations were demonstrated either between CTLA-4 expression and the GCT characteristics, such as IGCCCG grouping, rete testis or lymphovascular invasion, staging, nor between CTLA-4 intensity and recurrence-free survival (RFS) (p = 0.934). Instead, they demonstrated a PD-L1 expression in 24.9% of samples, with no significant differences between seminomas and non-seminomas, although PD-L1 resulted more frequent in choriocarcinomas than in teratomas. Curiously, they did not found any differences in terms of RFS among PD-1 positive and negative cases (50).

Another study applied a multiplicative quick score to evaluate PD-L1 expression in a semi-quantitative manner, demonstrating a correlation between scores and clinical outcome: in fact, significantly better PFS (HR=0.40; P =0.008) and OS (HR=0.43; P =0.040) were reported in GCT patients low PD-L1 expression levels (51). The predictive role of PD-L1 expression was also confirmed by Chovanec et al. The authors evaluated PD-L1 expression on tumor infiltrating lymphocytes (TIL) – whose prognostic role was previously demonstrated by Bols et al. (52) – and demonstrated that high PD-L1 expression on TIL was correlated with a significantly better prognosis than cases with lower levels (53). The same correlation was reported by Boldrini et al. (54) in the development of childhood malignant extracranial GCTs. Cheng et al. reported that PD-L1–positive TILs are detected in 85,9% of seminomas, 91% of embryonal carcinomas, 60% of yolk sac tumors 54,5% of choriocarcinomas, and 35.7% of teratomas (55). Shah et al. detected T-cell–inflamed TME, which is inversely correlated with AFP levels, more frequently in seminomas than in other GCT (49). Analyzing immune cells other than lymphocytes, similar differences in PD1 expression between seminomas and non-seminomas has been highlighted by other studies. Sadigh et al. detected PD-L1+ tumor-associated macrophages (TAM) rather in seminomas than non seminomas (56). Analyzing 22 types of immune TME, Song et al. demonstrated high expression of CD8+ T-cells, macrophages, and dendritic cells in GCTs compared with normal samples (57). Siska et al. reported an activated CD3+ T-cell infiltration, PD-L1 hyperexpression, and implemented PD-1/PD-L1 spatial interaction in seminomas; this characteristics were correlated with the better prognosis of this histotype, whereas high macrophage and neutrophil gene signatures were more frequently shown in nonseminomas. In both cases, decreased T-cell and NK-cell signatures,and elevated Treg, neutrophil, mast cell, and macrophage signatures were reported in advanced stage of GCTs (58).

More recently, in a Polish study conducted in a 180 GCT patient cohort,a correlation among 1) lower expression of immune checkpoint proteins V-domain Ig suppressor of T cell activation (VISTA) and PD-L1 on TME, 2) elevated inflammatory marker platelet-to-lymphocyte ratio and 3) higher risk of events was reported, suggesting an involvement of both local and systemic anti-tumor immune response in GCTs (59).

In spite of this, PD-L1 expression level does not seem to be predictive of response to immune-checkpoint inhibitors. This uncertainty in PD-L1 predicting response is quite common in several tumors. In fact, using PD-1/PD-L1 inhibitors, a significant response was more often reported in cases with PD-L1 expression, but some responses in PD-L1 negative tumors were described as well (60). To date, in GCT patients, PD-L1 expression in tumor and TIL correlates with an abundant immunogenic microenvironment but not with immunotherapy response. Perhaps, this incongruence could be only due to our incomplete knowledge on immune machinery.

A comprehensive molecular characterization conducted by Shen et al. did not demonstrated a significant neoantigen signal in GCT, so the disappointing results of immune check-point inhibitors in GCT could be partly due to very low mutational burden (29).

Two other studies evaluated the role of a systemic-immune infiltration index (SII), a marker of proinflammatory microenvironment, which is obtained from total neutrophils count, lymphocytes, and platelets. The first one evaluated several markers (i.e., low albumin and hemoglobin, high leukocytes, neutrophils, CRP, neutrophils to lymphocyte ratio, and SII) and demonstrated their correlation with poor prognosis in GCT (61). The second study confirmed a correlation between higher SII levels and poor prognosis in two independent GCT patient cohorts. The authors also evaluated the combined prognostic value of SII and PD-L1 expression on TIL, and reported a better prognosis in cases with low SII and high PD-L1 on TIL (62). Both the research group demonstrated the prognostic significance of SII regardless of the standard IGCCCG risk criteria (61, 62). Recently, these results were confirmed by Ribnikar et al. (63). Interestingly, poor prognosis in cases with high SII levels could be the prove that proinflammatory mechanisms stimulated by an aggressive tumor microenvironment represent the effect of an unsuccessful fight of the human immune system against the tumor progression (36). More recently, another study confirmed the prognostic role of SII in GCTs treated with high-dose chemotherapy (64).

Regarding other TME elements, Tumor Associated Fibroblasts (TAFs) have been shown to stimulate proliferation and metastasis in several tumor types (65–68). Indeed, TAFs secrete several soluble factors, which promote ECM to produce further soluble factors, including VEGF, HGF, TGFb, IL6, CXCL12, and CCL2 (69), which are involved in tumor proliferation. Moreover, GCT cells shown a significant miR-125b expression, which stimulates secretion of tumor-derived chemokines, such as CSF1 and CX3CL1, which in turn increase TAM recruitment (70). Other soluble factors, in particular IL-8, can lead to an increase in NF-kB and ABCB1, which are responsible of reduced Cisplatin sensitivity: this mechanism, described in gastric cancer cells, could be applicable to GCTs as well (71). It is therefore interesting to note that precisely the destruction of tumor cells mediated by platinum-based chemotherapy could at the same time stimulate the secretion of protumoral factors in the tumor stroma (72).

Another study evaluated the prognostic role of proinflammatory cytokines, like as IFN-α2, IL-2Rα, or IL-16, demonstrating their correlation with high risk clinical characteristics and poor survival in GCT (73). Another interesting cytokine is IL13RA2, strongly expressed in normal testicular cells and currently studied as a potential CAR target against other tumor types, such as glioblastoma multiforme (74).

Moreover, some researchers evaluated the prognostic role of β-1,4-galactosyl transferase-I (B4GALT1) in GCT. BAGALT1 is an enzyme involved in interaction and adhesion of immune cells; its role in disease control in stage I non-small cell lung cancer patients was reported by Lu et al. (75). Nilius et al. demonstrated that high B4GALT1 expression in peripheral T cells represents a marker of lower risk of relapse in GCT patients underwent salvage high-dose chemotherapy and peripheral stem cell transplant. The authors suggest that activated peripheral T cells may be crucial in cancer control. In fact, lectin stimulation of mononuclear cells with Concanavalin A determined a B4GALT1 upregulation from CD4+ T cells, which was correlated with IL-10 hyperexpression. The latter was in turn correlated with better outcome in GCT patients (76).

Hinsch et al. evaluated the immunohistochemic expression of T Cell immunoreceptor with Ig and ITIM domains (TIGIT) in 78 seminoma samples, and reported frequent expression of this immune checkpoint receptor, albeit with high variability in the relative prevalence of TIGIT+ and PD-1+ cells (77).

Two other promising therapeutic targets in immunotherapy are T-cell immunoglobulin and mucin domain-3 (TIM-3) and lymphocyte activation gene-3 (LAG-3): the first one is involved in T-cell exhaustion, which in turn could determine a failure of PD-1 monotherapy blockade or adaptive resistance to anti-PD-1 agents (78, 79). The second one is involved in immune homeostasis through an inhibition of T cell activation and cytokine secretion. In addition, higher LAG3 expression on TILs was correlated with higher PD-L1 expression (80). In spite of this, LAG3 and TIM3 expression in GCT cells were not higher than in nearby normal cells (81).

Recently, mismatch-repair (MMR) deficiency has been significantly related to PD-L1 expression, in different tumor types, including GCT (50). This deficiency makes the tumor more immune sensitive, and more prone to express higher levels of PD-L1. In GCTs, a correlation between MMR-deficiency, microsatellite instability (MSI) and platinum resistance was reported by Honecker et al. (82). More recently, the correlation between low MMR proteins expression and lower platinum sensitivity was confirmed in GCTs (83).



5 Immunotherapeutic approaches to GCT treatment

The potential immunotherapeutic strategy in GCT was investigated in several case reports and small patient cohorts (Figure 1).




Figure 1 | The different immunotherapeutic strategies tested against GCTs. Created with Biorender.




5.1 PD1/PD-L1 axis

Most of the studies testing immunotherapeutic strategies against GCTs are based on PD-L1 checkpoint inhibitors (84, 85).

One trial reported a 33% of tumor volume regression based on RECIST version 1.1 and a 49% regression based on immune-related response criteria in a small cohort of embryonal cell carcinoma underwent a single dose of anti-PD-1 immune therapy (49). Zschäbitz et al. evaluated a series of seven platinum-refractory GCTs underwent high-dose chemotherapy and stem cell transplantation, and subsequently treated with anti-PD1 Nivolumab or Pembrolizumab. Four of them experienced rapid tumor progression and died after single-dose of immunotherapeutic drug. Only one PR was shown in one of the other three enrolled patients, but they underwent concomitant etoposide (86). Chi et al. reported a durable (radiographic and beta-HCG) response to Nivolumab in a pretreated poor risk metastatic choriocarcinoma (87). In another case report, one patient with choriocarinoma was treated with Pembrolizumab, but he experienced a rapid PD, thus immunotherapy was prematurely stopped (88). A phase II, single-arm trial (NCT02499952) tested anti-PD1 Pembrolizumab in 12 platinum-refractory GCT patients, enrolled regardless of PD-L1 expression. No OR was reported, with only SD in two patients for approximately 7 months and 5 months, respectively (89). Another phase II clinical trial (NCT02721732) was conducted in a small cohort of 12 GCT patients (10 men, 2 women) treated with Pembrolizumab. The drug was well tolerated. A SD was reported in 3 patients, but no OR was shown. The median PFS was 2.4 months and the median OS was 10.6 months (90).

Overall, these studies demonstrated a very limited antitumor activity of anti-PD-1 inhibitor monotherapy in GCTs (Table 1). Other researchers tested anti-PD-L1 inhibitors.


Table 1 | Trials presenting anti-PD-1 inhibitor in GCTs.



A phase II clinical trial tested the PD-L1 inhibitor Avelumab in eight patients with relapsed/refractory GCT. Avelumab was well tolerated but with a limited activity in this small patient cohort (91). In another open label, phase II clinical trial, the PD-L1 inhibitor Durvalumab, alone or in combination with the anti-CTLA4 inhibitor Tremelimumab, was administered in a cohort of 22 GCT patients (11 underwent Durvalumab alone and 11 combination of both treatments). However, 72.7% of patient cohort treated with Durvalumab monotherapy experienced rapid PD, thus that arm was prematurely closed. One case of PR and one of SD was reported in the combination arm. PD-L1 expression was not correlated with tumor response (92).



5.2 Brentuximab vedotin

The poor results obtained with anti-PD1/PD-L1 inhibitors prompted researchers to focus on new immunological targets, for example on conjugated antibodies, such as brentuximab vedotin. This is an anti-CD30 antibody conjugate comprising a chimeric antibody bound to cell-surface antigen CD30 covalently conjugated to the cytotoxic antitubulin agent monomethylauristatin E. In a phase II study (NCT01461538), the researchers enrolled seven relapsed/refractory CD30-positive GCT patients, which underwent brentuximab-vedotin every 3 weeks. The authors reported two OR an one CR, which persisted for more than 4 years after four treatment cycles. In the other patient, a PR was demonstrated after 2 cycles, but after the fourth one, this patient experienced a rapid PD (93). In another study, Brentuximab Vedotin was administered in a cohort of 24 CD30-positive GCT patients. Eleven of them experienced a serum tumor markers reduction, whereas 11.1% of them reported a 3-month PFS and 85.7% of them 6-month OS. In a case report, a combination of Brentuximab Vedotin and Pembrolizumab in a highly pretreated patients with GCT led to a CR but at the cost of severe toxicities (grade 3 immune-mediated hepatitis, grade 3 polyneuropathy) (94).



5.3 CAR-T in GCTs

CAR-T cells are genetically engineered T cells, which display antigen-specific receptors on its external cell membrane. They are composed of four domains: (1) on the external extremity, a single-chain antibody fragment (scFV) also known as the antigen-binding domain; (2) a hinge region, which links scFV with the (3) transmembrane region; and (4) an intracellular region, which comprises the signal transduction part of the TCR, linked with one or two costimulatory domains (95).

Compared to other types of immunotherapy, CARs provide the following advantages: first of all, the immune mechanism of action depends on a surface–antigen interaction. Thus it is not MHC restricted, and that allows to use CAR-T cell strategy also in tumors without significant MHC expression (96). Moreover, The low antigen affinity in TCRs can determine off-target toxicities (97). In addition, CAR-T cells also provide T-cell lytic property (98).

To date, compared with haematological neoplasms, the road to using CAR-T cell therapy approach in solid tumors is much more complex; this is due to various problems, the most important being intra-tumor heterogeneity and TME-mediated protumoral activity (99). Indeed, no CAR-T cell therapy is approved in solid tumors.

Recently, four early-phase studies presented at ESMO Congress 2022 could represent a step forward in the development of CAR-T cell therapy into solid tumors (Table 2). Different approaches were tested: in two studies CAR-T cell therapies (100, 101) were used, a vaccine-targeted therapy in a third trial (102) and a T-cell receptor T-cell therapy in the fourth one (103), respectively. Among them, only one enrolled GCT patients (100).


Table 2 | Ongoing clinical trials with adaptive cell therapies on solid tumors presented at ESMO 2022.



BNT211-01 trial is a phase I first-in-human trial which tested BNT211, i.e. a CAR-T cell targeting CLDN6 both as monotherapy and in combination with a CLDN6-encoding CAR-T cell-amplifying RNA vaccine (CARVac) in patients with CLDN6-positive relapsed/refractory solid tumors (100). Twenty-two patients with GCT (n=13), ovarian (n=4), endometrial (n=1), fallopian tube (n=1), gastric cancer (n=1), sarcoma (n=1), and unknown primary (n=1) underwent CAR-T cell therapy at two different dose levels. 1 complete response (CR), 6 partial response (PR), 7 stable disease (SD) and 5 progressive disease (PD) were reported, with an overall response rate (ORR) of 33% (7/21) and a disease control rate (DCR) of 67% (14/21). Even more encouraging responses were observed in GCT cohort, with an ORR of 57% and a DCR of 85% (1 CR, 3 PR, 2 SD). A CR, in terms of both negative PET-CT scan and tumor markers was reported. Moreover, an abundant persistence of CAR-T cells was observed for >100 days, and in some cases for >200 days. Two patients had dose-limiting toxicities, including pancytopenia after lymphodepletion for the CAR T-cell monotherapy cohort, and hemophagocytic lymphohistiocytosis for the combination cohort, respectively. To date, the generation of CLDN6-based CAR-T cells has been switched to an automated process and dose escalation is ongoing (100).




6 Conclusion

In solid tumors, currently the most common immunotherapy is immune checkpoint blockade, which maintain the activity of T cells through the linkage with CTLA4 or PD1/PD-L1 molecules (104). The clinical response to these antibodies is generally more significant in tumors that carry a high mutational burden, albeit the response varies among single cases (105). CAR T-cell therapy is a novel fascinating strategy for non-responders to immune checkpoint inhibitors and for less immunogenic neoplasms, and demonstrated sensational results in some hematological tumors (106, 107). Curiously, in GCTs the current situation is the opposite: indeed, studies testing immune checkpoint inhibitors have led to disappointing findings, whereas CAR-T cell therapy showed promising results in a cohort of 13 GCT patients. This guarantees further investigation with a larger sample size. Should the role of CAR-T cell therapy in GCTs be confirmed, this would represent a significant step forward in this category of patients who are so young, for whom only chemotherapy is currently approved. Furthermore, young age should represent an element in favor of good tolerance to treatment, regardless of any known side effects related to CAR-T cell therapy (95). Furthermore, a better understanding of the mechanisms of activation of the immune system, including epigenetic influence in immune checkpoint expression (108), could also lead to a reconsideration of therapy with immune checkpoint inhibitors against GCTs.
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Background

Prostate cancer (PCa) is an age-associated malignancy with high morbidity and mortality rate, posing a severe threat to public health. Cellular senescence, a specialized cell cycle arrest form, results in the secretion of various inflammatory mediators. In recent studies, senescence has shown an essential role in tumorigenesis and tumor development, yet the extensive effects of senescence in PCa have not been systematically investigated. Here, we aimed to develop a feasible senescence-associated prognosis model for early identification and appropriate management in patients with PCa.



Method

The RNA sequence results and clinical information available from The Cancer Genome Atlas (TCGA) and a list of experimentally validated senescence-related genes (SRGs) from the CellAge database were first obtained. Then, a senescence-risk signature related with prognosis was constructed using univariate Cox and LASSO regression analysis. We calculated the risk score of each patient and divided them into high-risk and low-risk groups in terms of the median value. Furthermore, two datasets (GSE70770 and GSE46602) were used to assess the effects of the risk model. A nomogram was built by integrating the risk score and clinical characteristics, which was further verified using ROC curves and calibrations. Finally, we compared the differences in the tumor microenvironment (TME) landscape, drug susceptibility, and the functional enrichment among the different risk groups.



Results

We established a unique prognostic signature in PCa patients based on eight SRGs, including CENPA, ADCK5, FOXM1, TFAP4, MAPK, LGALS3, BAG3, and NOX4, and validated well prognosis-predictive power in independent datasets. The risk model was associated with age and TNM staging, and the calibration chart presented a high consistency in nomogram prediction. Additionally, the prognostic signature could serve as an independent prediction factor due to its high accuracy. Notably, we found that the risk score was positively associated with tumor mutation burden (TMB) and immune checkpoint, whereas negatively correlated with tumor immune dysfunction and exclusion (TIDE), suggesting that these patients with risk scores were more sensitive to immunotherapy. Drug susceptibility analysis revealed differences in the responses to general drugs (docetaxel, cyclophosphamide, 5-Fluorouracil, cisplatin, paclitaxel, and vincristine) were yielded between the two risk groups.



Conclusion

Identifying the SRG-score signature may become a promising method for predicting the prognosis of patients with PCa and tailoring appropriate treatment strategies.
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Introduction

Prostate cancer (PCa) is a highly prevalent malignancy in men worldwide, and its incidence still exhibits a steady growth because of the popularity of serum prostate-specific antigen (PSA) screening (1). Although conventional PSA test contributes to early intervention before metastasis, overdiagnosis, and overtreatment are inevitable in therapy due to its poor specificity. Clinicians may perform unnecessary biopsies or immoderate over-treatment of low-risk PCa patients. Radical prostatectomy (RP) and radiotherapy are considered standard clinical management strategies for patients with localized prostate neoplasm. Unsatisfactorily, about one-third of patients still encounter biochemical recurrence (BCR) during follow-up, indicating a risk of underlying clinical metastases and poor prognosis (2, 3). Given the high dependency of PCa cells on androgen for proliferation and survival, androgen deprivation therapy (ADT) is initially capable of providing oncological control and symptomatic improvement in most patients; however, these patients ultimately relapse and develop into advanced castration‐resistant prostate cancer (CRPC) within two years, and the five-year overall survival rate is not optimistic. As each biological biomarker has its own limitations, thus it is of great significance to explore reliable molecular markers and prognosis models that contribute to early diagnosis and inform decision-making in the era of precision medicine.

Aging is a gradual decline of an organism over time. Emerging evidence has demonstrated a subtle connection between PCa and aging phenotype, particularly cellular senescence characterized by a typically irreversible growth arrest and morphology alteration and senescence-associated secretory phenotype (SASP) (4). SASP mainly refers to the secretion of various bioactive molecules, including pro-inflammatory cytokines, growth factors, and metalloproteases. During the aging process, cellular senescence is triggered by multiple intrinsically and extrinsically detrimental stresses, such as oxidative stress, DNA damage, telomere shorting, and inappropriate activation of oncogenes (5). Interestingly, cellular senescence exhibits dual roles in the initiation and growth of tumors, which partially results in intratumor heterogeneity to a certain extent (6). In the past decades, senescence was defined as an adaptive response of cells against unfavorable conditions. In the context of cancer, senescence-mediated life stagnation is a critical intrinsic mechanism of antitumor defense since (pre)neoplastic cells can be prevented from proliferation and progression (7). This concept has recently been queried by conflicting evidence showing that non-malignant and malignant cells with lastingly persistent senescence can acquire carcinogenic properties.

Indeed, senescent cells have been demonstrated to exist in the murine and human tumor microenvironment (8). Though mitotically inactive, senescent cells are metabolically active. They undergo chromosomal aberrations and generate a “fertile” microenvironment through SASP release, ultimately leading to their malignant transformation. Fibroblasts account for a large component within tissues, therefore the pro-tumoral senescent microenvironment remodeling is inextricably related to a shift in fibroblast behavior (9). The senescent fibroblasts significantly increased the number of immunosuppressive myeloid-derived suppressor cells (MDSCs) and Treg cells, mainly through IL-6 secretion, while averting PD-L1-mediated immunosuppression by releasing amphiregulin (10, 11). Regardless of their specific mechanisms, anticancer chemotherapeutics inevitably induced a senescent phenotype transformation in stromal fibroblasts and their paracrine secretion activity, sustaining the clonogenic and invasive potential of PCa cells (12). Remarkably, the alteration of inflammatory cytokines in senescent dendritic cells (DCs) and effector T cells was not sufficient to achieve immune-mediated clearance of tumor cells. Until now, the extent to which cellular senescence facilitates PCa is still clearly clarified.

Because of the tumor heterogeneity, a thorough understanding of senescence could provide valuable insights into tumor formation and progression. In the study, we explored the expression patterns of cellular senescence-related genes (SRGs) and developed a prognosis-predictive signature based on eight SRGs (CENPA, ADCK5, FOXM1, TFAP4, MAPK, LGALS3, BAG3, and NOX4) using bioinformatic technology. Additionally, a practical senescence-risk algorithm was built to proceed with quantitative risk stratification of patients with PCa. Our study demonstrated that the prognosis of patients with different risk scores was discrepant, and revealed the relationship between the senescence-risk score and clinicopathologic characteristics, as well as the immune microenvironment. It also correlated with TMB, TIDE, and chemotherapeutic sensitivity. Thus, this research would provide valuable biomarkers for PCa diagnosis and monitoring and aid in determining the best patient-specific course of treatment.



Methods


Data source

The RNA-seq results and corresponding clinical characteristics in PCa samples were obtained from The Cancer Genome Atlas (TCGA) database and Gene Expression Omnibus (GEO) database. The profiles of SRGs (Table S1) were extracted from the CellAge Data Portal. Notably, GSE70770 and GSE46602 were employed as external validation datasets.



Defining differentially expressed SRGs

Gene expression patterns were log2 transformed using the “edgeR” package, then the differentially expressed genes (DEGs) in normal prostate tissues and PCa tissues were obtained by the R package “limma”. Notably, the filter thresholds were set as follows: |log2 (FC)| > 1 and the false discovery rate (FDR)< 0.05. Volcano Plot and heatmap were conducted with the “pheatmap” R package for visualizing the gene expression differences. Finally, we performed an intersection of SRGs and DEGs and acquired a group of differentially expressed SRGs for further analysis. Following this, we performed univariate Cox regression to screen SRGs with prognostic value. Differential expression SRGs with univariate Cox regression p< 0.05 were regarded as essential SRGs in PCa. Interested in whether protein level expression of these essential SRGs is stable. We systematically investigated the mutation atlas and co-mutation status of these essential SRGs in PCa.



Construction and evaluation of the prognostic model

Having identified essential SRGs associated with prognosis. Then, we used the least absolute shrinkage and selection operator (LASSO) regression to achieve the final elimination of potential indicators with nonzero coefficients (13). The risk model was eventually established based on the standardized expression levels of these screened variables weighted by their coefficients derived from the LASSO regression analysis. The risk score was calculated using the following formula:

	

Here, k and X represent their relative expression levels and regression coefficients. To avoid extreme values and equally reflect on the senescence degrees, we divided patients into high- and low-risk subgroups with the cut-off of the median risk value. A TCGA-PCa internal cohort and two GEO external cohorts (GSE70770 and GSE46602) were applied to check the validity of the predictive model. We investigated the relevance of risk scores to clinical variables by wilcoxon test, and respectively estimated their independent prognostic values through the univariate/multivariate Cox regression. ROC curves were plotted to evaluate the predictive performance of different clinical pathological characteristics. We developed a nomogram for predicting non-BCR probability on account of the risk score and other clinical factors, which was further evaluated by calibration curves.



Analysis of immune landscapes

The tumor mutational burden (TMB) data were calculated from the TCGA_PRAD cohort. The association between risk score and TMB was then analyzed. We also compared the differences in frequencies of the top mutant 20 genes in the two senescence-risk groups. The Kaplan-Meier (KM) method was applied to compare the differences in BCR-free survival between patients with multiple modes of risk and TMB. We estimated the relative abundance of immune and stromal cells of each patient from the TCGA database by applying different algorithms (TIMER, CIBERSORT, QUANTISEQ, CIBERSORT-ABS, MCPCOUNTER, XCELL, and EPIC). In addition, correlation coefficients were calculated to determine the relationship between risk score and infiltrated immune cells. Moreover, we explored the expression levels of a panel of essential immune checkpoint targets in high- and low-risk groups. The tumor immune dysfunction and exclusion (TIDE) score was employed to reflect the immune evasion of tumor cells and their response to immune checkpoint inhibitors (ICIs). An association analysis between risk score and TIDE value was performed, and the differences in TIDE value among the two subgroups were examined using the Wilcoxon test.



Drug sensitivity prediction

The ProPhetic algorithm was used to predict the response to common therapeutic agents, and the half maximal inhibitory concentration (IC50) was then compared to investigate the drug sensitivity to conventional chemotherapy among high- and low-risk patients through “pRRophetic” R package.



Gene set enrichment analysis (GSEA) and gene set variation analysis (GSVA)

The Gene Ontology (GO) and Kyoto Encyclopedia of Genes and Genome (KEGG) analyses were carried out on the screened candidate genes using the “ClusterProfiler” R package, and corresponding GSVA analysis were carried out by R package “GSVA” to determine whether the risk score was correlated with the senescence levels in PCa patients.



Protein expression patterns verification of modeling genes

From the Human Protein Atlas (HPA) database (https://www.proteinatlas.org/), the immunohistochemical results of the final genes enrolled in the predictive model were further obtained to support their differential expression status between PCa and normal tissue in protein level.




Results


Screening of differentially expressed prognostic SRGs

A total of 663 PCa patients obtained from 3 independent cohorts were included in this study, and their basic characteristics were summarized in Table 1. Firstly, to systematically delineate the impact of senescence in prostate tumors, we first extracted the SRGs from the CellAge database and compared their expression in tumor tissues versus adjacent tissues from the TCGA database. With a cut-off |log2FC|>1 and FDR<0.05, the profiles of differentially expressed SRGs were displayed in volcano and heatmap plots (Figures 1A, B), which revealed 40 down-regulated genes and 31 up-regulated genes (Table S2). Of these, 13 risky genes (hazard ratio, HR > 1) and 3 protective genes were finally sorted out as biochemical recurrence (BCR)-associated factors through univariate Cox regression analyses, as illustrated in Figure 1C. Furthermore, the mutation probability of these 16 genes was only 1.03% in 484 prostate tumor samples, yet several genes could be mutated simultaneously (Figures 1D, E). These findings demonstrated that the functions of preliminarily selected SRGs were highly stable and connected.


Table 1 | The basic characteristics of patients included in the three cohorts.






Figure 1 | Identification of 16 vital differentially expressed SRGs in PRAD. (A) Volcano map of differentially expressed SRGs. (B) Heatmap of differentially expressed SRGs. (C) Forest plot displayed 16 prognosis-associated genes identified by univariate Cox regression. (D) The mutation atlas of these essential SRGs. (E) Co-mutation status of these essential SRGs.





Construction of prognostic model

Thereafter, LASSO regression analysis and tenfold cross-validation was performed to identify more meaningful variables for the senescence-risk signature associated with BCR. The LASSO coefficient profiles were generated against the log(k) sequence and the optimal parameter (Figures 2A, B). We eventually determined 8 hub genes and their regression coefficients in the prognostic risk model (Table 2). Figure S1A showed that they closely interacted with each other.




Figure 2 | Construction of the prognostic model. (A, B) Results of LASSO regression analysis. (C) Scatter plot of BCR status of each patient in the TCGA cohort. (D) Kaplan-Meier BCR curves between high- and low-risk groups. (E-G) Correlation of clinical features (Age, T staging and N staging) with risk score. (H, I) Forest plots showed the association between clinicopathological features (including risk score) and prognosis through univariate and multivariate Cox regression analysis. (J) ROC curves of prognostic factors.




Table 2 | The senescence effects of corresponding coefficients of 8 hub genes in this risk model.



We calculated the risk score of each sample from the TCGA-PRAR cohort according to the formula mentioned above, and then separated all patients into high-risk (n=212) and low-risk (n=212) subgroups with the median value of 3.75 (Figure S1B). As shown in Figures 2C, D, patients with high-senescence scores were more likely to develop BCR in the advanced stage when compared to those in the low group. In addition, the high-risk and low-risk clusters could be distinguished and visualized in the PCA plot according to the risk score model, whereas it was impossible to separate the two subsets using all SRGs (Figures S1C, D).

Figure S1E depicted the relationship of the expression of 8 candidate genes with clinical attributes, including T staging, N staging, and age. There were statistical differences in the senescence risk score among age ((≤65 and >65), T-staging (T2, T3, T4), and N-staging (N0, N1), as elucidated in Figures 2E–G. The risk score raised as the pathological staging increased, which might represent a worse clinical outcome. Next, univariate and multivariate Cox regression analysis were applied to explore the prognosis-predictive value of risk score and above clinical parameters. As presented in Figures 2H, I, both T staging and risk score were independent prognostic indicators for PCa. The ROC curve demonstrated that the predictive model exhibited high sensitivity and specificity, with an area under the curve (AUC) value of 0.715 (Figure 2J). Therefore, we speculated that the senescence-risk signature was acceptable.



Validation of the risk score in the test set

To further verify this prognostic index’s reliability, we selected two datasets (GSE70770 and GSE46602) as validation tests. Based on the same cut-off value, patients in two cohorts were subdivided into high- and low- risk subsets, respectively (Figures S2A, B). There was a negative correlation between the risk score and BCR in PCa patients in the GSE70770 dataset. Nevertheless, no statistically significant difference in BCR was observed between the two groups in the GSE46602 dataset, which may be attributed to the small sample size (Figures S2C, D). We respectively evaluated the BCR-free survival status of each sample in the two cohorts and obtained a similar yield described before (Figures 3A, B).




Figure 3 | Validation of the risk model (A, B) Kaplan-Meier curves of patients in two risk groups. (C) Meta-analysis of three cohorts. (D) Nomogram was constructed based on Age, risk score and T staging. (E) Calibration curves of 1-. 3- and 5- year BCR-free survival.



Next, we combined all patients from the three cohorts and implemented a meta-analysis (Figure 3C). The result indicated that the 8-gene prognostic model was in good validity (HR = 3.40, 95% CI = 1.45–8.01, P = 0.03). Integrating the risk score and two clinical parameters (age and T-staging), we plotted a quantitative algorithm that predicted the percent weight of BCR status in PCa patients (Figure 3D). Herein, we randomly plugged a patient into the prognostic nomogram and calculated his non-BCR probability as 0.969, 0.881 and 0.839 at 1, 3 and 5 years, respectively. We established corresponding calibration curves, which showed an excellent consistency between predicted and actual BCR probabilities at 1, 3 and 5 years (Figure 3E). Clearly, these findings demonstrated that the nomogram had robust prognostic accuracy.



Tumor mutation burden analysis

Considering that genetic alterations involved oncogenesis and tumor progression, we drew the mutation spectrum of patients with low-risk and high-risk scores from the TCGA database, respectively (Figures 4A, B). Somatic variants analysis displayed the top twenty mutated genes, including SPOP, TP53, and PTEN, consistent with the previously reported conclusions. Among of them, the mutation frequency of the well-known TP53 remarkably increased from 4% to 15%, accompanied by the 2-fold proportion of PTEN mutation in the high-risk group. A significant positive correlation also existed between TMB and the risk score, as illustrated in Figures 4C, D. The BCR curve manifested that both TMB and high-risk scores contributed to worse clinical outcomes of PCa (Figures 4E, F), which was in line with our expectations.




Figure 4 | Tumor mutation burden (TMB) analysis. (A, B) Mutation spectrum in top 20 genes of high- and low-risk patients. (C) Comparation of TMB between the two risk groups. (D) Correlation of TMB with risk scores. (E) BCR-free survival analysis for high- and low-risk patients. (F) BCR-free survival analysis for four groups with different patterns with TMB and risk scores. .





Immune microenvironment analysis

We next assessed the relationship between 8 SRGs as well as senescence scores and senescence-associated secretory phenotype (SASP) activity (Figure 5A). Patients with the immune-inflammatory subtype (C3) were considered to have a favorable prognosis (Figure 5B), whereas the risk score was negatively associated with the C3 immune subtype. Next, we explored the relationship between the risk score with immune checkpoints (ICPs) to predict immunotherapy benefits. As shown in Figures 5C, D, the expression levels of most ICPs, such as CTLA4, CD86, and NRP1, were significantly up-regulated in the high-risk group, and exhibited a positive correlation with the risk score. Next, we employed the seven algorithms to analyze immune microenvironment characteristics (Figures 5E, F). We noticed that the risk score could evaluate the distribution differences of immune cell subsets in the prostate tumor tissue. Specifically, the ratio of CD4+ and CD8+ T cells decreased significantly in high-risk patients, yet with an apparent increase in M2 macrophages, T-cell regulatory (Tregs), and other harmful immune cells.




Figure 5 | Immune Microenvironment Analysis. (A) Correlation of SASP with 8 SRGs as well as risk score As. (B) Relationship between risk score and immune subtype. (C) Association between immune checkpoints and 8 SRGs. (D) The expression levels of immune checkpoints in high- and low-risk patients. (E) The distribution alteration of immune-related cells between the two risk groups. (F) Correlation of risk scores and immune cell infiltration. (G) Comparison of TIDE between high- and low-risk groups. **p < 0.01; ***p < 0.001.



To determine the best patient-personalized management in the clinical setting, we compared the differences in sensitivity toward chemotherapeutic agents between the two clusters. The TIDE score was applied to assess immunotherapy efficiency, where a lower TIDE value meant a better response to immunotherapy. Patients universally acquired lower TIDE scores in the high-risk group, representing their more sensitivity to immunotherapy (Figure 5G).



The interaction of risk score and chemotherapy sensitivity

IC50 referred to the half inhibitory concentration, indicating that the lower the IC50, the more sensitive patients were to therapeutic agents. From the boxplots, we observed that patients with high-risk scores exhibited stronger sensitivity toward most chemotherapeutic drugs, including docetaxel, cyclophosphamide, 5-Fluorouracil, cisplatin, paclitaxel, and vincristine (Figures 6A–F). Altogether, these results hint that the combination of ADT and these drugs could improve the antitumor therapeutic potential for such patients with high-risk scores.




Figure 6 | Drug susceptibility analysis. The differences in the response to (A) docetaxel, (B) cyclophosphamide, (C) 5-Fluorouracil, (D) cisplatin, (E) paclitaxel, and (F) vincristine between high- and low-risk score patients.





Functional enrichment analysis

Gene set enrichment analysis (GSEA) was conducted to explore further the profiles of signaling pathway activation among two senescence-risk subgroups. As illustrated in Figures 7A, B, the enrichment of biological functions in the high-risk group was mainly manifested in the cell cycle, primary immunodeficiency, and the ribosome. In contrast, the top five KEGG pathways in low-risk patients were “arrhythmogenic right ventricular cardiomyopathy”, “cardiac muscle contraction”, “dilated cardiomyopathy”, “hypertrophic cardiomyopathy” and “tight junction”. Based on the GO enrichment analysis, we discovered that the biosignatures in the high-risk patients participated in the positive regulation of these functions, such as “complement activation”, “phagocytosis recognition” and “immunoglobulin complex”. On the contrary, the biological pathways of “muscle contraction” and “contractile fiber” were significantly activated in patients with low-risk scores (Figures 7C, D). Furthermore, we verified that risk scores were positively associated with “oncogene-induced senescence”, “telomere stress-induced senescence” and “cellular senescence”, whereas correlating negatively with “the positive regulation of cell aging” and “multicellular organism aging” (Figure 7E).




Figure 7 | GSEA and GSVA. (A, B) KEGG pathway enrichment analysis for high- and low risk groups. (C, D) GO functional enrichment analysis for high- and low risk groups. (E) GSVA in cell aging related pathways.





Immunohistochemical analysis

We analyzed the expression of hub genes in the senescence-risk signature using immunohistochemistry (IHC) staining. Compared to the normal tissue, the levels of CENPA, ADCK5, FOXM1, TFAP4, and MAPK were up-regulated in prostate tumor tissue, with a decrease in the expression of LGALS3 and BAG3 (Figures 8A–G).




Figure 8 | IHC staining of (A) BAG3, (B) LGALS3, (C) CENPA, (D) ADCK5, (E) FOXM1, (F) TFAP4, and (G) MAPK12 in normal tissues (left) and PCa tissues (right).






Discussion

The morbidity of PCa ranks first in urology, accounting for 56% of all urological cancers in 2020 (14). However, diagnosis and therapy against PCa still face enormous challenges on account of enormous inter-tumor heterogeneity regarding clinicopathological, molecular, and morphological characteristics. Therefore, we must tailor appropriate therapeutic strategies to avoid unnecessary treatment for low-grade tumors, while insuring accurate and rapid intervention in high-risk cases.

The role of senescence has attracted considerable attention in a variety of fields. The current perspective indicates that age is the most critical risk factor for prostate tumorigenesis. According to the Hayflick limit, most somatic cells divide naturally up to 40–60 times and eventually undergo cellular senescence, a state that imposes stable cell cycle arrest (15). As an essential biological behavior, senescence works like a safeguard to eliminate abnormal and dysfunctional cells, thereby maintaining the organism’s homeostasis. It has long been deemed as a key barrier against malignant transformation. Cellular senescence is also beneficially implicated in diverse physiological processes, including wound healing, embryogenesis, and inflammation (16). Although senescent cells are present throughout life, their number gradually increases with age.

However, there is increasing evidence that cellular senescence can also be regarded as a component of the tumor phenotype (17). Their excessive accumulation can lead to the commencement and development of age-related chronic illnesses, such as Alzheimer’s disease and tumor formation (18). There remain numerous reports of its adverse effects on the phenotype of the cell or organism. Senescent cells are usually flattened and form giant multinucleated cells (GMCs), where metabolic deregulation, chromatin rearrangement, and resistance to apoptotic stimuli occur (19). Currently, more evidence has linked the tumor progression with the senescent microenvironment, which is mainly attributed to the SASP expression. The SASP refers to a broad spectrum of pro-inflammatory mediators released by senescent cells, including chemokines, MMPs, and angiogenic factors, which remodel the cellular and surrounding environment and affect nearby cells in autocrine and paracrine patterns. SASP has been demonstrated to regulate epithelial-mesenchymal transition (EMT) of tumor cells, thereby increasing their invasiveness (20). In PCa, senescent tumors with PTEN-deficiency evade immune surveillance by intensively triggering immunosuppressive SASP related with recruitment of myeloid-derived suppressor cells (MDSCs) in tumor niche. Previous studies indicated that PCa cells underwent a transient growth arrest upon exposure to either charcoal-stripped serum (CSS) or antiandrogen bicalutamide. Intriguingly, senescent cell populations eventually escaped the growth cessation and turned into castrated-resistant tumors in castrated syngeneic mice. Mechanically, the emergence of CRPC was associated with the generation of androgen receptor splice variants (AR-Vs) mediated by senescence, which further identified senescence as a robust driver of PCa progression (21).

Quantifying the cellular senescence levels for better stratification is still a vital suspending question because of the lack of specific senescence-associated markers (16). In general, current detection means depend on IHC co-staining for several known biomarkers, for example, senescence-associated β-galactosidase activity (SA-β-Gal), p21, and p16INKA, to reduce the false positives (22). However, this experimental approach hardly guarantees simultaneous dyeing in certain situations. Additionally, capturing universal senescence features by analyzing transcriptional profiles of senescent cells is gaining increasing attention. However, a suitable tool of senescence quantification in PCa patients remain poorly characterized. Thus, it is urgently needed to develop a computational method of risk stratification for better management.

Nowadays, the revolutionary evolution of bioinformatics vastly facilitates the development of biomedicine, providing great advantages for studying the diagnosis, pathogenesis, and prognosis of diseases. Herein, we first acquired a group of senescence-related genes based on the CellAge database and sifted DEGs between PCa tissues and adjacent normal tissues from the TCGA database. Here, we identified 16 vital SRGs in PCa, eight of which were finally screened out to establish a risk senescence-regulator-gene prognostic model after employing univariate Cox and LASSO regression analyses. The accuracy of the predictive model was further validated using GSE70770 and GSE46602 databases. ROC curve results indicated that the risk model had strong predictive power with respect to BCR. Of note, tracing the clinical features of patients revealed that the high senescence-risk score closely correlated with TNM staging and an adverse outcome. AR signaling pathway was seemingly able to regulate senescence. Surprisingly, supraphysiological androgen levels (SALs) suppressed PCa growth in an AR-dependent manner by inducing cellular senescence, though physiologic levels of androgens boost growth (23). Mechanistically, SAL treatment resulted in an increased level of p16INK4A and p15INK4K, pRb hyperphosphorylation, and inhibition of E2F transcriptional activity (24). Non-genomic AR-AKT- p15INK4K signaling was also involved in androgen-mediated cellular senescence (25). Noteworthily, cellular senescence can be triggered by non-steroidal AR antagonists, such as enzalutamide and bicalutamide (26).

Additionally, we demonstrated the risk model as an independent prognosis-predictive indicator in PCa through performing multivariate Cox regression analysis. Based on the clinicopathological and risk score, we obtained a calibrated nomogram model that achieved a satisfactory validation of the predicted 1-, 3- and 5-year BCR times for PCa. The clinical benefit of immunotherapy varies dramatically among patients, and the response to immunotherapy largely hinges on immunomodulatory factors, such as immune checkpoints, immune cell infiltration, and TMB, which result in tumor heterogeneity (27). The TIDE score was integrated to evaluate the efficiency of immune checkpoint inhibitors (ICIs), and a higher TIDE score correlated with worse ICI response (28). However, high-risk patients exhibited a lower level of TIDE score and may be more sensitive to ICIs. In our signature, the risk score has a significantly positive correlation with TMB defined as the total number of mutations detected per million bases (29). TMB reflects the neoantigen number on the cell surface; therefore, these patients with high TMB levels were likely to respond to immunotherapy. To further determine the relationship between the senescence score and immune status in PCa, we compared the difference in filtration of tumor-associated immune cells among the two risk groups. Patients usually present with increased M2-like macrophage infiltration and decreased T lymphocytes in the high-risk group. The risk score negatively affected the C3 immune subtype that represented the best prognosis. The signature had the tremendous potential to predict drug response for PCa patients. Our study suggested that high-risk patients were more likely to show sensitivity to several conventional anti-PCa agents.

Among the eight essential genes from the signature, the following hub genes deserve to be discussed in depth. The mitogen-activated protein kinase (MAPK) pathway is one of the most extensively studied signaling pathways, and its hype-activation is generally involved in the pathogenesis of human diseases, particularly tumorigenesis (30). Over the past period, the mutations of various genes in this MAPK pathway have been identified, including Raf, Ras, and MEK. These mutational molecules constitutively activate the MAPK signaling to promote the progression of various malignancies. Consistent with other tumors, the MAPK signaling pathway is highly activated in PCa, and its activity is especially associated with androgen independence, therapeutic resistance, and poor prognosis (31). MAPK stabilized the GATA2 protein through suppressing GATA2 ubiquitination/degradation and enhanced its transcriptional expression for AR activation, which resulted in castration resistance (32). As such, MAPK-associated molecules have been regarded as therapeutic targets, and a few attempts have been made to explore the regulatory network of MAPK activation in PCa.

Reactive oxygen species (ROS), critical regulators of redox signaling, are implicated in diverse physiological and pathological processes (e.g., proliferation, metastasis, and differentiation). ROS are both by-products of intracellular metabolism and enzymatic products (33). The NADPH oxidase (NOX) family, a primary source of detectable ROS, contains seven members (Nox1-5 and Duox1-2), catalyze the electron transfer from the cytosolic donor NADPH across biological membranes to generate isoform-specific superoxide and hydrogen peroxide (H2O2). NOX4-ROS-mediated NF-kB stimulation and subsequent AR expression induced the survival of AR-positive PCa cells (34). Nox4 is unique in the NOX enzymatic family as it is constitutively active. It can mediate oxidative stress/DNA damage, resulting in cellular senescence in a subgroup of prostatic epithelial cells and secondary senescence-associated secretory response (35, 36). Notably, Nox4 induced the biological process of cellular senescence when highly expressed in mouse NIH3T3 fibroblasts in vitro (18/33). Recently, several studies showed a significant upregulation of Nox4 expression in PCa patients that experienced BCR following radical prostatectomy and in patients with decreased PCa-specific survival (37, 37).

FOXM1, as a crucial transcription factor, contributes to the phenotype of tumor cells by regulating downstream target genes. After inhibition of FOXM1 expression in PC-3 cells, the downregulated genes were mainly enriched in the DNA repair pathway, specifically in homologous recombination (HR). Additionally, we observed that FOXM1 was aberrantly overexpressed in various human malignancies according to TCGA databases and confirmed prognostic values of its regulatory network (20/44). FOXM1 levels are highly associated with the Gleason score (GS) and acquired resistance in advantage stage of PCa. siRNA-mediated FOXM1 suppression could re-sensitize resistant PCa cells to docetaxel-mediated apoptosis (38). A previous study indicated that FOXM1 could directly bind to PSA promoter/enhancer regions, regardless of the presence of androgen. Hence, FOXM1 may be considered as a novel androgen-independent molecule in CRPC. FOXM1 was also reported to drive the progression of prostate cancer subtype 1 (PCS1), the most aggressive and lethal PCa (39). CENPA is a histone H3-like protein that participates in centromeric nucleosome formation and is recognized as the shared gene between the FOXM1 pathway and PCS (40). Also, CENPA appears positively enriched in the WNT/β-Catenin signaling pathway and acts as the main regulon of Ki-67, a ubiquitous prognostic and proliferative marker widely employed in tumor histopathology (41)(22/22). Herein, we reported that CENPA was up-regulated in PCa tissues, and its overexpression correlated with adverse clinicopathological outcomes in a large cohort (42).

Previous studies revealed that TFAP4 acted as a rate-limiting regulator of adenoma initiation and promoted tumorigenic capability (43). TFAP4 presumably maintains tumor hallmarks by repressing or activating genes that contain CAGCTG elements in their promoter regions, thereby regulating biological processes such as proliferation, epithelial-mesenchymal transition (EMT), and metabolism (44). In prostate carcinoma, TFAP4 was strongly elevated and associated with lymph node metastasis and GS. MiR-22-3p is characterized as a senescence-related microRNA that exerts functions by directly targeting and suppressing SIRT1, CDK6, MDC1, and Sp1 (45, 46). However, TFAP4-deficient tumor cells displayed increased spontaneous DNA damage, chromosomal instability (CIN), and cellular senescence mediated by direct or indirect MiR-22-3p repression by AP4.

There were some limitations and deficiencies in this present study. First, eight hub genes were selected to construct the prognosis-predictive model, which may increase healthcare costs for each patient. Hence, our signature needs further improvement and simplification. Second, the treatment modalities (surgery, radiotherapy, and ADT) in patients were not taken into consideration, which may cause certain inaccuracy problems. Third, experiments in vivo and in vitro should be performed to understand the biological functions of the eight SRGs; meanwhile, the prognostic value of the signature needed to be further validated clinically.

In conclusion, we constructed and validated a practical senescence-risk algorithm based on eight SRGs, and the signature hopefully acted as a potential risk model for PCa-prognostic prediction. Additionally, the research discovered new information on the correlation relationship between the SRG-score with TMB, immune microenvironment, and drug sensitivity, which can provide vital insight for tailoring therapeutic choices for PCa patients.
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Supplementary Figure 1 | (A) Correlation among the 8 genes. (B) Risk scores of each patient in the TCGA cohort. (C, D) PCA based on 8 selected SRGs and all SRGs in high- and low-risk patients. (E) Relationship of clinical characteristics with the expression of genes enrolled in this signature.

Supplementary Figure 2 | (A, B) Distribution of risk score in the GSE70770 and GSE46602 test database. (C, D) BCR status of each patient in the two cohort.
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Purpose

The prognostic impact of cytoreductive nephrectomy (CN) for metastatic renal cell carcinoma (mRCC) in the era of immunotherapy is yet to be determined. The aim of our study is to evaluate the correlation between CN and outcomes in the setting of mRCC treated with immunotherapy.





Methods

We conducted a systematic search of the Science, PubMed, Web of Science, and Cochrane Library databases to identify relevant studies published in English up to December 2022. The results were presented as hazard ratio (HR) with 95% confidence intervals (CIs) for overall survival (OS) was extracted to assess their relevance. The study was registered with PROSPERO (CRD42022383026).





Results

A total of 2397 patients were included in eight studies. The CN group was observed to be correlated with superior OS compared to the No CN group (HR = 0.53, 95% CI 0.39–0.71, p < 0.0001). Subgroup analysis according to the type of immunotherapy, sample size, and treatment line of immune checkpoint inhibitor revealed that CN group had a superior OS in all subgroups.





Conclusion

CN is associated with a better outcome in terms of OS benefit in selected patients with mRCC treated by immunotherapy, but further studies are required to verify the conclusions.





Systematic review registration

https://www.crd.york.ac.uk/prospero/, identifier CRD42022383026.





Keywords: metastatic renal cell carcinoma, cytoreductive nephrectomy, immunotherapy, overall survival, outcomes




1 Introduction

In the early twentieth century, the immunogenicity of renal cell carcinoma was discovered, leading to the establishment of interferon-alfa (IFN-alfa) and interleu-kin-2 as first-line therapies for metastatic renal cell carcinoma (mRCC) (1–3). However, the role of cytoreductive nephrectomy (CN) in the treatment of mRCC remains controversial. Two randomized clinical trials (RCTs) conducted by Mickish et al. (4) and Flanigan et al. (5) demonstrated that the combination of CN and IFN-alfa significantly improved overall survival (OS) of patients with mRCC compared to IFN-alfa therapy alone.

Over the past decade, the treatment paradigm for mRCC has significantly evolved, with targeted therapy becoming the new standard of care (6). The introduction of more effective targeted therapies has called into question the role of CN in this context. More recently, the results from a prospective RCT, CARMENA (7), demonstrated that patients with mRCC who received targeted therapy alone had comparable OS to those who received CN followed by targeted therapy. Additionally, another RCT, SURTIME (8), also questioned the value and the optimal timing of CN in relation to the initiation of systemic therapy. However, the universality and availability of both trials have been questioned due to delayed recruitment and unbalanced proportion of patients with poor-risk diseases in CARMENA study population (9). Méjean et al. (10) conducted a study which stratified patients according to the International Metastatic Renal Cell Carcinoma Database Consortium (IMDC), demonstrating that some patients could still benefit from CN. Additionally, a meta-analysis encompassing 14 studies showed that CN can be beneficial for patients receiving targeted therapy (11). More recently, immune checkpoint inhibitors (ICIs) have revolutionized the treatment of mRCC. The outcomes from the CheckMate-025 study have led to the approval of nivolumab as the first ICIs for mRCC patients (12, 13). ICIs therapy, either alone or in combination with targeted therapy, has demonstrated superior efficacy and has been used as a first-line treatment for mRCC (14, 15). Despite the potential benefits of combined therapy of CN and immunotherapy, the impact of CN on patient outcomes remains controversial. Moreover, the small sample sizes of different clinical centers limit the reliability of any conclusions drawn.

This systematic review and meta-analysis aim to integrate the data from comparative studies to evaluate the relationship between CN and outcomes in the setting of mRCC treated with immunotherapy, thereby providing latest evidence for clinical decision-making.




2 Methods

The present study was conducted in accordance with the Preferred Reporting Items for Systematic Reviews and Meta-Analyses (PRISMA) statement 2020 (16, 17), and was registered in PROSPERO (ID: CRD42022383026).



2.1 Literature search strategy, study selection and data collection

We systematically searched the databases such as Science, PubMed, Web of Science, and Cochrane Library to identify published studies till December 2022. The search terms were as follows: ((Renal cell carcinoma OR kidney carcinoma OR renal cell cancer) AND (Metastasis OR advanced) AND (Cytoreductive nephrectomy OR nephrectomy OR radical nephrectomy) AND (Immune checkpoint inhibitor OR immunotherapy OR immune-oncology OR PD-1 inhibitor OR PD-L1 inhibitors OR anti-PD-1 inhibitor)). Furthermore, we manually searched the relevant references and abstracts to avoid any omissions and expand the search scope.

We used the PICOS approach to define the inclusion criteria. P (patients): All the patients were diagnosed with mRCC; I (intervention): patients were undergone CN, either prior to (upfront) or following the initiation of immunotherapy (deferred). The immunotherapy was defined as cytokine-based therapy (IFN-alfa and interleu-kin-2), and ICIs; C (comparator): immunotherapy without CN; O (outcome): survival outcomes; S (study type): randomized controlled trials (RCTs), prospective studies and retrospective studies. Exclusion criteria include (1) duplicate studies and non-comparative studies, (2) the type of letters, comments, meeting abstracts, case reports and reviews, and (3) studies without detailed data for analysis.

Two evaluators (K.L. and S.C.) independently extracted the data from each qualified publication. The following data were extracted: (1) first author, year of publication, center, country, and study period. (2) age, sample size, gender, and follow-up period. (3) IMDC risk score, metastatic sites, number of sites of metastasis, and type of immunotherapy. (4) overall survival (OS). Any discrepancies and disagreements were resolved by discussion with a third evaluators (Y.L.).

In these studies, the risk of bias in non-randomized studies of interventions (ROBINS-I) was used to evaluate the quality of the non-RCTs (18). Furthermore, the Cochrane Collaboration tool was used to evaluate the quality of the RCTs (19). Two independent reviewers access the quality of included literatures, and any discrepancies were settled through discussion.

In the present study, the statistical analysis was processed using Cochrane Collaborative RevMan5.4 software. The hazard ratio (HR) was calculated for all the survival outcomes, and the results were presented with 95% confidence intervals (CIs). Considering the predictable significance between-trial heterogeneity, we used the random-effects model in all analyses. The I2 test was used to evaluate the heterogeneity of each indicator among the studies (20), and statistical significance was considered p < 0.05. Publication bias was evaluated using the Begg’s method funnel plot.




2.2 Subgroup analysis

The subgroup analysis was performed according to the type of immunotherapy, sample size, and treatment line of ICIs.





3 Results



3.1 Baseline characteristics

A total of 356 studies were initially identified through electronic search, with 15 remaining after removal of duplicates. After having read and screen the abstracts and full text, eight studies (two RCTs and six non-RCTs) involving 2397 patients were included in the meta-analysis (1606 CN vs. 791 No CN) (Figure 1) (4, 5, 21–26). Six non-RCTs were retrospective comparisons. All the studies were from multi-institutional, with six using ICIs as immunotherapy and the others using IFN-alfa (4, 5). The present studies were conducted in different countries, including the USA, Italy, Japan, and Netherlands, with a follow-up period ranging from 12 to 40 months. Table 1 summarizes the key characteristics of included studies, including their preoperative variables (country, age, sample size, and gender). Table 2 summarize the oncologic outcomes and interventions (IMDC risk score, metastatic sites, number of sites of metastasis, and type of immunotherapy). In the studies included, three studies compared the outcomes of deferred versus upfront CN in patients. Tables S1 summarize the demographic characteristics and oncologic outcomes of the deferred and upfront CN groups (age, gender, race, IMDC risk score, clear cell, metastatic sites, number of sites of metastasis, time from diagnosis to systemic therapy, follow-up duration).




Figure 1 | PRISMA flow diagram for the systematic review.




Table 1 | The trials included in the systemic review.




Table 2 | The trials included in the systemic review.



No significant difference was found in age (p = 0.05), clear cell (p = 0.12), bone metastasis (p = 0.58), and lung metastasis (p = 0.21). However, the liver metastasis was significantly less in the CN group compared to the No CN group (p = 0.02) (Table 3).


Table 3 | Comparison of baseline patient.






3.2 Assessment of quality

A comparative analysis was performed on all the non-RCTs, of which five studies had a moderate risk of bias (22–26) and one study had a low risk of bias (Table S2). All the non-RCTs were published between 2020 and 2022. Additionally, the two RCTs were not double-blinded, which increased the bias risk, thereby classifying them as high risk (Figure 2) (4, 5).




Figure 2 | Risk of bias assessment (RCTs).






3.3 Outcome analysis



3.3.1 Overall survival

The meta‐analysis included eight studies that reported the OS (4, 5, 21–26). The combined results demonstrated that the CN group was associated with superior OS compared to the No CN group (HR = 0.53, 95% CI 0.39–0.71, p < 0.0001), and with high heterogeneity (I2 = 85%) (Figure 3).




Figure 3 | Forest plots of overall survival.






3.3.2 Subgroup analyses

Owing to the insufficient literature included in the meta-analysis, we only preformed subgroup analysis of OS with respect to type of immunotherapy, sample size, and treatment line of ICIs. For studies that include the ICIs, the CN group had significantly lower risk of death compared to the No CN group (HR = 0.49, 95% CI 0.34–0.71, p = 0.0002, I2 = 85%) (21–26). In IFN-alfa subgroup, the CN group was also observed to be correlated with superior OS than for the No CN group (HR = 0.71, 95% CI 0.52–0.97, p = 0.03, I2 = 38%) (Figure 4) (4, 5). In the sample size > 400 subgroup, the CN group had significantly lower risk of death compared to the No CN group (HR = 0.52, 95% CI 0.32–0.84, p = 0.007, I2 = 83%) (21–23). Additionally, for the subgroup with a sample size ≤ 400, the CN group was correlated with better OS than for the No CN group (HR = 0.53, 95% CI 0.35–0.80, p = 0.002, I2 = 87%) (Figure 5) (4, 5, 24–26). In the subgroup analysis of the ICIs as first-line therapy, the CN group had significantly lower risk of death compared to the No CN group (HR = 0.50, 95% CI 0.27–0.92, p = 0.03, I2 = 83%) (21, 22, 24). Similarly, the subgroup analysis revealed that both ICIs as second, third line therapy and first, second and third therapy were associated with superior OS compared to the No CN group (HR = 0.61, 95% CI 0.44–0.84, p = 0.002, I2 = 34%; HR = 0.28, 95% CI 0.20–0.40, p < 0.00001, I2 = 43%) (Figure 6) (21, 23) (25, 26).




Figure 4 | Forest plots of overall survival in subgroup analysis. (A) ICIs, (B) IFN-alfa.






Figure 5 | Forest plots of overall survival in subgroup analysis. (A) sample size > 400, (B) sample size ≤ 400.






Figure 6 | Forest plots of overall survival in subgroup analysis. (A) ICIs as first line therapy, (B) second and third line therapy, (C) first, second and third line or later therapy).







3.4 Sensitivity analysis

We conducted leave-one-out tests to identify the source of heterogeneity and to evaluate the robustness of the results. Ultimately, no substantial change in heterogeneity and pooled HR was found among the studies, regardless of which study was excluded, implying that the source of heterogeneity and the outcomes were stable and reliable. The heterogeneity observed in the outcomes of the studies could be attributed to a variety of factors, including follow-up period, IMDC risk score, metastatic sites, number of sites of metastasis, and type of immunotherapy. Additionally, caution should be taken when interpreting the results of the analyses, as the I2 statistic has been observed to be substantially biased in studies with small sample sizes (27).




3.5 Publication bias

We examined publication bias by the funnel plot. The findings revealed that the distribution of included studies was almost tapered, but there is still some publication bias (Figure 7).




Figure 7 | Funnel plot of the studies represented in the meta-analysis.







4 Discussion

This is the first systematic review and meta-analysis to evaluate the prognostic impact of CN for mRCC in the era of immunotherapy. Furthermore, some significant findings from this analysis need further discussion.

In the early twentieth century, the cytokine-based therapy was the standard of care for mRCC, whereas surgical management was still the treatment option for patients with mRCC. As more effective targeted therapy for mRCC have been developed, however, the role of CN has been called into question. There are still some inconsistent statements about the benefits of CN for patients with mRCC in the targeted therapy era. The CARMENA trial (7) showed that patients who received CN did not get adequate benefit compared to those who received targeted therapy alone. It is worth mentioning that the proportion of patients with poor-risk disease is higher in the CARMENA study population. Moreover, the patients included in CARMENA trial received therapy immediately after CN. Nevertheless, Roussel et al. (28) demonstrated that patients receive CN after upfront systemic therapy may get better survival outcomes. Recently, Janisch et al. (29) reported that treatment with CN and tyrosine kinase inhibitors was associated with superior survival compared to those without CN for specific patient. Ghatalia et al. (30) conducted a retrospective study to evaluate the role of CN in patients with mRCC, including those receiving ICIs and targeted therapy, and demonstrated that CN had a beneficial effect on select patients with mRCC. Taken together, accumulating evidence suggests that the combination of CN and systemic therapy may provide better outcomes in mRCC.

Although CN has been the important treatment for mRCC, the underlying mechanism of its survival benefits remains unknown. Over the years, various hypotheses have been put forward. First, the immune hypothesis was proposed in the 1990s (31), which was supported by Fujikawa et al.’s (32) research results in that patients who did not receive CN had lower levels of response for interleukin-2 than those who did. This was further corroborated by two RCTs (4, 5), and our meta-analysis also demonstrated that CN group was associated with superior OS than the No CN group in IFN-alfa subgroup. Second, primary tumors are associated with promoting inflammation and suppressing the release of cytokines from T cells, which could impede the systemic anti-tumor immune response (33, 34). Marcus et al. (31) conducted a case report to show that spontaneous regression of mRCC lesions upon CN, which further demonstrated the outcomes. Hence, resection of the primary tumor may enhance the immune response of mRCC. Third, the straightforward explanation is that CN can reduce the overall tumor burden and thus extend the duration of time before tumors reach lethal levels (35). Additionally, the efficacy of CN combined with immunotherapy has been verified in other types of metastatic tumors, such as lung cancer and melanoma, providing further evidence for its application in mRCC (36, 37).

The optimal timing of CN in relation to the initiation of systemic therapy is a critical factor that may influence outcomes. Bhindi et al. (38) conducted a study using real-world data and concluded that deferred CN could significantly improve OS compared to upfront CN. However, Bruijn et al. (39) conducted a comparative study to assess the outcomes of patients receiving targeted therapy followed by CN (deferred CN) against those receiving CN followed by targeted therapy (upfront CN), and the results showed that there was no significant difference in OS between the two groups. In the studies included, three studies compared the outcomes of deferred versus upfront CN in selected patients. Two studies reported that deferred CN did not lead to a superior OS than upfront CN in patients (21, 26), while one study suggested that OS rate tended to be higher with deferred CN in comparison to upfront CN (24). Ghatalia et al. (30) also demonstrated that no statistically significant difference in OS was observed between the upfront and deferred groups. Nevertheless, the insufficient literature barred us from conducting analysis to compare outcomes between the two approaches. Furthermore, the small sample size of the included studies renders it difficult to draw a reliable conclusion. The SURTIME trial revealed that deferred CN did not improve 28-week progression-free rate, while the deferred CN could be associated with improved OS compared to immediate CN (8). Ghanem et al. (40) reported that immediate CN resulted in a lower rate of successful systemic therapy and disease control compared to deferred CN. Due to the dearth of existing research, it is not possible to draw reliable conclusions as to which of the two methods could bring OS advantage for patients with mRCC. Therefore, further research is needed to verify the efficacy of each approach.

Patient selection is also a crucial consideration when evaluating the benefits of CN (41). As an invasive procedure for patients with high disease burden, CN carries a higher mortality risk than standard nephrectomy for T1 or T2 renal tumors (42). Furthermore, the survival benefit for some patients with poor risk score is marginal, and CN might bring postoperative complications that could negatively affect quality of life, prompting further scrutiny of its role (43). Therefore, patient selection for CN may have potential bias. In the included studies, four studies utilized the IMDC risk score to access the baseline risk score of the two groups. However, only two studies revealed that the rates of poor IMDC risk score in the CN group was lower than that of the No CN group. Furthermore, although liver metastases were found to be significantly less in the CN group compared to the non-CN group, no significant difference was found in bone metastasis and lung metastasis. Bakouny et al. (22) proposed that patients without adverse (bone, liver or lung) metastases, favorable IMDC risk score, and good physical condition may gain adequate benefit from CN. Going forward, newer scales should be created during the ICIs and targeted therapy era to evaluate which patient may benefit from CN. Additionally, we also need more studies to assess the outcomes.

Recently, ICIs therapy has shown superior efficacy and has been adopted as front-line therapy for mRCC. Cytokine-based therapy has gradually given way to ICIs therapy. In our meta-analysis, we have included the latest evidence on CN for mRCC in the era of ICIs therapy. Moreover, some ongoing studies should also be taken into account. The PROBE trial (NCT04510597) is recruiting patients with intermediate or poor risk according to the IMDC risk score who are receiving deferred CN following the combination of nivolumab and ipilimumab, and compared to the No CN group. The SWOG-1931 trial (NCT04510597) is assessing the impact of CN on patients receiving the combination therapy with avelumab and axitinib, or pembrolizumab and axitinib. Further research is needed to confirm these findings with larger sample sizes and higher-quality studies.

However, the limitations of this study should be noted. First, all the included studies were from large centers and the patients enrolled were not necessarily representative of the general population. Second, most the studies included in the analysis were non-RCTs, which undoubtedly had potential distribution and blindness bias. Third, the lack of data in the studies did not allow for a pooled analysis to compare other survival outcomes, such as progression free survival. Fourth, significant differences were observed between the CN and No CN groups in terms of the prevalence of liver metastases. Additionally, two studies have demonstrated that rates of poor IMDC risk score in the CN group were lower than those of the No CN group, resulting in certain heterogeneity. Lastly, due to the limited literature available, a subgroup analysis regarding the timing of CN relative to immunotherapy could not be conducted, which may lead to subtle differences.




5 Conclusions

The combination of CN and immunotherapy for mRCC is associated with a better outcome in terms of OS benefit in selected patients compared to immunotherapy alone. Nevertheless, further research is needed to verify these conclusions, such as larger sample sizes, increased follow-up periods and RCTs.
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The coagulation system is closely related to the physiological status and immune response of the body. Recent years, studies focusing on the association between coagulation system abnormalities and tumor progression have been widely reported. In clear cell renal cell carcinoma (ccRCC), poor prognosis often occurs in patients with venous tumor thrombosis and coagulation system abnormalities, and there is a lack of research in related fields. Significant differences in coagulation function were also demonstrated in our clinical sample of patients with high ccRCC stage or grade. Therefore, in this study, we analyzed the biological functions of coagulation-related genes (CRGs) in ccRCC patients using single-cell sequencing and TCGA data to establish the 5-CRGs based diagnostic signature and predictive signature for ccRCC. Univariate and multivariate Cox analyses suggested that prognostic signature could be an independent risk factor. Meanwhile, we applied CRGs for consistent clustering of ccRCC patients, and the two classes showed significant survival and genotype differences. The differences in individualized treatment between the two different subtypes were revealed by pathway enrichment analysis and immune cell infiltration analysis. In summary, we present the first systematic analysis of the significance of CRGs in the diagnosis, prognosis, and individualized treatment of ccRCC patients.
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Introduction

The ccRCC is the major pathologic subtype of kidney cancer (1). Untimely first diagnosis and postoperative recurrence often lead to a poor prognosis (2, 3). As a vigorously immunogenic tumor with the properties of insensitivity to radiotherapy and chemotherapy, there is growing evidence of the therapeutic value of immune checkpoint inhibitors (ICIs) in ccRCC (4, 5). However, due to the heterogeneity of ccRCC and different tumor microenvironments (TME), the application of ICIs is still limited (6). Therefore, it is particularly important to explore the relevant factors impacting the TME and thus ICIs in ccRCC.

The coagulation system is critical for innate defense mechanisms and is strongly associated with the TME of ccRCC. Numerous experimental data suggest that patients with malignancies have chronic hypercoagulation and hyper fibrillation (7). Interestingly, the process of cancer development theoretically necessitates a large blood supply, however, the patient with a tumor is 9-fold more likely to develop cancer-related thrombosis than the healthy (8–10). In recent years, studies on coagulation and tumor ICI seem to present different outcomes (11, 12). Nevertheless, the coagulation system is sophisticated and complex and needs to be analyzed in a systematic manner. In ccRCC, there seemed to be some synergistic link between coagulation and inflammation (13, 14). Therefore, focusing on the role of coagulation-related genes (CRGs) in ccRCC might support prognostic evaluation and ICIs treatment.

In addition, with the development of genome sequencing technology, increasingly patients could benefit from the individualized genomic treatments (15). Clinicians have shifted to the use of bioinformatics to discover biomarkers and molecular processes in different diseases. Currently, several prognostic signatures have been established in ccRCC to predict the prognosis of patients (16, 17). However, there is still a lack of an effective signature to evaluate the therapeutic effect, which needs to be explored.

Therefore, in this study, we first systematically analyzed the expression and prognostic value of CRGs in ccRCC. Then, we classified the patients into different coagulation statuses based on consistent clustering and examined the differences of immune infiltration, biological difference, and therapeutic choice between clusters. Then we constructed 5-CRG based diagnostic signature and 8-CRG based prognostic signature. The AUC value of ROC curve shows good diagnostic and predictive efficiency. Afterward, combined with independent clinical risk factors, we constructed a predictive nomogram. Finally, we validated FDX1 in clinical samples and cell lines.



Materials and methods



Data processing

The transcriptome profile and corresponding clinical information for ccRCC samples were downloaded from The Cancer Genome Atlas (TCGA-KIRC, http://protal.gdc.cancer.gov/). Furthermore, we obtained the validation cohort with follow-up information from the ArrayExpress database (E-MTAB-1980, https://www.ebi.ac.uk/arrayexpress/). For the data format, the fragments per kilobase million (FPKM) were transformed into transcripts per million (TPM). Further, the ccRCC and normal kidney single cell sequencing data were downloaded from the GEO database (GSE159115). We used Seurat v4 to process single cell data and merge them. Afterward, we annotated the different clusters according to the marker genes reported in the previous studies. Also, we collected preoperative coagulation data from the case system for ccRCC patients from the First Affiliated Hospital of Yangzhou University, and all protocols met the requirements of the ethics committee of Yangzhou University.



Molecular subtyping and therapeutic prediction

In order to classify ccRCC patients for personalized treatment, we performed molecular subtyping based the CRGs using the ConsensusClusterPlus R package with the follow setings (maxK=7, reps=100, pItem=0.8, pFeature=1, distance=“manhattan”, clusterAlg=“pam”) (18). Meanwhile, unsupervised clustering and the corresponding representative data were generated using the ggplot2 R package. To explore the immune cell infiltrations between two clusters, the single sample gene set enrichment analysis (ssGSEA) was performed and each type of immune cell was calculated according to the score. After that, the effect of immunotherapy between different clusters were evaluated using the Cancer Immune Atlas (TCIA) database. The potential molecular enrichment between the clusters was annotated with the ClueGO plugin from the Cytoscape software. We then used the pRRophetic R package to assess of the sensitivity between different clusters to clinical drugs in advanced ccRCC (19).



Identification of DECRGs and prognostic CRGs

First, we retrieved the CRGs from the MsigDB database (HALLMARK_COAGULATION and MALLMARK_COMPLEMENT, http://software.broadinstitute.org/gsea/msigdb), and the detailed information on the 281 CRGs were shown in the Supplementary Table S1 (20). Then, in the R environment, the limma R package was condemned to screen out the differentially expressed CRGs (DECRGs) between ccRCC and normal samples, based on the set cutoff criteria of P<0.05 in TCGA and single-cell sequencing cohorts (21). Univariate Cox regression was used to identify the prognostic CRGs. Genes with the P value less than.05 in Cox regression were identified as prognostic genes for further LASSO regression analysis.



Sample collection and quantitative PCR

The human RCC (786-O, 769-P, A498, ACHN, Caki-1, OS-RC-2, RCC4) and normal kidney cell lines (293) were cultured in Dulbecco’s modified eagle’s medium or RPMI 1640 with 10% fetal bovine serum and 1% Penicillin/Streptomycin. The cell lines were placed in a 37°C aseptic incubator with 5% CO2,and the fluid was changed every 2-3 days. The cell precipitation was collected, and the total RNA was extracted by TRIzol Reagent (Invitrogen). The patient samples were collected from the First Affiliated Hospital of Yangzhou University, and all the procedures were approved by the Ethics Committee. Then, cDNA synthesis was reverse transcribed using the Takara reagent kit. Then we performed quantitative PCR through SYBR green SuperMix and calculated the results using 2-ΔΔCT method (22). The primers used in this study can be found in Supplementary Table S2.



Construction and validation of coagulation-related gene signature

To explore the prognostic value of the CRGs in ccRCC patients, we performed the LASSO regression of overall survival (OS) with a maxit=1000, using the glmnet R package. We divided the ccRCC samples in TCGA into training and validation cohorts according to the ratio of 3:2 and used the samples of E-MTAB-1980 as the external validation cohort. Then we calculated the risk score of each patient using the following formula: risk score = coffiCRG1 × CRG1 expression + coffiCRG2 × CRG2 expression + · ···· + coffiCRGn × CRGn expression. Afterwards, we used the timeROC R package to draw the patient’s 1-, 3-, and 5-year ROC curve to evaluate the prognostic value of the signature. At the same time, we used the survival R package and Kaplan-Meier ‘s method to compare the prognostic differences between high- and low-risk patients. Finally, through the univariate and multivariate regression analyses, we established a prognostic nomogram integrating the risk score and independent clinical parameters.



Statistical analysis

All statistical analyses were conducted using R 4.1.3 and Prism GraphPad 9.3. Continuous variables were compared by using Student’s t test, the Mann–Whitney test, or the Wilcoxon rank-sum test. Meanwhile, cumulative survival analyses were performed using the Kaplan–Meier method, and the survival differences were analyzed using the log-rank test by survival R package. The predictive value of signature was evaluated using ROC cures. An AUC value greater than 0.75 is considered well, and a value greater than 0.60 is considered acceptable. The univariate and multivariate Cox regression were used to assess the correlation of the signature and clinical parameters with overall survival. Among all the results, P < 0.05 was considered to be statistically significant.




Results



Identification of DECRGs in ccRCC patients

First, the workflow for the whole study is shown in Figure 1. In our clinical work, we have found that patients with high stage or grade tend to be accompanied by more pronounced coagulation system dysfunction, which seems to be an interesting direction (Supplementary Figure S1). Based on the clinical founding and gene set of HALLMARKS, we obtained a total of 279 expression matrix of CRGs in the TCGA database. These CRGs were analyzed by KEGG Tree, and the functions of these CRGs were divided into a total of five broad categories, including apoptosis, coagulation, and important pathways such as complement and cytokines (Figure 2A). Subsequently, we performed a cluster analysis of the ccRCC single cell data (GSE159115) and annotated the different Clusters (Figure 2B), and the Dot plot of the relevant features is also shown in Figure 2C. Subsequently, we identified copy number variants in epithelial cells by the SCEVAN method and classified normal epithelial cells and malignant epithelial cells. By performing differential expression analysis between the two types of epithelial cells, we obtained a total of 527 differentially expressed genes with p <0.05. Meanwhile, the CRGs in TCGA data were analyzed by Limma package, and a total of 223 DECRGs were obtained with p <0.05 (Figure 2D). The DEGs from the single cell sequencing data were subsequently intersected with the DECRGs from TCGA to obtain a total of 16 hub genes (Figure 2E). We then performed correlation and regulatory pathway analysis by GeneMANIA on 16 hub genes, which are mainly involved in transcriptional regulatory functions in response to stress as well as coagulation-related mechanisms (Figure 2F).




Figure 1 | The graphical outline diagram of the whole process of this study. GP style: *: p< 0.05; **: p < 0.01; ***:p<0.001; **** p<0.0001.






Figure 2 | Identification and functional enrichment of differentially expressed CRGs. (A) The KEGG Tree enrichment plot of the 279 CRGs. (B) Reduced dimensional plots of tSNE for different cell types for single cell data. (C) Feature dot plots of different cell types for single cell data. (D) The Volcano map on differentially expressed CRGs in TCGA cohort. The five most significant up- and down-regulated genes were labeled separately. (E) VENN plots of the same differential genes in the Single Cell sequencing and TCGA cohorts. (F) PPI network created by GeneMANIA showing the interactions of the CRG.





Molecular subtyping of ccRCC and therapeutic difference screening

To further investigate whether CRGs-based treatment can be individualized for ccRCC patients. We performed consistent clustering of ccRCC patients in TCGA based on 279 CRGs and initially classified patients into 4 clusters based on the decay of CDF values (Figure 3A, B). By performing survival analysis, the four Clusters showed obvious two survival states, so we merged Cluster A and Cluster C into Cluster 1 and Cluster B and Cluster D into Cluster 2. The two Clusters showed obvious survival differences between them (Figure 3C). It could also be seen by principal component analysis that when the TCGA samples are divided into 2 Clusters, the samples can be clearly separated, while with 4 Clusters, the boundaries of sample separation are not obvious (Figure 3D). The subsequent construction of a heatmap also demonstrated the existence of significant changes in gene expression profiles between these two Clusters (Figure 3E).




Figure 3 | Molecular subtyping of ccRCC patients based on the CRGs in TCGA cohort. (A) The ccRCC patients were identified into 4 clusters according to the consensus clustering matrix (k = 4). (B) Relative changes in the area under the CDF curve by group number (MaxK = 7). (C) Kaplan–Meier survival curves for the 2 clusters and 4 clusters. (D) Principal component analysis for the 2 clusters and 4 clusters. (E) The heatmap and the clinical parameters of the 2 clusters established based on the CRGs.



To explore potential biological functions and features between two clusters, we identified DECRGs between clusters by limma R package and performed functional enrichment using ClueGO plugin. We found that patients in Cluster 1 was significantly associated with Platelet Activation, Blood Coagulation, and Smooth muscle cell migration, while patients in Cluster 2 were significantly correlated with Complement and coagulation cascade and Negative regulation of low-density lipoprotein (Figure 4A). Subsequently, we explored the sensitivity of two clusters to drugs commonly used in clinically advanced ccRCC by pRRophetic. Compared to Cluster 2, patients in Cluster 1 were more sensitive to axitinib, pazopanib, Voninostat and sorafenib, which may be closely related to their enriched pathways (Figure 4B). Since ccRCC is a strongly immunogenic tumor, we then compared the immune cell infiltration of the two types of Clusters. Eosinophil and plasma cell infiltration was more pronounced in Cluster 1 patients, whereas T-cell infiltration was more pronounced in Cluster 2 patients, suggesting that there may be different sensitivities to immunotherapy between the two Clusters (Figure 4C). Also, we explored the responsiveness to immunotherapy in the TCIA database. Cluster 2 patients were more sensitive to CTLA4 or PD-1 and the combination of both (Figure 4D).




Figure 4 | Phenotypic differences between clusters and potential individualized treatment. (A) The biological functional enrichment of differentially expression gene between two clusters in ClueGO plugin. (B) Drug sensitivity of commonly clinical used drugs for advanced ccRCC between clusters. (C) Differential analysis of immune cell infiltration between two clusters using ssGSEA method. (D) Relationship between differences in PD-1 and CTLA-4 responsiveness between the two groups, based on the TCIA database. GP style: *: p< 0.05; **: p < 0.01; ***:p<0.001; **** p<0.0001. n.s. = no significance.





Construction and validation of the diagnostic signature based on the DECRGs

Based on the 16 hub DECRGs, we wanted to know if these genes could be used as markers for the diagnosis of ccRCC. We screened 9 and 7 CRGs using LASSO and SVM-REF regression analyses, respectively (Figure 5A, B). We then selected the intersecting genes of the two methods as diagnostic signature, including PSMB9, SPARC, PLG, APOC1, and FDX1 (Figure 5C). In the HPA database, we observed the protein expression of these five genes by immunohistochemical data. Compared to normal kidney tissues, PSMB9, SPARC and APOC1 expression levels were upregulated in ccRCC, while FDX1 and PLG expression levels were downregulated in ccRCC (Figure 5D). Afterwards, we evaluated the predictive diagnostic value of the diagnostic signature in the TCGA cohort, and the results showed a good predictive value in ccRCC (Figure 5E).




Figure 5 | Establishment and validation of the diagnostic signature based on CRGs in TCGA cohort. (A) LASSO regression to identify signature genes in ccRCC and normal samples. (B) SVM-REF regression to identify significant CRGs in ccRCC and normal samples. (C) Venn diagram based on the intersection of the two algorithms with 5 genes. (D) The IHC-P images of 5 CRGs in HPA database. (E) ROC curves of 5 signature genes for predicting diagnostic value in TCGA cohort.





Construction and validation of the prognostic signature based on the prognostic CRGs

To further investigate the prognostic value of CRGs, we conducted a univariate Cox regression of 279 CRGs in relation to OS. A total of 99 prognostic CRGs with P < 0.01 were identified. We then build the prognostic signature by LASSO regression (Figure 6A, B). We then calculated the riskScore by using the formula in the material part of the method. Based on the calculated median riskScore cut-off, patients in training and validation cohort were divided into the high- and low-risk groups. Furthermore, the Kaplan–Meier log-rank test and the time-dependent ROC curve were used to evaluate the predictive ability and accuracy of the prognostic signature. The outcome of the Kaplan–Meier log-rank test showed that the high-risk group had a significantly worse OS compared with the low-risk group in the TCGA training set (Figure 6C), TCGA validation set (Figure S2A), and E-MTAB validation set (Figure S2C). Meanwhile, the time-dependent ROC curve proved the 1-year, 3-year, and 5-year predictive accuracy of the signature for OS (Figures 6D, S2B, S2D). In addition, the risk score distribution, survival status, and expression of CRGs from the signatures are shown in the TCGA training cohort, TCGA validation cohort, and E-MTAB validation cohort (Figures 6E, S2E, S2F). Also, as shown in Figure S3, we compared our signature with previously published signatures in the TCGA dataset, and the results showed that our signature had better predictive performance, especially for 5-year survival (23, 24).




Figure 6 | Construction and validation of the prognostic signature based on the CRGs. (A) Cross-validation of the parameter selection in the LASSO regression. (B) LASSO regression of the 8 CRGs related to the OS. (C) Kaplan–Meier survival curves between high- and low-risk groups. (D) The AUC value of ROC curves of prognostic signature for predicting 1-year, 3-year, and 5-year OS in the TCGA cohort. (E) Signature gene expression patterns and the distribution of survival status and risk score in the TCGA training cohort.





Establishment and evaluation of the nomogram

To predict the prognosis of ccRCC patients more accurately, we identified independent risk factors affecting OS by univariate and multivariate regression analysis (Table 1). The outcomes showed that the Stage, Grade, Age, and Riskscore could be the independent factors for OS of ccRCC patients (Table 1). Combining the calculated riskScore and independent clinical parameters, we established the nomogram with a C-index 0.773 (Figure 7A). Then, we performed the calibration curves to verify the predictive efficacy of Nomogram for 1-year, 3-year and 5-year OS (Figure 7B). We then confirmed the prognostic value of this Nomogram over the TNM Staging system or the Grade system for ccRCC patients by using multiple ROC curves (Figure 7C).


Table 1 | Univariate and multivariate Cox analyses of clinical parameters and risk signature.






Figure 7 | Construction and validation of the prognostic nomogram integrating prognostic signature and clinical parameters. (A) The nomogram based on the significant clinical parameters and risk signature. (B) Calibration curves of the nomogram for 1-, 3-, and 5-year survival prediction. (C) The AUC value of ROC cruves of the nomogram, risk signature, and clinical parameters. GP style: *: p< 0.05; ***:p<0.001.





Further exploration of the significant CRGs FDX1

Since the FDX1 was shown to be important in both diagnostic and prognostic signature, we further explored the potential value of FDX1 in ccRCC plus GTEx normal kidney mRNA expression data (Figure 8A). We then compared the expression levels of FDX1 in ccRCC and normal kdiney tissues in 8 GEO cohorts and found that the FDX1 were significantly upregulated in normal tissues (Figure 8B). Subsequently, based on the Timer database, we found that FDX1 copy number alterations significantly affected the level of infiltration of several major immune cells (Figure 8C). We verified FDX1 expression levels in our own clinical samples and cell lines, and consistently with the results in the online database, FDX1 was significantly downregulated in ccRCC (Figure 8D).




Figure 8 | Further exploration of the FDX1. (A) The bar plot of the FDX1 mRNA expression between ccRCC and normal tissues in TCGA and GTEx database. (B) Analysis of 8 GEO datasets regarding FDX1 mRNA expression in ccRCC and normal samples. (C) The association of FDX1 CNV status with immune infiltration abundance in ccRCC was evaluated using TIMER database. (D) The validation of FDX1 mRNA expression level in our clinical specimens and cell lines. GP style: **: p < 0.01; ***:p<0.001; **** p<0.0001.






Discussion

Malignant tumors affect the hemostatic system, while abnormal coagulation states have been observed frequently in patients with malignant tumors (25). For ccRCC patients, venous tumor thrombosis often implies poor prognosis (26). Currently, ccRCC patients with venous system involvement have a high risk of tumor recurrence even after the tumor thrombus has been successfully eliminated (27). This suggests that coagulation abnormalities might serve as a critical factor for the prognosis of patients with ccRCC. Indeed, we found a more extensive hypercoagulable state in advanced ccRCC patients in our clinical data. In addition to that, former studies have shown that coagulation status significantly affects the immune function (28, 29). This suggested that coagulation was likely to be associated with immunotherapy effects. As a strong immunogenic tumor, immunotherapy for ccRCC patients holds great promise. The function of coagulation in predicting the prognosis of ccRCC as well as the effect of immunotherapy remains to be explored.

First, we found in our clinical data that patients with high stage and grade were more likely to occur coagulation system dysfunction. The phenomenon is widespread in a variety of advanced tumors (30, 31). In ccRCC, presence of inferior vena cava tumor thrombosis often indicates poor prognosis. Furthermore, previous studies reported that extensive infiltration of exhausted CD8 T cells were gathered in the tumor thrombosis, which might influence the effect of ICIs (32). Meanwhile, drugs commonly used in advanced kidney cancer, such as sunitinib, can affect the coagulation system and platelet formation (33). These findings suggested that exploring the CRGs could benefit the diagnostic detection, prognostic evaluation, and personalized treatment of ccRCC patients. Based on these conjectures, we first performed molecular subtyping of ccRCC patients based on the CRGs. Indeed, Patients from different clusters showed markedly diverse therapeutic effects to CTLA4, sunitinib, and so on. This suggests that molecular subtyping of ccRCC using CRGs could contribute to more precise personalized treatment.

Next, we constructed the diagnostic and prognostic signature using the SVM-REF and LASSO methods. Diagnosis-related signature genes included APOC1, PSMB9, SPARC, PLG and FDX1. CD59, FDX1, PPP2CB, TIMP3, COMP, BMP1, C1S, and CASP4 were identified as prognostic signatures. Some genes in signature have been extensively reported in previous studies. APOC1 was mainly expressed in macrophages and closely associated with immune cell infiltration in RCC. Macrophages with high APOC1 expression promote RCC metastasis by secreting CCL5 (34). Recent study suggested that APOC1 was correlated with ferroptosis, which may be influenced by lipid metabolism through its apolipoprotein function. Expression levels of PSMB9 were significantly up regulated in patients who continued to benefit from ICIs, suggesting that it could be a target for the assessment of therapeutic efficacy of ICIs, in agreement with our analysis (35). The expression of SPARC was increased in all subtypes of RCC and positively correlated with RCC staging and grading (36). Knockdown SPARC significantly inhibit RCC cell invasion and metastasis in vitro and in vivo. In addition, the expression of SPARC was negatively correlated with the overall survival and disease-free survival of RCC patients, indicating that SPARC is a valid prognostic marker for the survival of RCC patients (37). Plasminogen (PLG) encode the plasminogen, which circulates in blood plasma as an inactive zymogen and is converted to the active protease, plasmin by several plasminogen activators (38). PLG was over-expressed in HBV positive hepatocellular carcinoma tissues and cells. PLG silencing promoted HBV-HCC cell apoptosis in vitro and suppressed the growth of HBV-induced HCC xenografts in vivo both through inhibiting HBV replication (39). PLG, as a prognosis-related gene, has been applied to construct prognosis-related signature in a variety of tumors (40–42). PPP2CB is the catalytic subunit β isoform of phosphatase 2A (PP2A). PP2A regulates T cell activation, which plays an important role in immune homeostasis (43). CD59 has been identified as a glycosylphosphatidylinositol-anchored membrane protein that acts as an inhibitor of the formation of the membrane attack complex to regulate complement activation (44). Recent studies have shown that CD59 is highly expressed in several cancer cell lines and tumor tissues. CD59 also regulates the function, infiltration and phenotypes of a variety of immune cells in the tumor microenvironment (45). CD59 is up-regulated on activated CD4(+) T cells and serves to down-modulate their activity in response to polyclonal and Ag-specific stimulation (46). CD59 is expressed in renal tumor cells and proximal tubular epithelial cells, which plays a role in preventing complement-mediated lysis of these cells (47). TIMP3 is considered to be an anti-angiogenic factor. In ccRCC, the expression of TIMP3 is associated with the patient’s prognosis. Furthermore, in high-grade renal cell carcinoma tumors, TIMP3 mRNA levels were significantly lower (48). COMP has a protective effect on cyclosporine-induced kidney injury (49) and can improve renal fibrosis (50). The role of COMP in ccRCC needs further investigation. Bone morphogenetic proteins (BMP) family is a group of proteins found in recent years that are related to the pathogenesis of a variety of cancers (51). The high expression of BMP1 is a poor prognostic factor in patients with renal clear cell carcinoma, and knocking down BMP1 inhibits the proliferation and invasion of renal clear cell carcinoma in vitro and in vivo (52). C1S has a dual role in promoting ccRCC, and renal tumors expressing high levels of C1S show high infiltration of macrophages and T cells (53). Studies have shown that abnormal activation of C1S contributes to the development of autoimmune and infectious diseases. In addition, the overexpression of C1S may be a new escape mechanism to promote tumor progress (54). CASP4, as a gene related to cell apoptosis, is differentially expressed in a variety of tumors, and can be used to predict the prognosis of tumor patients (55, 56). CASP4 is highly expressed in ccRCC, which is correlated with high pathological scores, poor prognosis and expression level of infiltrating immune cells (57). FDX1, which is more prominent in both diagnostic and prognostic signatures, has not been previously reported, but there has been a significant increase in studies about FDX1 this year, and the mechanism remains to be explored (58, 59).

The present study has some shortcomings. Firstly, our study is based on various published databases, and it was difficult to completely batch effect and remove the background differences between databases and sequencing platforms. Second, the small sample size and lack of multi-omics data limited the accuracy of molecular subtyping of ccRCC patients, which also inevitably led to the accuracy of diagnostic and prognostic signature. Finally, an important gene FDX1 identified in this study, was only validated for its expression in clinical specimens and cell lines, subsequent validation of its function in vitro and in vivo assays was needed.



Conclusion

In conclusion, using single cell and RNAseq data, we preliminarily demonstrated the prognosis and individualized treatment value of CRGs in ccRCC. Different immune states and drug responses were revealed by typing TCGA patients with CRGs, which is very important for individualized treatment of ccRCC patients. On this basis, we build the diagnostic signature, prognostic signature and nomogram based on CRGs, which can accurately screen patients with ccRCC and predict the prognosis of patients with ccRCC. Finally, we verified the vital FDX1 in our clinical samples and cell lines, and further experiments need to be carried out in the future.
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Background

Regarding the global coronavirus disease 2019 (COVID)-19 pandemic, kidney clear cell carcinoma (KIRC) has acquired a higher infection probability and may induce fatal complications and death following COVID-19 infection. However, effective treatment strategies remain unavailable. Berberine exhibits significant antiviral and antitumour effects. Thus, this study aimed to provide a promising and reliable therapeutic strategy for clinical decision-making by exploring the therapeutic mechanism of berberine against KIRC/COVID-19.





Methods

Based on large-scale data analysis, the target genes, clinical risk, and immune and pharmacological mechanisms of berberine against KIRC/COVID-19 were systematically investigated.





Results

In total, 1,038 and 12,992 differentially expressed genes (DEGs) of COVID-19 and KIRC, respectively, were verified from Gene Expression Omnibus and The Cancer Genome Atlas databases, respectively, and 489 berberine target genes were obtained from official websites. After intersecting, 26 genes were considered potential berberine therapeutic targets for KIRC/COVID-19. Berberine mechanism of action against KIRC/COVID-19 was revealed by protein-protein interaction, gene ontology, and Kyoto Encyclopedia of Genes and Genomes with terms including protein interaction, cell proliferation, viral carcinogenesis, and the PI3K/Akt signalling pathway. In COVID-19 patients, ACOX1, LRRK2, MMP8, SLC1A3, CPT1A, H2AC11, H4C8, and SLC1A3 were closely related to disease severity, and the general survival of KIRC patients was closely related to ACOX1, APP, CPT1A, PLK1, and TYMS. Additionally, the risk signature accurately and sensitively depicted the overall survival and patient survival status for KIRC. Numerous neutrophils were enriched in the immune system of COVID-19 patients, and the lives of KIRC patients were endangered due to significant immune cell infiltration. Molecular docking studies indicated that berberine binds strongly to target proteins.





Conclusion

This study demonstrated berberine as a potential treatment option in pharmacological, immunological, and clinical practice. Moreover, its therapeutic effects may provide potential and reliable treatment options for patients with KIRC/COVID-19.





Keywords: coronavirus disease 2019, kidney clear cell carcinoma, berberine, immune mechanism, molecular docking




1 Introduction

Since its discovery in December 2019, severe acute respiratory syndrome coronavirus 2 (SARS-CoV-2) has spread and levied significant damage to the economies, quality of life, and psychological health of individuals. As of 11 August 2022, the World Health Organization (WHO) (https://covid19.who.int/) reported a 24-hour-emergence of 866,828 new COVID-19 cases, a 580 million increase in the total number of COVID-19 patients worldwide and 6.4 million COVID-19-induced deaths. Despite the rapid development of vaccines and population-wide immunisation campaigns (1, 2), the global epidemiological scenario remains critical owing to significant infectivity, SARS-CoV-2 mutations, and declining neutralising antibody titers (3–6). Given that 5% of COVID-19 patients with acute respiratory distress syndrome (ARDS) require mechanical ventilation and intensive care unit (ICU) admittance (7), effective treatment approaches are urgently required to alleviate symptoms and reduce mortality.

Cancer and COVID-19 may be related as COVID-19 infection is more common in cancer patients (8, 9). In addition, COVID-19 patients with cancer are at a greater risk for serious complications and unfavourable prognosis than those without cancer (10–12), particularly immunocompromised patients (13). Most renal cell carcinoma (kidney clear cell carcinoma, KIRC) cases are malignant with significant mortality (14). Following COVID-19 infection, 28.5% and 19.3% of patients experience immediate renal impairment and die, respectively, indicating that the infection quickly attacks the kidney and endangers the lives of patients (15, 16). This may be linked to the development of sickle cell traits and enhanced ACE2 expression (17, 18). Furthermore, following COVID-19 infection, KIRC patients experience severe complications and elevated mortality risk (19). Similarly, the COVID-19 pandemic delays medical care for KIRC patients (20).KIRC patients have a higher risk of infection and may develop fatal complications and higher mortality from COVID-19.

Therefore, we sought effective treatment methods to reduce the progressive COVID-19-induced deterioration and improve the survival of patients with KIRC. Berberine is a natural compound with strong antibacterial, antiviral, and antitumour activities (21–27). It can resist the inflammatory response of acute lung injury by facilitating nuclear translocation and phosphorylation of nuclear factor erythroid 2–related factor 2 (Nrf2) to reduce the generation of inflammatory factors and reactive oxygen species (ROS) (28); berberine induced apoptosis in virus-infected cells by promoting ROS production (29, 30). This dual effect of resistance to disease damage and viral destruction is specific and important; by directly interacting with the virion, berberine counteracts the infectiousness and inhibits SARS-CoV-2 replication (31). Moreover, berberine decreases circulating inflammatory mediators, including interleukin (IL)-6, tumour necrosis factor (TNF)-α, and C-reactive protein (CRP), in patients with severe COVID-19 (32). Additionally, in combination with photodynamic therapy, berberine accelerates autophagy and apoptosis of KIRC cells by promoting ROS generation, resulting in KIRC cell death (33). It also strengthens apoptosis in KIRC cells by stimulating ROS generation by decreasing c-FLIP and Mcl-1 protein regulation (34). Hence, berberine can inhibit SARS-CoV-2 infection and reproduction, reduce the inflammatory response in COVID-19 patients, and promote apoptosis of KIRC cells by facilitating ROS generation. This study aimed to further explore the berberine therapeutic mechanism in treating KIRC/COVID-19 patients to provide treatment evidence and strategy for these patients (Figure 1).




Figure 1 | Flow chart.






2 Materials and methods



2.1 Identification of KIRC/COVID-19-related genes and obtainment of berberine target genes

The COVID-19-related transcriptomic RNA-sequencing datasets, GSE157103 and GSE171110, were acquired from GEO datasets (https://www.ncbi.nlm.nih.gov/geo/). By using the “limma” package in R software (version 4.2) with the the filtering criterion of p < 0.05, and | log fold change | of > 0.585, the COVID-19 differentially expressed genes (DEGs) in two datasets were verified. DEGs of two datasets were intersected reciprocally to screen out the most credible COVID-19- related genes.

The KIRC RNA-seq dataset was downloaded from The Cancer Genome Atlas (TCGA, https://portal.gdc.cancer.gov/repository). ​The analogous calculation and filtering criterion were carried out for the identification of KIRC-related genes.

To discover the berberine therapeutic target gene, we deploy a comprehensive retrieval strategy via official websites, including CTD (http://ctdbase.org/), Parm Mapper (http://www.lilab-ecust.cn/pharmmapper/), SEA (https://sea.bkslab.org/), Swiss Target Prediction (http://www.swisstargetprediction.ch/) and TCMSP (http://tcmspw.com/tcmsp.php/). These genes from various websites were merged and considered berberine target genes.

Ultimately, the COVID-19- related genes, KIRC-related genes and berberine target genes were intersected. And these overlapping genes represented therapeutic target genes of berberine against KIRC/COVID-19.




2.2 Functional analyses of therapeutic target genes of berberine against KIRC/COVID-19

To determine the interactions between target genes of berberine against KIRC/COVID-19, the GeneMANIA (http://genemania.org/), a website predicting the interactions between genes based on the label propagation algorithm and linear regression-based algorithm, was performed to construct a protein-protein interaction (PPI) network. PPI network data was imported into Cytoscape software to build the core network based on crucial topological parameters, including Betweenness-Centrality, Closeness-Centrality and Degree.

In addition, Gene Ontology (GO) and Kyoto Encyclopedia of Genes and Genomes (KEGG) enrichment analysis were executed via the R package “clusterProfiler”, making clear the underlying therapeutic mechanism of berberine against KIRC/COVID-19.




2.3 Exploring the clinical significance of target genes in COVID-19 patients

​ Due to the lack of clinical information in the GSE171110 dataset, the GSE157103 dataset was selected as the primary clinical research objective. Admittedly, mechanical ventilation is an essential life support therapy for patients with respiratory distress, and most critically ill COVID-19 patients desperately need mechanical ventilation (35, 36), which is an important clinical indicator of the severity of COVID-19 patients, especially in the respiratory system. Whether admission in ICU is also a key clinical information to judge the condition of patients with COVID-19, which pays greater attention to holistic life support therapy. Then, the Wilcoxon test was performed to examine which genes are associated with clinical factors of patients with COVID-19. After screening, the target genes were identified the association with each other via the Spearman correlation test.




2.4 Exploring the clinical significance of target genes in KIRC patients

Based on the “survival”, “survminer” and “glmnet” package in R software, the target genes of KIRC patients were identified by using the univariate COX regression analysis and LASSO Cox regression analysis successively. Genes after being screened would be divided equally into high- and low- expression groups. Kaplan–Meier survival analysis was applied to analyze which genes are closely related to overall survival (OS) between the high- and low- expression groups. These genes would be calculated as risk score according to the computational formula: risk score = sum of coefficients × gene expression level. The KIRC patients were divided into low- and high-risk groups based on the median of risk score. The heatmap could visually describe the difference of gene expression between low- and high-risk groups, and the correlation of each gene detected by the Spearman correlation test.




2.5 Verification between risk and clinical information in KIRC patients

The relationship between risk signature and OS was proved using Kaplan–Meier survival analysis. The risk signature’s sensitivity and specificity were further evaluated through the area under the curve (AUC) in the time‐dependent receiver operating characteristic (ROC) analyses performed by R packages “survivalROC”. The clinical information, including age, gender, grade, tumour stage, tumour, node and metastasis, were equipped to describe the survival state of KIRC patients in multidimensional and depth. And the differences in the risk signature at different clinical stages would be compared mutually.




2.6 Revelation of potential immune mechanism in KIRC/COVID-19

Immune response plays an irreplaceable role in the development and treatment of KIRC (37, 38) and COVID-19 infection (39, 40). We estimated 22 immune cell infiltration in KIRC/COVID-19 patients respectively via R package “CIBERSORT”, and analyzed the difference of each immune cell infiltration in genes of berberine against KIRC/COVID-19. Moreover, analysis of immunological function was further investigated through R package “GSVA” and “GSEABase”. The infiltration of stromal cells and immune cells was assessed by R software package (“estimate”), for making clear the tumour microenvironment (TME).




2.7 Molecular docking

Molecular docking analysis was carried out to predict predominant binding modes of berberine to KIRC/COVID-19-related proteins. We collected structures of target proteins and berberine from RCSB PDB database (https://www.rcsb.org/) and PubChem (https://pubchem.ncbi.nlm.nih.gov/). After removing redundant ligand and hydrone of target proteins via Pymol software (version 2.4), we loaded structures of proteins and berberine into Autodock Vina to perform the molecular docking. When the docking affinity scores < -5.0 kcal/mol, it indicates that berberine has strong binding interaction with target protein.





3 Results



3.3 Identification of the berberine therapeutic target genes against KIRC/COVID-19

In total, 19,472 genes were obtained from 10 healthy individuals and 100 COVID-19 patients in the GSE157103 dataset, and 30,183 genes were obtained from 10 healthy individuals and 44 COVID-19 patients in the GSE171110 dataset. Following identification between the healthy and COVID-19 group based on the filtering criterion of p < 0.05, and | log fold change | of > 0.585, 3,505 DEGs (3,399 downregulated and 106 upregulated genes) in the GSE157103 dataset and 6,534 DEGs (3,070 downregulated and 3,464 upregulated genes) in the GSE171110 dataset were obtained (Figures 2A–D). To exclude interference factors and enhance credibility, DEGs in the two datasets were intersected, and 1,038 overlapping genes were considered crucial for COVID-19 infection (Figure 2G).




Figure 2 | Identification of therapeutic target genes of berberine against KIRC/COVID-19. (A, B) Volcano plot and heatmap of DEGs from GSE157103 data set, and heatmap shown the top 50 DEGs (C, D) DEGs from GSE171110 data set. (E, F) DEGs from TCGA data set. (G) The intersection of GSE157103 and GSE171110 data set. (H) The union set of berberine target genes of each website. (I) The intersection of COVID-19 DEGs, KIRC DEGs and berberine target genes.



In total, 38,125 genes from 72 normal and 539 KIRC tissues were obtained from TCGA. Similarly, 12,992 KIRC DEGs (4,199 down-regulated and 8,793 upregulated genes) (Figures 2E, F) were obtained.

Additionally, 235, 183, 8, 100, and 12 berberine target genes were obtained from CTD, Parm Mapper, SEA, Swiss Target Prediction and TCMSP, respectively. After merging, 489 berberine target genes were obtained (Figure 2H).

In total, 526 DEGs were co-expressed in KIRC/COVID-19 after intersecting, and 26 genes were obtained by crossing 489 berberine target genes with 1,038 COVID-19 and 12,992 KIRC DEGs, indicating that berberine plays a therapeutic role in KIRC/COVID-19 through these genes (Figure 2I).




3.4 Exploration of the underlying therapeutic mechanism of berberine against KIRC/COVID-19

Proteins, the result of transcription and translation of genes, are elementary substances that directly affect the metabolism, physiology, and pathology of the human body. To verify protein interactions, 26 berberine genes against KIRC/COVID-19 were imported into the GeneMANIA website, and a PPI network was constructed (Figure 3A). Next, the PPI network data were loaded into Cytoscape software, and the topological parameters, including Betweenness-Centrality, Closeness-Centrality and Degree, were calculated via the package “CytoNCA”. Following filtering with a criterion of topological parameters greater than the median, 14 predominant proteins were established in the core network (Figure 3B) (Table 1).




Figure 3 | Exploration of the potential mechanism of berberine against KIRC/COVID-19. (A) The PPI network based on therapeutic target genes of berberine against KIRC/COVID-19. (B) the core network of PPI. (C) GO analysis of target genes. (D) KEGG pathway analysis of target genes.




Table 1 | Topological parameters of 14 preponderant proteins.



GO analysis revealed that 26 genes were enriched in 771 GO terms, including 669 biological processes (BPs), 85 cellular components (CCs), and 17 molecular functions (MFs). The dominant BPs were organelle fission, nuclear division, binding regulation, DNA packaging, and the G2/M transition of the mitotic cell cycle (Figure 3C). Nineteen KEGG terms were enriched in the KEGG analysis, including viral carcinogenesis, progesterone-mediated oocyte maturation, cell cycle, oocyte meiosis, and PI3K−Akt signalling pathway (Figure 3D).




3.5 Clinical significance of target genes in COVID-19 patients

Clinical information in the GSE157103 dataset includes mechanical ventilation and ICU, which are pivotal indicators for evaluating COVID-19 severity. Following the Wilcoxon test, six of the 26 berberine target genes against KIRC/COVID-19 were associated with mechanical ventilation. Compared to the non-mechanical ventilation group, the expression of ACOX1, LRRK2, MMP8, and SLC1A3 was higher, and that of H4C8 and ITK was lower in the mechanical ventilation group (Figure 4A). As MMP8 and SLC1A3 expression increased and CPT1A, H2AC11, H4C8, and ITK expression decreased, the probability of ICU admittance increased (Figure 4B). In addition, the correlation between genes was demonstrated using the Spearman correlation test (Figure 4C). These results revealed that berberine treatment could effectively reduce the utilisation rate of mechanical ventilation and the probability of ICU admittance by targeting these eight genes and inducing a chain reaction among them.




Figure 4 | Clinical significance of target genes in COVID-19 patients. (A) Boxplot of target genes associated with mechanical ventilation. (B) Boxplot of target genes associated with ICU admission. (C) The correlation analysis between genes after screening. *p <0.05, **p <0.01, ***p <0.005.






3.6 Assessment of target gene signatures in KIRC patients

According to univariate Cox regression analysis, 13 of the 26 berberine target genes against KIRC/COVID-19 were closely correlated with OS (Figure 5A). To reduce the influence of multicollinearity among variables and detect the optimal genes, LASSO Cox regression analysis was performed; ACOX1, APP, CPT1A, PLK1 and TYMS were identified as representative signatures of the OS of KIRC patients, and the risk score was forecasted by the computational formula: risk score = (-0.365 × expression ACOX1) + (-0.211 × expression APP) + (-0.077 × expression CPT1A) + (0.663 × expression PLK1) + (-0.036 × expression TYMS) (Figures 5B, C). According to their number, KIRC patients were subdivided into high- and low-risk groups (Figure 6A). The heatmap vividly described the expression of five genes in these groups (Figure 5D). Furthermore, these five genes correlated positively or negatively (Figure 5E). Kaplan-Meier (KM) survival analysis revealed that high-expression genes, including ACOX1, APP, CPT1A, and TYMS, had a higher survival probability over time, whereas PLK1 had the opposite effect (Figures 5F–J).




Figure 5 | Assessment of target gene signatures for KIRC patients. (A) The forest plot of univariate Cox proportional analysis. (B, C) The LASSO Cox regression analysis for detecting the representative gene. (D) Heatmap of target gene signatures. (E) The correlation analysis between target gene signatures. (F–J) Kaplan-Meier survival analysis of target gene signatures.






Figure 6 | Clinical significance of risk signature for KIRC patients. (A) Distribution of risk scores to be divided into high- and low- risk groups. (B) Distribution of the OS to depict the relationship between OS and risk signature in dead and alive KIRC patients. (C) Kaplan-Meier survival analysis of risk signature. (D) AUC in ROC analysis for risk signature at 1‐, 3‐and 5‐years survival. When AUC is greater than 0.7, the prediction model has reliable accuracy. (E–J) Boxplot reveals the relationship between risk signature and clinical information, containing in age, grade, tumor stage, tumor, lymph node and metastasis deteriorated.






3.7 Clinical significance of risk signature in KIRC patients

The OS of KIRC patients decreased with an increased risk score, and the survival rate tapered towards death (Figure 6B). KM survival analysis revealed that the prognosis of the high-risk group was substantially worse than that of the low-risk group (Figure 6C). The AUC, a sensitive and specific risk signature indicator, showed reliable predictive accuracy at the 1-, 3-, and 5‐year survival time points (Figure 6D). ​Except for age, significant differences were observed in the risk signature for each clinical feature. The risk signature increased to varying degrees as the grade, tumour stage, tumour, lymph node, and metastasis deteriorated (Figures 6E–J). These results suggest that the risk signature can effectively reflect the clinical status and prognosis of KIRC patients.




3.8 The immune response of target genes for KIRC/COVID-19 patients

In total, 22 immune cell infiltration was predicted using “CIBERSORT”. We focused on the comparatively large number of neutrophil infiltrations in COVID-19 patients, possibly associated with a sharp neutrophil increase and activation of SARS-CoV-2-induced neutrophil extracellular traps (41–44) (Figures 7A–F, Supplementary File 1). According to the boxplot, high expression of ACOX1, LRRK2, and SLC1A3 was susceptible to neutrophil infiltration, whereas that of CPT1A and ITK was resistant to neutrophil infiltration (Figures 7A–E). The relationship between these genes and neutrophil infiltration was consistent with the relationship between the genes and the utilisation rate of mechanical ventilation or probability of ICU admittance (Figures 4A, B). Moreover, high neutrophil infiltration significantly affected the increased use of mechanical ventilation and ICU stay (Figures 7F, G).




Figure 7 | Immune response of target genes for COVID-19 patients. (A–E) Boxplot of target genes associated with 22 immune cell infiltration. (F) Boxplot of neutrophil infiltration associated with mechanical ventilation. (G) Boxplot of neutrophil infiltration associated with ICU admission. *p <0.05, **p <0.01, ***p <0.005.



In KIRC patients, five genes were positively or negatively correlated with 22 immune cells to varying degrees, indicating that berberine may play a therapeutic role by regulating the infiltration of immune cells (Figures 8A–E). Furthermore, seven immune cells, including CD8 T cells, CD4 memory-activated T cells, follicular helper T cells, regulatory T cells (Tregs), macrophages M0, macrophages M1 and activated dendritic cells, were enriched with an increased risk signature; however, CD4 memory resting T cells, macrophages M2, dendritic cells, and resting mast cells, were reduced (Figure 8F). Analysis of immunological function demonstrated that the high-risk group exhibited enhanced APC co-stimulation, CCR, checkpoint, cytolytic activity, inflammation-promotion, parainflammation, T-cell co-inhibition, and T-cell co-stimulation, and inhibited type II IFN response (Figure 8G). ​The violin plot showed that the high-risk groups correlated with a higher immune score, suggesting that high-risk groups are prone to a hyperimmune response (Figure 8H).




Figure 8 | Immune response of target genes for KIRC patients. (A–F) Boxplot of target gene signatures associated with 22 immune cell infiltration. (G) The analysis of immunological functions. (H) the tumor microenvironment score. *p <0.05, **p <0.01, ***p <0.005.






3.9 Molecular docking of berberine binding to KIRC/COVID-19 target genes

Molecular docking was performed to determine the optimal binding mode of berberine to KIRC/COVID-19 target genes. The docking affinity score output by AutoDock Vina was ACOX1 (-10.4) < PLK1 (-10.1) < H4C8 (-9.7) < H2AC11 (-7.9) < MMP8 (-7.9) < LRRK2 (-7.8) < SLC1A3 (-7.8) < ITK (-7.7) < TYMS (-7.1) < APP (-6.1) < CPT1A (-5.5). All docking affinity score was < -5.0 kcal/mol, indicating that these target genes play an important role in the berberine treatment of KIRC/COVID-19 (Figures 9A–E, Supplementary File 2).




Figure 9 | Molecular docking of berberine and target genes. The top 5 docking affinity score. (A) Berberine binding to ACOX1. (B) Berberine binding to PLK. (C) Berberine binding to H4C8. (D) Berberine binding to H2AC11. (E) Berberine binding to MMP8.







4 Discussion

The COVID-19 epidemic has significantly affected individuals worldwide and had catastrophic effects on the global economy, health, and psychology (45). ​ Although the vaccine received immediate popularity, the anti-COVID-19 vaccine campaign persisted for years because of the dreadful contagiousness, SARS-CoV-2 mutations, and declining antibody titers (3–6). Although specific medicines have not yet been developed, COVID-19 therapy schedules and management strategies have been continuously investigated (46–48). In China, the mortality rate of COVID-19 patients is 0.41% (24,232 deaths/59,69737 confirmed cases), which is significantly lower than the global average, indicating the superior effectiveness of conventional Chinese medicine in combating COVID-19 (49, 50), such as Lianhua Qingwen capsules, Xuanfei Baidu decoction, and Xuebijing, among others (51). SARS-CoV-2 invades the kidney, harms renal cells, and impairs renal function (52–54), posing a greater threat to KIRC patients. Additionally, KIRC patients are more likely to contract COVID-19 and are more susceptible to dying from its infection (8, 9, 19). We sought an effective therapeutic strategy to decrease possible significant sequelae and increase the survival of KIRC/COVID-19 patients based on the relationship between COVID-19 and KIRC. It has been demonstrated that berberine, an active ingredient in most natural herbs, lowers inflammation in COVID-19 patients and destroys KIRC cells. Using computer-based approaches and algorithms, the possible therapeutic mechanism of berberine in treating KIRC/COVID-19 patients was investigated.

In this study, 26 genes were identified as therapeutic target genes of berberine against KIRC/COVID-19. The PPI network produced by the GeneMANIA website revealed that the 26 therapeutic target genes achieved protein function through a core network composed of 14 genes, such as CDK1, CCNA2, and PLK1, among others. GO analysis revealed that the BPs of 26 target genes were enriched mainly in organelle fission, nuclear division, binding regulation, DNA packaging, and G2/M transition of the mitotic cell cycle. These BPs play an important role in cell proliferation, which is crucial in KIRC/COVID-19 pathogenesis (55, 56). The PI3K-Akt signalling pathway predicted by KEGG analysis was activated by accelerating the phosphorylation of Akt, mTOR, 4E-BP1, and S6K1 during the initial phases of COVID-19 infection (57), resulting in the rapid activation of the translation machinery of viral protein synthesis (58, 59). The MDM2 protein is activated by the aberrant PI3KAkt signalling pathway in KIRC, allowing easier degradation of the tumour suppressor p53 by proteasome machinery (60). According to functional analyses, the berberine mode of action in treating KIRC/COVID-19 may have diverse pathways that interfere with tumour cell proliferation or viral self-replication, particularly the PI3K-Akt signalling pathway.

Mechanical ventilation and ICU admittance are indispensable life support measures for patients with severe COVID-19 (61–63). ​The severity of COVID-19 infection in patients intensified as the expression of ACOX1, LRRK2, MMP8, and SLC1A3 increased, and the expression of CPT1A, H2AC11, H4C8, and ITK decreased. These genes play different roles in resisting viral infections and can function as prospective targets for COVID-19 treatment. The enhanced MMP8 production during the early stages of COVID-19 infection is directly linked to the breakdown of the extracellular matrix (ECM), including collagen, laminin, and proteoglycans, which promotes viral multiplication and inflammation (64). ​ROS production, which is essential for inflammation and lung injury, is enhanced by high levels of ACOX1 protein and function (65, 66). Huang et al. found that IL-2-inducible T-cell kinase (ITK) facilitates γδ T-cell-derived IL-17A production to resist Mycobacterium tuberculosis infection (67). By inhibiting CPT1a expression, increased mitochondrial ROS accelerates the progression of pulmonary fibrosis; however, restoring CPT1a expression impedes pulmonary fibrosis (68). ​ These genes function by controlling ROS production or being controlled by ROS, which may be connected to the interference of berberine with ROS production. Thus, berberine decreases ROS production by controlling the expression levels of these genes, lowering mechanical ventilation and ICU admittance in COVID-19 patients.

Five of the 26 target genes of berberine against KIRC/COVID-19 were closely associated with OS in KIRC patients, as determined by univariate and LASSO Cox regression analyses., Du et al. discovered that lipid deposition plays a significant role in accelerating KIRC progression with hypoxia-inducible factors (HIFs)-induced CPT1A suppression, and with the reversing of this inhibition, CPT1A decreases KIRC progression (69). Increasing fatty acid oxidation by enhancing CPT1A expression may be a promising therapeutic strategy for KIRC (70). Furthermore, HIF-2 increased PLK1 expression, inducing metastasis and drug resistance in KIRC cells (71) and counteracting CPT1A effects. By phosphorylating MCM3, PLK1 promoted KIRC cell growth and prevented apoptosis (72). Regulation of the antagonistic effect between CPT1A and PLK1 may be an advancement to improve the OS of KIRC patients. The survival status of KIRC patients may be more thoroughly and objectively reflected by the risk signature derived from the five gene expression levels in this study and may accurately reveal the change mechanism of tumour grade, stage, lymph nodes, and metastasis. All of the evidence demonstrates the risk signature as a valid indicator of patient prognosis and a tool for evaluating the effectiveness of KIRC.

The immune response significantly contributes to disease development. The fulminant immune response is a body characteristic following SARS-CoV-2 infection (73–75). In this study, abundant neutrophil infiltration was observed in COVID-19 patients compared with the remaining 21 immune cells. This is similar to the results of several studies, and the sharp increase in neutrophils and activation of neutrophil extracellular traps caused further acute injury to the lungs and kidneys (41–44, 76). Cytokine storm-induced inflammation activates ROS, causing severe complications (77). Therefore, it is practical to reduce mechanical ventilation and ICU admittance by decreasing neutrophil infiltration. Abnormal immunological responses in KIRC patients are a significant contributor to disease onset. KIRC patients with a high immune score were at increased risk, suggesting KIRC progressed when a significant proportion of immune cells were concentrated in the tumour microenvironment (TME). In recent years, immune checkpoint inhibitors have gradually become a mainstream therapy and research focus for KIRC (78) and are beneficial for improving the prognosis of patients (79–81). Relative to chemotherapy, treatment with immune checkpoint inhibitors does not appear to significantly increase risk of serious adverse events in COVID-19-positive patients (82). Correcting immune disorders may be a future trend for KIRC treatment, immune checkpoint inhibitors remains an important treatment option even in COVID-19 positive patients.

The treatment mechanism of berberine against KIRC/COVID-19 remains uncertain. In this study, DEGs were screened, and target genes for correlation with clinical information were analysed, revealing immune mechanisms. Finally, molecular docking was used to investigate the best binding mode of berberine to the KIRC/COVID-19 target genes. The results indicate that berberine treatment is an effective strategy for treating KIRC/COVID-19. In a follow-up study, COVID-19-infected KIRC cells will be examined using berberine, and the role of target genes in the treatment process will be analysed to further explore the therapeutic mechanism of berberine against KIRC/COVID-19.

Overall, KIRC patients are at higher risk of contracting COVID-19, and no effective therapies have been developed for both conditions. In this study, berberine was demonstrated as a potential treatment option in pharmacological, immunological, and clinical practice; its therapeutic effect provides a potential and reliable treatment option for patients with KIRC/COVID-19.
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Simple summary

Somatic and germline aberrations in homologous recombinant repair (HHR) genes are associated with increased incidence and poor prognosis for prostate cancer. Through next-generation sequencing of prostate cancer patients across all clinical states from north China, here the authors identified a somatic mutational rate of 3% and a germline mutational rate of 3.9% for HRR genes using 200 tumor tissues and 714 blood specimens. Thus, mutational rates in HRR genes were lower compared with previous studies.



Background

Homologous recombination repair deficiency is associated with higher risk and poorer prognosis for prostate cancer. However, the landscapes of somatic and germline mutations in these genes remain poorly defined in Chinese patients, especially for those with localized disease and those from north part of China. In this study, we explore the genomic profiles of these patients.



Methods

We performed next-generation sequencing with 200 tumor tissues and 714 blood samples from prostate cancer patients at Peking University First Hospital, using a 32 gene panel including 19 homologous recombination repair genes.



Results

TP53, PTEN, KRAS were the most common somatic aberrations; BRCA2, NBN, ATM were the most common germline aberrations. In terms of HRR genes, 3% (6/200) patients harbored somatic aberrations, and 3.8% (28/714) patients harbored germline aberrations. 98.0% (196/200) somatic-tested and 72.7% (519/714) germline tested patients underwent prostatectomy, of which 28.6% and 42.0% had Gleason scores ≥8 respectively. Gleason scores at either biopsy or prostatectomy were predictive for somatic aberrations in general and in TP53; while age of onset <60 years old, PSA at diagnosis, and Gleason scores at biopsy were clinical factors associated with positive germline aberrations in BRCA2/ATM.



Conclusions

Our results showed a distinct genomic profile in homologous recombination repair genes for patients with prostate cancer across all clinical states from north China. Clinicians may consider to expand the prostate cancer patients receiving genetic tests to include more individuals due to the weak guiding role by the clinical factors currently available.





Keywords: prostate cancer, DNA repair, mutation, China, genetic testing




1 Introduction

Prostate cancer (PCa) is the second most common cancer in men worldwide (1). Despite PCa incidence in China remains far lower than that in western countries, it has increased rapidly in recent years due to lifestyle changes and screenings (2). Genomic and molecular complexity in prostate cancer have been tremendously profiled (3–7). Although many correlations between different genetic variants and PCa clinical outcomes are yet to be revealed, patients with pathogenic variants in DNA damage repair genes, especially those from homologous recombinant repair (HRR) such as ATM, BRCA2, and BRCA1, are found to be closely associated with younger onset, increased risks, and poorer prognosis (8, 9). Furthermore, platin based regimens and poly (ADP-ribose) polymerase inhibitors have been proved to have additional benefits in this specific subgroup (10, 11).

However, most of these findings came from studies enriched with non-Asian population, and research data on domestic Chinese patients are still inadequate. Previous studies have found unique genomic and epigenomic features in Chinese PCa patients, implying the importance of taking population-specific contexts into consideration (12). There are a series of studies addressing the HRR genes in Chinese population (13–19). These studies have provided outlines of mutation landscape in HRR genes in Chinese PCa patients. However, most of these studies came from south part of China. Furthermore, these studies focused mostly on germline variants and metastatic cases. Integrative analysis of somatic variants somatic and germline alterations in Chinese PCa patients is still limited.

In this study, we sequenced 714 fresh blood samples and 200 formalin-fixed paraffin-embedded (FFPE) PCa tissues from a total of 720 PCa patients across all disease states at Peking University First Hospital (PUFH). The majority of patients in this PUFH cohort came from north China. We also analysed clinical characteristics and obtained the surgical results of these patients. Thus, PUFH cohort would serve as a unique supplementation to the current bank of HRR gene alterations in Chinese population.



2 Materials and methods



2.1 Patients

From September 2019 to February 2022, a total of 721 consecutive patients treated at Peking University First Hospital were enrolled in this study with histologically confirmed prostate adenocarcinoma. Among them, 194 patients underwent paired somatic and germline sequencing; 6 patients underwent somatic sequencing solely; 520 patients underwent germline sequencing solely. Thus, a total of 200 patients underwent somatic sequencing, and a total of 714 patients underwent germline sequencing. 196 out of the 200 somatic tested patients and 519 out of the 714 germline tested patients also underwent radical prostatectomy (RP). For the 196 patients underwent RP, somatic sequencing was carried out using RP specimens; for the 4 patients who did not undergo RP, somatic sequencing was done using biopsy specimens. For both types of specimens, pathologists checked under microscope to make sure the proportion of the tumor region accounted for >20% of total area. Peripheral blood drawn from patients was used for germline sequencing. Clinical data were collected from the institutional medical database. The study was approved by the Committee for Ethics at Peking University First Hospital.



2.2 Sample preparation, sequencing and variant classification

DNA samples were sequenced with a HRR 32-gene panel (including 19 HRR genes: ATM, ATR, BRCA1, BRCA2, BARD1, CHEK1, CHEK2, FANCA, FANCL, PALB2, RAD51B, RAD51C, RAD51D, RAD54L, CDK12, NBN, PPP2R2A, BRIP1, MRE11A, and 13 therapeutic related genes: AR, BRAF, CDH1, ESR1, HDAC2, KRAS, TP53, NRAS, PIK3CA, HOXB13, ERBB2, PTEN, STK11) provided by Amoy Diagnostics, Xiamen, China. DNA was extracted and sheared into 200 to 500 bp fragments and then used for library construction using the HRR gene combination detection library preparation kit (Amoy Diagnostics, Xiamen, China) according to the manufacturer’s protocol. DNA sequencing was performed on the NextSeq500 Illumina platform (Illumina, San Diego, CA, USA) at an average depth of 1000×.

The types of detected mutations included single nucleotide variants (SNVs) and small indels (<50 bp). Sequencing data was analyzed by Sequencing Data Analysis Software (Amoy Diagnostics, Xiamen, China). In terms of the quality control for calling, a sample would not pass the quality control if: the total depth of mutation and wild-type alleles was lower than 100× for somatic sequencing or 20× for germline sequencing; the depth of a mutation allele was lower than 5×; the allelic frequency was lower than 3% for somatic sequencing or 20% for germline sequencing; the base quality of a mutation was lower than 30; the base quality of mutation allele minus the average base quality of both mutation and wild-type alleles was smaller than -2; the read quality of mutation allele minus the average read quality of both mutation and wild-type alleles was smaller than -2; the mapping quality of mutation allele minus the average mapping quality of both mutation and wild-type alleles was smaller than -0.3. These parameters had been validated in previous studies (20, 21).

For annotation, we followed the evidence framework recommended by American College of Medical Genetics and Genomics (ACMG) guidelines (22). In terms of population data, we first searched for the presence and frequency of each variant in 1000G, ExAc, gnomAD (23–25). Then, for disease databases, we searched in ClinVar for each variant’s pathogenicity (26), and BRCA 1/2 variants were also searched in BRCA Exchange (27). Somatic variants were also searched in Cancer Hotspots, OncoKB, and JAX-CKB (28–30). The assessment also included searching the scientific and medical literature. Next, computational predictive programs were used to predict the function of each variant: Mutation Taster, PolyPhen-2, PROVEAN, and SIFT for non-synonymous mutations (31–34); HSF, NNsplice for synonymous mutations (35, 36). In this study, germline mutations included pathogenic (P) and likely pathogenic (LP) variants.



2.3 Statistical analysis

We used Mann-Whitney U test for clinical characteristics between different subgroups, including age at diagnosis, Gleason score (GS), et al. All reported P values were 2-tailed, and α <.05 was considered statistically significant. SPSS Statistics 25 was used for data analysis, and OriginPro 2020b and ComplexHeatmap package in R 4.2.1 were used for drawing figures.

We further compared the mutation frequency in this cohort with other public or published data. For somatic variants, we analysed PRAD patients from The Cancer Genome Atlas (TCGA) database, SU2C/PCF cohort, MSK-IMPACT cohort, and PCa patients from Chinese Prostate Cancer Genome and Epigenome Atlas (CPGEA) (4, 6, 12). For germline variants, we analysed results from studies by Nicolosi et al. which enriched with western PCa patients and Zhu et al. which enriched with south China PCa patients, as well as SU2C/PCF and MSK-IMPACT cohorts (4, 5, 7, 15). For SU2C/PCF and MSK-IMPACT cohorts, the data were accessed through cBioportal (37, 38).




3 Results



3.1 Patient characteristics

The characteristics of the 200 patients underwent somatic testing and 714 patients underwent germline testing were listed in Tables 1, 2 respectively. The majority of the patients came from north part of China. Patients mostly came from Beijing and Hebei, followed by Shandong, Liaoning, Inner Mongolia, and Shanxi. Most patients were Han Chinese, although patients who were not Han were also recruited. For somatic testing, 21% of the participants were below 60-year-old. 66.5% belonged to high to very high-risk groups, while 7.5% metastasised to regional lymph nodes and 2.5% to distant organs. For germline testing, 19.9% were younger than 60-year-old at time of diagnosis. 57.6% belonged to high to very high-risk groups according to NCCN clinical practice guideline, while 9.2% had regional lymph node involvement and 17.6% had remote metastasis.


Table 1 | Clinical characteristics of somatic testing at PKUFH.




Table 2 | Clinical characteristics of germline testing at PKUFH.





3.2 The landscape and comparative analysis of genomic aberrations

3% individuals harbored HHR somatic mutations. 1% demonstrated mutations in ATM and 0.5% in BRCA2 (Figure 1A). TP53 mutations (5%) were the most commonly identified alterations, followed by PTEN (2.5%), KRAS (1.5%), ATM (1%), NBN (1%), and CDK12 (1%). The mutational rates of these genes were lower than those previously reported (Figure 2A). For TP53, the most common type of mutations was missense; for PTEN, the most common type of mutations was frameshift (Figure 3A). GS at biopsy associated significantly with somatic aberrations in general (p=0.003) and in TP53 (p=0.027) (Table 1). VUS frequency was 53% for somatic sequencing (Supporting File).




Figure 1 | The distributions of somatic (A) and germline (B) mutations in our cohort.






Figure 2 | Comparison of somatic and germline variants between this study and previous ones (A) Somatic pathogenic variants in our study (Peking University First Hospital, PKUFH), PRAD from TCGA, Chinese Prostate Cancer Genome and Epigenome Atlas (CPGEA), SU2C/PCF, and MSK-IMPACT. CPGEA is a cohort with 208 pairs of tumor tissue samples and matched healthy control tissue from Chinese patients with primary prostate cancer. TCGA, SU2C/PCF, and MSK-IMPACT focused mostly on Caucasian populations. SU2C/PCF profiled only patients with metastatic castration resistant prostate cancer. (B) Germline Pathogenic variants (PV) and likely pathogenic variants (LPV) in PKUFH, studies by Nicolosi et al. and Zhu et al., SU2C/PCF, and MSK-IMPACT. The study by Nicolosi et al. recruited mostly patients with Caucasian descendance. The study by Zhu et al. recruited Chinese patients, mostly with metastatic disease.






Figure 3 | Types of mutations in each type of aberrations (A) Aberrations in somatic testing (B) Pathogenic variants (PV) and likely pathogenic variants (LPV) in germline testing.



3.9% individuals harbored HHR germline mutations, with 1.8% for BRCA2 and 0.6% for ATM (Figure 1B). These were lower compared with previous studies (Figure 2B). 2 mutations were not in HRR pathway: one for CDH1 and one for TP53. Most common types of mutations for ATM and BRCA2 were both frameshift (Figure 3B). For all clinical factors, age of onset (p=0.03), PSA at diagnosis (p=0.038), and GS at biopsy (p=0.041) were significantly associated with higher risk of germline mutations in BRCA2 and ATM in PCa (Table 2). VUS frequency was 50.3% for germline sequencing (Supporting File).

Particularly, no aberration was identified for BRCA1 in either germline or somatic tested patient.



3.3 Relation of needle biopsy to radical prostatectomy Gleason score

Tables 3, 4 detailed the corresponding RP GS for each of the five needle biopsy GS groups. For both, approximately 80% of cases were upgraded from a needle biopsy GS 6 to higher grade at RP. Approximately 50% of the cases had matching GS 3 + 4 and 4 + 3 at biopsy and RP. For the rest of the cases in these two groups, most cases upgraded after RP. When the biopsy was GS 8, there are almost 50% of the cases upgraded to GS 9-10 after RP. A biopsy of GS 9-10 led to nearly 70% equal grading at RP. Of note, somatic aberrations in general (p=0.006) and for TP53 (p=0.013) once again were significantly associated with higher RP grades, as for GS at biopsy mentioned above.


Table 3 | Somatic tested patients underwent radical prostatectomy (n=196).




Table 4 | Germline tested patients underwent radical prostatectomy (n=519).






4 Discussion

Through somatic sequencing of 200 cases and germline sequencing of 714 cases, we identified 53 patients harboring either somatic or germline mutations (Figure 4). Unlike previous studies in Chinese population, we profiled PCa in a range of clinical states—from locoregional to metastatic, and, thus, enabled comparison of genomic landscape across disease states using a single cohort. Furthermore, our study enriched PCa patients from north China, which shared a distinct genomic background but unequally represented before. Similar to previous studies, our results showed ATM and BRCA2 germline mutations were of great importance in Chinese population as were in western population. In addition, we echoed previous findings that TP53 accounted for the most common somatic mutation across all population, followed by PTEN and ATM.




Figure 4 | The oncoprints of somatic and germline aberrations tested using the 32-gene panel in our study. A total of 53 patients harbored either somatic or germline mutation. Among these patients, 1 patient underwent somatic sequencing only; 23 patients underwent germline sequencing only; and 29 patients underwent both somatic and germline sequencing. The VUS captured in these patients were also illustrated to provide a thorough view of genetic changes in these patients.



The somatic mutational rates of HRR genes in this study was 3% (6/200). By contrast, 8.68% of the cases in TCGA PARD and 9.4% in MSK-IMPACT harbored somatic aberrations in HRR genes (6). All the three studies included PCa from locoregional to metastatic states. The lower somatic mutational rates in our PUFH cohort confirmed the observation that mutational rates were generally lower in Asian patients compared to Caucasian patients. However, this 3% mutational rate was also lower than 7.89% in the CPGEA cohort which only included Chinese patients (15). This might be due to the fact that our study included a smaller proportion of metastatic (2.5% VS 8.65%) and GS 9-10 (14% VS 28.8%) patients. Furthermore, 17.8% patients in SU2C/PCF harbored somatic HRR gene mutations (4). As SU2C/PCF only included individuals at metastatic castration resistant state, the lower mutational rates in our cohort confirmed that aberrations in HRR genes were less common in early state diseases.

When it came to germline alterations, 3.9% (28/714) patients carried HRR gene mutations in PUFH cohort. The germline mutational rate was 1.8% for BRCA2 and 0.6% for ATM. This was lower compared to the results reported by Nicolosi et al., SU2C/PCF, and MSK-IMPACT in Caucasian population and by Zhu et al. (4.3% for BRCA2 and 1.04% for ATM) in south Chinese population (4, 5, 7, 15). Of note, in the study by Zhu et al, 6% PCa patients had reginal lymph node metastasis and 65% had remote metastasis. However, only 9.2% and 17.6% patients had reginal lymph node and remote metastasis in our cohort. Therefore, it was once again proved that the size of the dataset, stage of disease, and patient diversity—even for the same ethnicity from different regions—were of great importance when interpreting prostate cancer genomic data.

Due to the low mutational rates for HRR genes in patients from north China, a smarter protocol to select potential candidates for genetic testing is necessary. Broadly speaking, as HRR gene mutations were associated with poor outcomes, any clinical feature potentially linked to aggressive disease could serve as a candidate marker. Currently, most guidelines addressed the use of clinical characteristics including age of onset, family history, and personal cancer history to enhance the positive rate of genetic testing (39). Nicolosi et al. argued clinical factors frequently used to identify patients who qualified germline testing, including age, race, and family history, did not correlate with positive test results in their data (7). So was GS. However, their data revealed a higher likelihood of germline mutations in HRR genes with higher stages of diseases. These findings were not echoed by those of Wu et al. In their study, Wu et al. did not observe a relationship between the presence of germline HRR gene mutations and any clinical characteristics except age at diagnosis (14). In our study, Gleason grades at diagnostic biopsy were found to be correlated with somatic aberrations in general and in TP53, while age of onset, PSA at diagnosis, and GS at biopsy were factors correlated with germline ATM and BRCA2 mutations. Due to these conflicting evidences, clinicians should be cautious using these clinical factors when prescribing tailored genetic tests for PCa patients. Indeed, it would be a better idea to expand genetic tests to include wider range of men diagnosed with PCa as much as possible due to the fact that these mutation carriers demanded radical treatment as early as possible.

As a needle biopsy and corresponding RP might not always get the same GS, we also examined the results of RP GS. Our results showed a higher incidence for GS upgrading for most groups except GS 9-10 when compared to the benchmark from Epstein et al (40). Thus, it reflected a potential bias in using biopsy GS alone to pick patients with aggressive patients. However, some pathological features including Intraductal/ductal histology and lymphovascular invasion appeared to be associated with pathogenic germline DNA-repair gene mutations in men with prostate cancer (41). Therefore, it would be reasonable for future studies to investigate the underlying morphology in these specimens possessing HRR gene mutations, and, thus, could provide extra help to smarter screening.

There were puzzles waiting to be answered. We found no BRCA1 mutation in our cohort. Interestingly, in the only one previous study focused on north China population but with a smaller size, researchers found no BRCA1 mutation neither (19). This could possibly be a distinctive genomic feature for north China individuals. Future studies should validate this observation with multiple center studies and more powerful epidemiology tools.

Our study had some limitations. First, we treated VUS as negative alterations in this study. However, preliminary yet increasing data implies the pathogenicity of some of the current VUS. Second, our panel only tested variants including single-nucleotide polymorphisms and indels, but not copy number variants, which also could result in loss of function of proteins. Third, we interpreted the somatic variants with a variety of certified knowledge bases. Of note, there was currently no ‘gold standard’ somatic mutation database that was similar to what existed for germline. These concerns warranted future efforts and advancement in clinical genetics.

In summary, we investigated the genomic landscape of both somatic and germline HRR gene alterations in the PCa patients across all clinical states from north Chinese population. The lower HRR gene mutational rate in this PUFH cohort underlined the need for a more efficient pre-testing candidate-selection protocol in genetic testing.
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Bladder cancer (BC) or carcinoma (BLCA) is predominantly derived from urothelium and includes non-muscle invasive BC (NMIBC) and muscle invasive BC (MIBC). Bacillus Calmette-Guerin (BCG) has long been applied for NMIBC to effectively reduce disease recurrence or progression, whereas immune checkpoint inhibitors (ICIs) were recently introduced to treat advanced BLCA with good efficacy. For BCG and ICI applications, reliable biomarkers are required to stratify potential responders for better personalized interventions, and ideally, they can replace or reduce invasive examinations such as cystoscopy in monitoring treatment efficacy. Here we developed the cuproptosis-associated 11 gene signature (CuAGS-11) model to accurately predict survival and response to BCG and ICI regimens in BLCA patients. In both discovery and validation cohorts where BLCA patients were divided into high- and low-risk groups based on a median CuAGS-11 score as the cutoff, the high-risk group was associated with significantly shortened overall survival (OS) and progression-free survival (PFS) independently. The survival predictive accuracy was comparable between CuAGS-11 and stage, and their combination-based nomograms showed high consistence between predicted and observed OS/PFS. The analysis of 3 BLCA cohorts treated with BCG unveiled lower response rates and higher frequencies of recurrence or progression coupled with shorter survival in CuAGS-11 high-risk groups. In contrast, almost none of patients underwent progression in low-risk groups. In IMvigor210 cohort of 298 BLCA patients treated with ICI Atezolizumab, complete/partial remissions were 3-fold higher accompanied by significantly longer OS in the CuAGS-11 low- than high-risk groups (P = 7.018E-06). Very similar results were obtained from the validation cohort (P = 8.65E-05). Further analyses of Tumor Immune Dysfunction and Exclusion (TIDE) scores revealed that CuAGS-11 high-risk groups displayed robustly higher T cell exclusion scores in both discovery (P = 1.96E-05) and validation (P = 0.008) cohorts. Collectively, the CuAGS-11 score model is a useful predictor for OS/PFS and BCG/ICI efficacy in BLCA patients. For BCG-treated patients, reduced invasive examinations are suggested for monitoring the CuAGS-11 low-risk patients. The present findings thus provide a framework to improve BLCA patient stratification for personalized interventions and to reduce invasive monitoring inspections.
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Introduction

Bladder cancers (BCs) or carcinomas (BLCAs) are the commonest urological malignancy worldwide, and up to 95% of them are originated from the urothelium (1–3). At diagnosis, the majority of BLCAs (70% – 80%) are non-muscle invasive (NMIBCs) while 20% - 30% present with muscle invasive BCs (MIBCs). NMIBCs display a high frequency of recurrence, but patients in general have a favorable outcome with long-term survival and only a small fraction (15% - 20%) advance into MIBCs (4, 5). Local and distant disseminations occur frequently in MIBCs, and many patients die from aggressive or metastatic diseases within 5 years (4, 5). During the last decades, the major clinical interventions of BLCAs largely include surgery plus intravesical Bacillus Calmette-Guerin (BCG) instillation for intermediate/high-risk NMIBCs and neoadjuvant chemotherapy for MIBCs (3, 6–9). BCG as a traditional immunotherapeutic strategy has been very successful in NMIBC treatments and this protocol is still recommended by the international guidelines as the standard care to reduce BC recurrence and progression in the present BLCA care (6–8, 10). In the recent years, promoting anti-cancer immunity by using immune checkpoint inhibitors (ICIs) as a novel strategy has been developed for clinical application and totally revolutionized the therapeutic landscape of BLCAs and other cancer types (3). By targeting PD-1/PD-L1, CTLA4, or other immune checkpoint proteins, the ICI therapy demonstrates robust efficacy in subsets of BLCA patients (3, 9). To improve stratification for better immunotherapeutic applications, numerous studies have paid great attention to biomarker identification for response to ICIs (3, 8, 11–15). Attempts to look for BCG treatment predictors are far behind, and the evaluation of BCG response depends mainly on cystoscopy, cytology and/or bladder biopsy nowadays (8), although several molecules are shown to serve as potential factors (16). In short, searching for reliable prognostic factors for patient survival, recurrence, NMIBC progression to MIBCs and treatment response are critical unmet needs, and patients with high-risk can thus be pinpointed for active surveillance and personalized intervention, thereby reducing BLCA-associated morbidity and mortality.

Copper, as an essential mineral nutrient, has long been appreciated to participate in cancer development and progression, and the copper signaling is actively involved in cancer cell proliferation, survival and metastasis (17). More recently, Tsvetkov et al. defined a copper-dependent form of regulated cell death named cuproptosis (18). During the cuproptotic process, FDX1, a reductase, and copper together bring on the lipoylation and aggregation of mitochondrial enzymes responsible for the tricarboxylic acid (TCA) cycle, and promote Fe-S cluster protein degradation, which consequently result in proteotoxic stress and eventual cell death (18). It is currently unclear whether cuproptosis plays a role in carcinogenesis or copper-mediated oncogenic function can be targeted by inducing cuproptosis. Nevertheless, recent clinical investigations have shown that cuproptosis-related factors serve as predictors for outcomes and treatment response in several cancer types (19–25). By studying patients with clear cell renal cell carcinoma (ccRCC), we showed that the cuproptosis-associated 13 gene signature (CuAGS-13) was a robust predictor for outcomes and response to ICI and targeted therapies in ccRCC (19). The association between cuproptosis and BLCA has also been explored using 10 cuproptosis factors, or cuproptosis-related genes and long non-coding RNAs (26–30). These different models consistently showed their prognostic values in outcome prediction of BLCA patients, and some of them also revealed the significant impact of cuproptosis-related factors on invasion, drug resistance, tumor microenvironments and immune cell infiltrations. However, it remains elusive whether the cuproptosis-based models are capable of predicting response to immunotherapy and survival benefits, the key clinical-related issues. Most of the above studies only examined the relationship between cuproptosis-based models and immune cell infiltrations in BLCA tumors (26, 27, 29, 30), while only in the report by Li et al, 34 BLCA patients treated with Atezolizumab (anti-PD-L1 antibody) were analyzed for their response rate using a 14 cuproptosis-related gene-containing signature (28). Unfortunately, the authors ignored the IMvigor210 cohort with 348 BLCA patients receiving Atezolizumab. The results obtained from a small cohort of 34 patients, together with lack of survival analysis, are far from the conclusive proof of the cuproptosis-related effect on ICI therapy. In addition, BCG as an immunomodulator has long been successful in NMIBC treatment as described above (7, 8), but it is currently unclear whether cuproptosis or its associated gene signature can predict BCG response. In the present study, we analyzed several BLCA cohorts and developed the BLCA-specific cuproptosis-associated 11 gene signature (CuAGS-11) as a useful predictor for outcomes and therapeutic efficacy of BCG and ICIs.





Materials and methods




Study workflow, data collection and processing of BLCA tumors and bladder nontumorous tissues (NTs)

Based on 10 cuproptosis molecules (18) (Figure 1A), we sought to establish a cuproptosis-associated gene signature for BLCA prognostication using the following public databases (Figure 1B). (i) The TCGA cohort of BLCA (legacy) that includes 407 tumor samples and 19 bladder nontumorous tissues (31). Patient information, pathology/histology, transcriptome, mutation, and copy number variation (CNV) data were downloaded from https://gdc.cancer.gov/. Aneuploid score was from reference (32). Tumor mutation burden (TMB) was calculated using Rpackage TCGAmutations. (ii) GSE13507 (33, 34), GSE154261 (35), and GSE176307 (36) BC cohorts. The data in these cohorts were obtained from the Gene Expression Omnibus database (https://www.ncbi.nlm.nih.gov/geo/). (iii) E-MTAB-4321 cohort. The data were downloaded from https://www.ebi.ac.uk. (iv) IMvigor210 cohort. The data were from IMvigor210CoreBiologies (37, 38). For RNA sequencing data above, gene expression levels were measured using Transcripts Per Kilobase Million (TPM) and log2(x + 1) transformed. For array results (determined by 4×44K v2 microarray kit), we determined transcript abundances using probe-set values; and when multiple probes targeted the same mRNAs, the probes with largest mean values were chosen and then standardized using “Limma” package (39). During RNA sequencing and array processing, we conducted a two-step filtering. First, those genes with undetectable expression in >75% of samples were discarded. Second, we further got rid of genes with expression median absolute deviation (MAD) ≤0.01 and at the bottom 25%. The present study did not contain experimental analyses directly from human samples and animals, and thus needed no ethics permission.




Figure 1 | The Cuproptosis factors and study workflow. (A) Left panel: Ten factors involved in cuproptosis. Right panel: The cuproptosis signaling pathway. Extracellular copper Cu++ enters cells by binding to copper chelators and elesclomol serves as the most efficient Cu++ transporter. The reductase FDX1 reduces Cu++ to Cu+, a more toxic form, while lipoyl synthase (LIAS) catalyzes lipoylation of the pyruvate dehydrogenase (PDH) complex proteins including dihydrolipoamide S-acetyltransferase (DLAT) and others. Cu+ and lipoylation promote the protein aggregation. DLAT is one of the key enzymes participating in the tricarboxylic acid cycle, and its aggregation results in mitochondrial proteotoxic stress and subsequent cuproptotic cell death. Moreover, FDX1 and Cu+ induce the destabilization of Fe–S cluster proteins, further facilitating cuproptosis. Additionally, SLC31A1 and ATP7B function as the Cu+ importer and exporter, respectively, and regulate cuproptosis by controlling intracellular Cu+ concentrations. (B) The schematic workflow of the present study.







Identification of cuproptosis-associated genes whose expression correlates with 10 cuproptosis factors

To identify cuproptosis-associated genes, we first conducted single sample gene set enrichment analysis (ssGSEA) to obtain the normalized enrichment score (NES) according to expression levels of 10 cuproptosis genes (FDX1, LIAS, LIPT1, DLD, DLAT, PDHA1, PDHB, MTF1, GLS and CDKN2A) in the TCGA BLCA cohort (Figure 1A) using Rpackage “GSVA” with kcdf=Caussian and method = ssgsea. Weighted gene co-expression network analysis (WGCNA) and Pearson’s correlation were then performed to make sample clustering (tree) followed by the construction of a unsigned scale-free network, adjacency matrix and the topological overlap matrix, which eventually formed different modules (Figure 2A). Briefly, Pearson’s correlation was used to make sample clustering trees and none of the TCGA samples were outliners (with height >220) (Figure 2A left). To define the optimal soft threshold value, we set up 1:20 as a power value, and when the scale independence reached 0.9 while mean connectivity was <100, the soft threshold value 12 was obtained (Figure 2A middle). Based on this soft threshold setting, we constructed a unsigned scale-free network, adjacency matrix and topological overlap matrix through which the number of genes in each module was defined (maxBlockSize = 6000 and minModuleSize = 50). The function “WGCNA::blockwiseModules” was employed to assign genes into appropriate modules (Figure 2A right). The correlation between each module and cuproptosis ssGSEA-NES together with clinical variables (stage and grade) was then evaluated, and by setting correlation R >0.30, we acquired the yellow (R = 0.34 with 559 genes) and turquoise modules (R = 0.32 with 2525 genes) (Figure 2A right). Further filtering out genes at bottom Rs in these two modules (MM correlation R > 0.5, and GS correlation R > 0.2, P < 0.05) reduced the gene numbers to 392 and 1 586 in yellow and turquoise module, respectively. We then made COX and LASSO regression analyses to determine effects of these genes on patient progression-free survival (PFS) and expression differences between tumors and NTs (Figures 2B, C). Finally, 11 genes were obtained as the cuproptosis-associated 11 gene signature, which we named CuAGS-11. These 11 genes include C18orf54, NEIL3, ANLN, AHCY, PSMG1, TTC5, SRPRB, XPOT, ZC3HAV1L, SLC25A15 and P3H4.




Figure 2 | The construction of the cuproptosis-associated 11 gene signature (CuAGS-11) based on the TCGA cohort of BLCAs. (A) Left panel: Sample clustering trees to detect potential outliners by Pearson’s correlation in the TCGA cohort of BLCAs. Middle panel: Soft-thresholding value selection. Based on the scale-free fit index for various soft-thresholding powers (the scale independence, left panel) and mean connectivity for various soft-thresholding powers (mean connectivity, right panel), 12 was selected as a soft-threshold value (Scale-free R2 = 0.90). Right panel: Gene modules correlated with cuproptosis factors as determined using Weighted gene co-expression network analysis (WGCNA). (B) Scatter plot of module eigengenes in the yellow (left) and turquoise (right) modules from (A). The genes in the upper right are selected for further analyses. (C) Construction of the cuproptosis-associated 11 gene signature (CuAGS-11) for progression-free survival (PFS) prediction in BC. Left panel: LASSO coefficient profiles of the CuAGS associated with PFS. Right panel: Plots of the cross-validation error rates. Each red dot represents a lambda value with its error bar (the confidence interval for the cross-validated error rate). The analysis identified 11 cuproptosis-associated genes most relevant to PFS. (D) Differences in the CuAGS-11 expression between tumors and their adjacent non-tumorous tissues in the TCGA cohort of BLCA. (E) Kaplan–Meier survival analysis showing the impact of each gene contained in CuAGS-11 on PFS in the TCGA BLCA cohort. Patients are classified into high and low groups based on the expression of each gene in tumors using a median value as the cutoff point. *, *** and **** indicate P values <0.05, 0.001 and 0.0001, respectively.







Construction of the CuAGS-11 risk score

Based on expression levels of 11 genes above, the CuAGS-11 score in each sample was calculated using the following formula:

Score = Σ βi × RNAi, where βi is the coefficient of the i-th gene in multivariable Cox regression analysis, and RNAi is RNA abundance of gene i. The obtained score values were further standardized using the scale function. Patients were classified into the high- and low-risk groups using the median score as a cut-off point. Differences in survival (OS, PFS and RFS) and BCG or ICI treatment efficacy between the CuAGS-11 high- and low-risk groups were then compared.





Time-dependent receiver operating characteristic (ROC) curves and construction of a survival predictive nomogram

Time-dependent ROC curves and area under curves (AUCs) were used to estimate the accuracy of identified survival predictors (CuAGS-11 model and stage) in BLCA patients and made using Rpackage “timeROC”. We performed Cox regression analysis to evaluate the effect of the CuAGS-11 score and clinical parameters on survival in the TCGA and GSE13507 BLCA cohorts and established a predictive nomogram by using independent survival predictors in both cohorts to predict 1-, 3-, and 5-year survival (OS and/or PFS). The model-based predictive survival time against the observed one was plotted using calibration curves. R package “regplot” was used to make nomograms and to assess their predicative ability.





Gene set enrichment analysis (GSEA)

Based on the median CuAGS-11 score values in BLCA cohorts, we categorized tumors into low- and high-risk groups. Reference gene signatures required for Kyoto Encyclopedia of Genes and Genomes (KEGG) and Hallmark analysis were downloaded from https://www.gsea-msigdb.org/gsea/index.jsp (h.all.v2022.1.Hs.symbols.gmt’ and ‘c2.cp.kegg.v2022.1.Hs.symbols.gmt’). Differences in KEGG and hallmark pathways between two risk groups were evaluated using GSEA (version 4.2.1). Adjusted P value <0.05 and FDR <0.25 were regarded as significantly over- or under-represented pathways.





Analyses for proliferation, cancer stemness, and epithelial–mesenchymal transition (EMT) scores

Proliferation statuses were estimated using expression levels of Ki-67 mRNA and cell cycle scores, respectively. Cell cycle, stemness and EMT signature scores were calculated based on ssGSEA or as the median z-score of signature gene panels for each sample. These signatures are as follow: Cell Cycle: CDK2, CDK4, CDK6, BUB1B, CCNE1, POLQ, AURKA, KI-67 and CCNB2 (40). Stemness score was assessed according to the mRNA expression-based stemness developed by Malta et al. (41). EMT score was calculated based on the dbEMT signature from http://dbemt.bioinfo-minzhao.org/ (42).





Tumor immune dysfunction and exclusion (TIDE) score analysis

TIDE score is evaluated according to myeloid-derived suppressor cell (MDSC), macrophage M2, T cell Dysfunction and Exclusion (43). TIDE score for BLCA cohorts treated with Atezolizumab was calculated online at http://tide.dfci.harvard.edu/. mRNA abundance was standardized with use of the all sample average expression as the normalization control prior to TIDE score calculations.





Statistical analysis

All statistical analyses in the present study were conducted by using R package version 4.0.5. We performed Wilcox and K-W sum tests to determine differences between two groups and among multi groups, respectively. Spearman’s Rank-Order Correlation coefficient was used to assess correlation coefficient R between two variables. Survival analyses were carried out by using log-rank test, and Kaplan–Meier survival curves for visualization of OS, PFS and RFS were done using “Survival” and “Survminer” packages. Univariable and multivariable Cox regression analyses were employed to measure effects (HR and 95% CI) of quantitative predictive parameters on OS, PFS or RFS. P values < 0.05 were considered statistically significant. FDR correction was also performed to measure a statistical significance (< 0.25) when needed.






Results




The CuAGS-11 model establishment based on the TCGA cohort of BLCA analysis

We first evaluated 10 cuproptosis molecules as survival predictors but failed to set up a satisfied model in the TCGA BLCA cohort (data not shown) (31). By analyzing cuproptosis-correlated genes as described in Methods, we developed the cuproptosis-associated 11 gene signature (CuAGS-11). These 11 genes include C18orf54, NEIL3, ANLN, AHCY, PSMG1, TTC5, SRPRB, XPOT, ZC3HAV1L, SLC25A15 and P3H4. The expression of these 11 genes was significantly higher in BLCA tumors than in their NT counterparts (Figure 2D). Survival analyses unraveled the significant association of PFS with each of 11 factors when patients were categorized into high and low groups using a median expression value as the cutoff (Figure 2E). We then calculated CuAGS-11 score in each tumor, and divided patients into high- and low-risk groups using the median CuAGS-11 score value as a cut-off point. The CuAGS-11 score-based grouping of the TCGA BLCA tumors was significantly associated with patient age, gender, grade, stage and metastasis (Table S1).





Enrichments of BLCA basal subtype and aggressive features in the CuAGS-11 high-risk tumors

BLCAs are in general stratified into luminal and basal subtypes according to their featured gene expression signatures (44–48). The luminal subtype is overrepresented by urothelium differentiation markers and transcription factors, while the basal one is poorly differentiated (5, 44, 48). To examine a potential association between molecular and CuAGS-11 subtypes, we analyzed 233 BLCA tumors well characterized for their differentiation subtypes in the TCGA cohort. As shown in Figure 3A, the basal subtype was significantly enriched in the CuAGS-11 high-risk group (high- vs low-risk: P = 5.193E-07).




Figure 3 | The CuAGS-11 association with molecular classification, aggressive phenotypes, signaling and genomic alterations in bladder carcinoma (BLCA). The TCGA cohort of BLCA was analyzed. Patients were divided into CuGAS-11 high- and low-risk groups using the median CuAGS-11 score value as a cut-off point. (A) The enriched basal subtype of BLCAs in CuAGS-11 high-risk patients. Patients were classified into luminal and basal subtypes based on their gene expression profiles shown in the figure. (B-D) Enhanced proliferation (B), stemness (C) and EMT (D) in CuAGS-11 high-risk tumors. Proliferation was assessed using Ki-67 expression (B, left) and cell cycle scores (B, right) in BLCA tumors. Stemness and EMT evaluation was performed based on their gene expression signatures. (C, D) Univariable and multivariable Cox regression analyses of OS and PFS in BLCA patients, respectively. (E, F) The enriched oncogenic pathways in CuAGS-11 high-risk BLCA tumors. GSEA analyses were carried out to define the overrepresented KEGG pathways (left) and hallmarks (right) CuAGS-11 high-risk BLCA tumors. (G, H) Increased aneuploidy score (G) but not tumor mutation burden (TMB) (H) in CuAGS-11 high-risk BLCA tumors. (I, J) Higher frequencies of TP53 gene alterations in CuAGS-11 high-risk BLCA tumors.



Because the basal BLCA subtype is enriched with cycling and stem- and/or mesenchymal-like cells (5, 44), we further determined proliferation, stemness and EMT markers in those tumors. For proliferation analyses, Ki-67 was first used as the specific biomarker, and the CuAGS-11 high-risk tumors expressed significantly higher levels of Ki-67 mRNA (high- vs low-risk: P = 1.35E-19) (Figure 3B). Then, cell cycle scores based on ssGSEA were evaluated and similar results were obtained (high- vs low-risk: P = 2.21E-29) (Figure 3B). BLCA stem cell and EMT phenotype analyses showed significantly higher stemness and EMT scores in CuAGS-11 high-risk tumors (high- vs low-risk: P = 9.16E-07 and 2.95E-06 for stemness and EMT, respectively) (Figures 3C, D). Consistent with these findings, the GSEA hallmark analysis revealed overrepresentation of G2M checkpoint, mitotic spindle, E2F targets, glycolysis, PIK3-AKT-MTOR signaling and among others in the CuAGS-11 high-risk tumors (Figure 3E). GSEA KEGG analysis showed that cell cycle, MTOR, ERBB2, basal transcription factor, TP53 and other pathways were highly enriched in the CuAGS-11 high-risk tumors (Figure 3F).





Genomic alterations and their association with the CuAGS-11 model

We then probed whether there were differences in genomic alterations between the CuAGS-11 high- and low-risk tumors. First, global genomic aberrations including aneuploidy and TMB were evaluated. Aneuploidy scores were significantly higher in CuAGS-11 high- than low-risk tumors (P = 0.048) (Figure 3G), while there was no difference in TMB (Figure 3H). Alterations of individual genes were then compared, and we observed a significantly higher frequency of TP53 gene aberrations in the CuAGS-11 high-risk tumors (high- vs low-risk: 55% vs 34%, P<0.05 and FDR<0.05) (Figures 3I, J).





The CuAGS-11 score for survival prediction in BLCAs

Having established the CuAGS-11 score model in BLCAs, we then evaluated whether it had impacts on patient survival (OS and PFS) from the TCGA BLCA cohort as a discovery one (Table S1). These patients were categorized into high- and low-risk groups using the median CuAGS-11 score value as a cut-off point. Patients in the high-risk group had significantly shorter OS (P = 0.0001) and PFS (P = 0.001), as assessed by the Kaplan-Meier analysis (Figure 4A). Univariable COX regression OS analyses of age, gender, stage, grade, and the CuAGS-11 model showed that age (>60 yrs), advanced stages and CuAGS-11 (high-risk) were associated with significantly shorter OS (Figure 4B), while all these three variables remained highly significant in the multivariable COX regression analysis (Figure 4C). We observed a similar association between patient age (>60 yrs), advanced stages, and CuAGS-11 score (high-risk) and shorter PFS in the univariable COX regression analysis (Figure 4D). Multivariable COX analyses unraveled that only stage and CuAGS-11 risk score were independent predictive variables for patient PFS (Figure 4E).




Figure 4 | The CuAGS-11 model for BLCA survival prediction. (A–E) The TCGA cohort BLCA analysis. Patients were classified into high- and low-risk groups based on the CuGAS-11 score using a median value as the cutoff. (A) Kaplan–Meier survival analysis showing the significant association of the CuGAS-11 score with OS (left) and PFS (right) in the TCGA BLCA cohort. (B, C) Univariable and multivariable Cox regression analyses of OS in BLCA patients, respectively. (D, E) Univariable and multivariable Cox regression analyses of PFS in BLCA patients, respectively. (F–H) GSE13507 cohort analyses. Patients were classified into high- and low-risk groups based on the CuGAS-11 score using a median value as the cutoff. (F) The significant association between the CuGAS-11 high-risk group and shorter OS as shown by Kaplan–Meier survival analysis. (G, H) Univariable and multivariable Cox regression analyses of the CuGAS-11 effect on OS in GSE13507 cohort of BLCA patients, respectively.



We further determined the impact of the CuAGS-11 score on patient survival in the GSE13507 BLCA cohort to validate the findings obtained from the TCGA BLCA patients above. The GSE13507 cohort included 165 patients with BLCA (33, 34), and there were only OS data available. The patient characteristics were summarized in Table S2. As expected, patients in the CuAGS-11 high-risk group had significantly shorter OS (P = 0.0002) (Figure 4F). In univariable COX regression analyses, OS was significantly associated with age, grade, stage and CuAGS-11 score (Figure 4G), whereas age, stage and CuAGS-11 score served as independent prognostic factors, according to multivariable Cox regression analysis (Figure 4H).

We then conducted time-dependent ROC and AUC analyses to evaluate the predictive ability of the CuAGS-11 model in the TCGA and GSE13507 BLCA cohorts. For TCGA patients, AUCs for 1, 3 and 5 year PFS by the CuAGS-11 model were 0.669, 0.634 and 0.674, respectively (Figure 5A left panel). Like CuAGS-11 model, the stage was also an independent prognostic factor for OS and/or PFS in both cohorts, and moreover, the BLCA stage was a well-established predictor for long-term survival. Thus, we made a comparison of 5-year PFS prediction between CuAGS-11 model and stage. A slightly bigger AUC was observed for the CuAGS-11 model (Figure 5A middle panel). We further combined CuAGS-11 with stage together and resulting AUCs increased substantially in predicting all PFS time points (Figure 5A right panel). We then conducted the same analyses for OS in both TCGA and GSE13507 BLCA cohorts, and largely similar results were obtained (Figures 5B, C). Accordingly, we further established prognostic nomograms composed of CuAGS-11 score and stage. In the TCGA cohorts, the CuAGS-11/stage nomogram almost precisely predicted the possibility of both PFS and OS at 1, 3 and 5 years (Figures 5D, E). A highly accurate prediction of OS by the CuAGS-11/stage nomogram was observed in the GSE13507 cohort, too (Figure 5F).




Figure 5 | The CuAGS-11 model accuracy for survival prediction as determined by time-dependent ROC curves and nomograms. (A) The area under curves (AUCs) for PFS prediction using the CuAGS-11 model and/or stage in the TCGA BLCA cohort. Left: The AUCs showing the CuAGS-11 model accuracy in predicting 1-, 3- and 5-year OS. Middle: Comparison of AUCs between CuAGS-11 model and stage in predicting 5-year PFS. Right: The AUCs in predicting 1-, 3- and 5-year PFS by the combination of CuAGS-11 and stage. (B) The AUCs for OS prediction using the CuAGS-11 model and/or stage in the TCGA BLCA cohort. Left: The AUCs showing the CuAGS-11 model accuracy in predicting 1-, 3- and 5-year OS. Middle: Comparison of AUCs between CuAGS-11 model and stage in predicting 5-year OS. Right: The AUCs in predicting 1-, 3- and 5-year OS by the combination of CuAGS-11 and stage. (C) The AUCs for OS prediction using the CuAGS-11 model and/or stage in the GSE13507 BLCA cohort. Left: The OS prediction AUCs showing the CuAGS-11 model accuracy in predicting 1-, 3- and 5-year PFS. Middle: Comparison of AUCs between CuAGS-11 model and stage in predicting 5-year OS. Right: The AUCs in predicting 1-, 3- and 5-year OS by the combination of CuAGS-11 and stage. (D–F) The nomograms composed of CuAGS-11 model and stage for predicting 1-, 3- and 5-year PFS in TCGA (D), OS in TCGA (E) and GSE13507 (F) BLCA cohorts, respectively. *** indicate P values <0.001.







The CuAGS-11 model as a predictor for response to BCG treatment

The clinic-pathological variables have been mainly used to evaluate response to BCG therapy (8). We sought to determine whether the CuAGS-11 score could serve as such a predictive biomarker. The GSE154261 BLCA cohort (35) analysis of 73 BCG-treated patients showed that the recurrence and non-recurrence rates were 58.3% and 41.7% in the CuAGS-11 high-risk group, while 27.0% and 73.0% in the low-risk one, respectively (P = 0.009) (Figure 6A top) (Table S3). In the low-risk group, all the patients displayed stable disease status, whereas 45% of the high-risk patients underwent progression (P = 0.027) (Figure 6A bottom). Consistently, the recurrence-free survival (RFS) and PFS were both significantly shorter in the CuAGS-11 high-risk group (P = 0.003 and 0.002, respectively) (Figure 6B top and bottom). We further analyzed the E-MTAB-4321 cohort of 88 T1 BLCA patients who received BCG therapy (49) (Table S4). None of 44 CuAGS-11 low-risk patients had disease progression, while 4 in the high-risk group exhibited progressive disease, although the difference was not statistically significant (P = 0.116) (Figure 6C). Nevertheless, PFS was significantly shorter in the CuAGS-11 high-risk patients (P = 0.042) (Figure 6C). Finally, 37 patients with MIBC in the TCGA cohort (31) were treated with BCG, and the recurrence rates were 72.2% and 36.8% for the CuAGS-11 high- and low-risk groups, respectively (P = 0.049) (Figure 6D) (Table S5). OS was significantly shorter in the CuAGS-11 high-risk group (P = 0.040), whereas PFS was also shorter in this group but did not reach a statistical level (P = 0.092) (Figure 6E).




Figure 6 | The CuAGS-11 model to predict BCG response and survival in BLCA patients. In all analyzed BLCA cohorts, patients were classified into high- and low-risk groups based on the CuGAS-11 score using a median value as the cutoff. (A, B) The GSE154261 cohort analyses. (A) Higher frequencies of recurrence (Top) and progression (Bottom) in the CuAGS-11 high-risk group patients. (B) Differences in RFS (Top) and PFS (Bottom) between the CuAGS-11 high- and low-risk group patients treated with BCG. (C) The E-MTAB-4321 cohort analyses. Left panel: All the recurred patients presented in the CuAGS-11 high-risk group. Right panel: Shorter PFS in the CuAGS-11 high-risk group patients. (D) The analysis of 37 BCG-treated patients with MIBC in the TCGA cohort. Left panel: Higher frequencies of recurrence in the CuAGS-11 high-risk group patients. Right panel: Differences in OS (top) and PFS (bottom) between the CuAGS-11 high- and low-risk group patients treated with BCG.







The CuAGS-11 model as a predictor for response to Atezolizumab therapy

ICI therapy has been applied for MIBCs with good efficacy in subsets of patients (3). We further assessed whether the CuAGS-11 score was able to predict patient response to ICIs. For this purpose, IMvigor210 and GSE176307 cohorts were analyzed as the discovery and validation sets, respectively. A total of 348 patients received Atezolizumab (anti-PD-L1 antibody) therapy and 298 of them had response information available in IMvigor210 cohorts (37, 38) (Table S6). These 298 patients were divided into the CuAGS-11 high- and low-risk groups based on the median score value. Patient responses to Atezolizumab were categorized into complete remission (CR), partial remission (PR), stable disease (SD) and progressive disease (PD), respectively (38). CR, PR, SD and PD were 2.7%, 8.0%, 23.5% and 65.8% in the high-risk group, whereas 14.1%, 20.8%, 18.8% and 46.3% in the low-risk group, respectively (P = 7.018E-06) (Figure 7A). OS information was available in this cohort and Kaplan-Meier analysis showed a dramatically shortened OS in the CuAGS-11 high-risk group (P = 9.20E-09) (Figure 7A). The GSE176307 cohort of 34 BLCA patients treated with Atezolizumab (36) was then analyzed for validation (Table S7). All 17 patients in the high-risk group underwent disease progression, while more than half of patients in the low-risk group acquired CR (29.4%) or PR (23.5%) and only 35.3% of them had BC progression (high- vs low-risk, P = 8.65E-05) (Figure 7B). In accordance with their response rates, significantly longer OS and PFS were observed in the CuAGS-11 low-risk group (P = 8.12E-06 and 4.04E-03 for OS and PFS, respectively) (Figure 7B).




Figure 7 | The CuAGS-11 model to predict patient response to Atezolizumab, survival and immunologically cold phenotypes in BLCA. In analyzed BLCA cohorts, patients were classified into high- and low-risk groups based on the CuGAS-11 score using a median value as the cutoff. (A) The CuAGS-11 model prediction of patient response to Atezolizumab (left) and OS (right) in IMvigor210 cohort. (B) GSE176307 cohort analyses of patient response to Atezolizumab (left) and survival (OS: middle and PFS: right) based on the CuAGS-11 model. (C) TIDE score analyses of IMvigor210 cohort showing robustly higher T cell exclusion score in the CuAGS-11 high-risk group patients. (D) TIDE score analyses of GSE176307 cohort showing robustly higher T cell exclusion score in the CuAGS-11 high-risk group patients.



Given these observations, we further probed potential differences in infiltrated stroma and immune cells between the CuAGS-11 high- and low-risk tumors. To this end, we compared their TIDE scores. TIDE has been shown to predict ICI responses and determine mechanisms underlying tumor immune evasion (43). In the IMvigor210 cohort, the CuAGS-11 high-risk tumors displayed significantly higher TIDE score than did the low-risk tumors (P = 1.95E-05), and more specifically, robustly higher T cell exclusion score was observed in CuAGS-11 high-risk tumors (high- vs low-risk: P = 1.96E-05) (Figure 7C). The GSE176307 cohort analysis showed similar score differences in TIDE (P = 0.008) and T cell exclusion (P = 0.008) between high- and low-risk groups (Figure 7D).






Discussion

BLCAs derived from urothelial cells are heterogenous and include NMIBCs and MIBCs with different outcomes and different clinical interventions (4, 5). Reliable biomarkers are highly required to stratify patient risk and to tailor treatment regimens (3). Based on the cuproptosis-associated gene analysis, we develop the CuAGS-11 model for such a purpose. Our results presented herein demonstrate that CuAGS-11 serves as a useful predictor for BLCA patient survival and response to immunotherapies including BCG and ICIs.

Copper has long been appreciated to participate in oncogenesis (17). Cuproptosis, a newly identified form of regulated cell death (RCD), is copper-dependent cell death caused by FDX1-mediated mitochondrial protein lipoylation (18). It is currently unclear whether cuproptosis, like apoptosis or other types of RCD, plays any parts in carcinogenesis. We recently developed a CuAGS-13 model to accurately predict ccRCC outcomes and patient response to targeted and ICI therapies (19), however, this same model failed to do so in BLCAs (data not shown). Intriguingly, the direct application of 10 cuproptosis factors did not show any prognostic values in either BLCAs or ccRCCs. Moreover, the genes in the CuAGS-11 model are totally different from those in the CuAGS-13 (19) or from any other cuproptosis-related models. Thus, cuproptosis-based models are context-dependent and their prognostic powers very significantly. In the present study, the CuAGS-11 model is constructed based on 10 cuproptosis factors, but the scores are strongly correlated with many key aggressive characteristics in BLCAs in positive manners. Thus, the CuAGS-11 model represents a classifier integrated with pathological/molecular and many other BLCA features. Despite such broad connections, the CuAGS-11 score predicts BLCA patient survival independently of any other variables.

BCG, a live attenuated strain of Mycobacterium bovis, was first applied for patients with NMIBC in 1976 (10), and since then, intravesical BCG therapy has been the most effective treatment strategy to prevent recurrence for intermediate- and high-risk NMIBCs (8). If without adjuvant therapies, recurrence occurs in up to 70% of patients who received tumor resection (8). Mechanisms underlying BCG against BLCAs remain incompletely understood, but accumulated studies indicate that BCG as an immunomodulator stimulates both innate and acquired immune responses, thereby exerting a therapeutic efficacy (8, 50). Li et al. recently showed that BCG treatment failure was associated with enhanced PD-L1 and FGFBP1 expression (51). In addition, BCG may have direct impacts on BLCA cells. Despite tremendous advances in next generation sequencing and other high-throughput technologies, there is still lack of reliable molecular predictors for response to BCG. Clinic-pathological variables combined with cystoscopy have so far served as major approaches to predict and measure potential response to BCG (7, 8). In clinical practice nowadays, cystoscopy, cytology and/or bladder biopsy are used to determine response at 3 months and 6 months following a BCG induction regimen (7, 8). Cystoscope examination is invasive and costly. In the present investigations, we showed a high accuracy of the CuAGS-11 model in prognosticating BCG responders. Based on our analyses of 3 BLCA cohorts treated with BCG, almost all patients with disease progression were observed in the CuAGS-11 high-risk group. For T1 patients, no recurrence occurred in the CuAGS-11 low-risk group. These proof-of-concept results suggest that the invasive examination may not be required or at least reduced for CuAGS-11 low-risk patients, which is worthy of further studies.

In the recent years, the ICI therapy has been applied for advanced cancers including MIBCs (3). As only subsets of MIBCs respond to ICIs, distinguishing potential responders from non-responders should greatly contribute to personalized application of ICIs and the development of accurate predictive biomarkers is thus critical. Here we found that the CuAGS-11 model was similarly useful for stratifying ICI responders in 2 cohort patients treated with Atezolizumab. In the IMvigor210 cohort, the CR/PR rate was > 3-fold higher in the low- than high-risk group. The GSE176307 cohort analysis showed that all 17 patients underwent progression in the CuAGS-11 high-risk group, whereas 9 of 17 (54.7%) low-risk patients obtained CR or PR. Consistently, patients in the low-risk group had significantly longer PFS and/or OS. TMB has been shown as a reliable predictor for response to ICI therapy in BLCAs (11), but the CuAGS-11 signature was not related to TMB. TIDE analyses of these two cohorts consistently showed that CuAGS-11 high-risk tumors were characterized by T cell exclusion, which suggests that the CuAGS-11 model can help identify BC tumors with an immunologically cold phenotype. Poor response to ICIs is thus conceivable in patients with CuAGS-11 high tumors. It is currently unclear what is a mechanistic link between CuAGS-11 score and T cell exclusion in BLCAs and whether cuproptosis is involved in immune cell fate decision or T cell-mediated tumor destruction. Elucidating these important issues should contribute to improvement of BLCA immunotherapy.

In conclusion, we constructed the CuAGS-11 score model for prediction of survival and response to BCG and ICI therapies in BLCAs. This model, although derived from cuproptosis-associated factors, is a classifier integrated with molecular and other features of BLCA. Importantly, for patients receiving BCG, recurrence occurs predominantly in the CuAGS-11 high-risk group, and no disease progression was observed in the low-risk patients. Thus, it may be unnecessary to monitor the CuAGS-11 low-risk patients using invasive examinations routinely. The present findings further show that the CuAGS-11 model is helpful to identify BLCA tumors with an immunologically cold phenotype and to distinguish between ICI responders and non-responders. Taken together, the CuAGS-11 score model may significantly improve BLCA patient stratification for tailored patient interventions, reducing BLCA-associated morbidity and mortality. It is worth validating these observations in clinical practices.
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Background

Anoikis is a programmed cell death process that was proven to be associated with cancer. Uroepithelial carcinoma of the bladder (BLCA) is a malignant disease of the urinary tract and has a strong metastatic potential. To determine whether anoikis-associated genes can predict the prognosis of BLCA accurately, we evaluated the prognostic value of anoikis-associated genes in BLCA and constructed the best model to predict prognosis.





Method

The BLCA transcriptome data were downloaded from TCGA and GEO databases, and genes with differential expression were selected and then clustered using non-negative matrix factorization (NMF). The genes with the most correlation with anoikis were screened and identified using univariate Cox regression, lasso regression, and multivariate Cox regression. The GEO dataset was used for external validation. Nomograms were created based on risk characteristics in combination with clinical variants and the performance of the model was validated with receiver operating characteristic (ROC) curves. The immunotherapeutic significance of this risk score was assessed using the immune phenomenon score (IPS). IC50 values of predictive chemotherapeutic agents were calculated. Finally, we used RT-qPCR to determine the mRNA expression of four genes, CALR, FASN, CASP6, and RAD9A.





Result

We screened 406 tumor samples and 19 normal tissue samples from the TCGA database. Based on anoikis-associated genes, we classified patients into two subtypes (C1 and C2) using NMF method. Subsequently, nine core genes were screened by multiple methods after analysis, which were used to construct risk profiles. The design of nomograms based on risk profiles and clinical variables, ROC, and calibration curves confirmed that the model could well have the ability to predict the survival of BLCA patients at 1, 3, and 5 years. By predicting the IC50 values of chemotherapeutic drugs, it was learned that the high-risk group (HRG) was more susceptible to paclitaxel, gemcitabine, and cisplatin, and the low-risk group (LRG) was more susceptible to veriparib and afatinib.





Conclusion

In summary, the risk score of anoikis-associated genes can be applied as a predictor to predict the prognosis of BLCA in clinical practice.





Keywords: bladder urothelial carcinoma, anoikis, tumor microenvironment, risk score, immunotherapy




1 Introduction

Bladder cancer is one of the most malignant tumors of the urinary tract with metastatic potential and a high annual morbidity and mortality rate (1). Approximately 75% of patients with bladder cancer present with tumors confined to the mucosa or submucosa (Ta, CIS, or T1 stage); this percentage is even higher in patients under the age of forty (2). The most predominant type of this pathological cell is uroepithelial carcinoma, which accounts for about 90% of cases (3). While approximately 50% of patients present with tumors confined to the mucosa or submucosa (4), the clinical features of bladder urothelial carcinoma (BLCA) are complex and the early symptoms are not typical (5), so a significant proportion (72%) are diagnosed at a late stage, when the tumor has already metastasized, resulting in poor treatment outcomes (6). Therefore, there is a critical need to develop reliable predictors of treatment response and prognosis to improve individualized care”.

Anoikis is a form of programmed cell death that occurs when cells lose contact with the extracellular matrix (7). It is a critical mechanism for maintaining tissue integrity by preventing unattached cells from dividing, growing, or attaching to an unsuitable matrix. Anoikis resistance is associated with tumor progression and metastasis, as cancer cells are able to detach and survive without undergoing cell death, allowing them to colonize distant organs (8, 9). Thus, the ability to detect and predict anoikis resistance in bladder cancer patients could be an important tool for predicting disease progression and improving treatment outcomes.

In this study, we investigated the role of anoikis-related genes in bladder cancer using data from the GEO and TCGA-BLCA cohorts. Specifically, we aimed to identify a set of genes associated with anoikis resistance that could be used to predict treatment response and prognosis. We also examined the potential signaling pathways involved in anoikis resistance and assessed the sensitivity of different chemotherapeutic drugs in relation to the risk score generated from our gene expression analysis. By addressing these questions, we hope to provide important insights into the prognostic value of anoikis-related genes in bladder cancer and highlight potential therapeutic targets for the disease.




2 Materials and methods



2.1 Collection of multi-omics data

Pathological samples related to BLCA and normal bladder tissue data were obtained from GSE31684 cohort and TCGA-BLCA dataset. After removing patients with no clinical information, 93 tumor samples were obtained in GSE31684. 406 cases of tumors and 19 cases of normal samples were selected from the TCGA-BLCA cohort. The transcriptome profiles of these samples were retrieved, and then 434 potential genes associated with anoikis were screened through the literature and Genecards database (Table S1). We identified the FDR (false discovery rate)< 0.05 and |log2Fold Change (FC)|>1 as thresholds for screening differentially expressed genes (DEGs).




2.2 Cluster typing by non-negative matrix factorization method

NMF was used instead of hierarchical clustering for tumor typing (10). The biological correlation coefficients were extracted using the R package “NMF” algorithm to cluster the tumor samples with internal features (11). The survival curves of the C1 and C2 categories and their correlation with the traditional tumor microenvironment classification groups were analyzed and compared.




2.3 Landscape of tumor microenvironment infiltrating cells

The subtype abundance of 9 different immune cells and stromal cells that could represent the tumor immune microenvironment was obtained. Based on the microenvironment cell populations, infiltrating cells were identified by comparing scores between the two groups.




2.4 Signature was constructed based on anoikis -related genes

After using univariate Cox regression, genes associated with anoikis were identified. They were processed by lasso regression analysis and multivariate Cox regression analysis to prevent overfitting of these genes, and at the same time analyzing the prognostic characteristics of these genes, the risk score of each sample was determined using the formula equation:

	

Here, coef was the regression coefficient in the multivariate Cox regression analysis as described previously. X indicated the expression of candidate genes. And the median risk score was used as the cut-off point, each sample was divided into high-risk group (HRG) and low-risk group (LRG), and the overall survival rate of the HRG and LRG was analyzed. The survival curves of the HRG and LRG of the related genes screened were analyzed separately.




2.5 Establishment and verification of the nomogram

Receiver operating characteristic (ROC) analysis was performed on risk scores and clinical variables at years 1, 3, and 5 to determine the best prognostic indicators. The R program “rms” was established and then “regplot” was used to complete the visualization. The calibration curve was used to evaluate the consistency of the model.




2.6 Functional enrichment of anoikis-associated genes

Gene set enrichment analysis (GAES) was used to label the gene function of the HRG and LRG, and the first 8 results were visualized, which were selected with the results’ statistically significant (P<0.05).




2.7 Correlation of risk characteristics and clinical variables

The distribution of clinical variables in HRG and LRG was visualized, and the proportion of patients in the subgroups of clinical variables was displayed.




2.8 Collection and processing of epigenetic mutation data

Information on the corresponding somatic alterations was obtained from TCGA-BLCA. The 20 most common driver genes with frequent somatic mutations were presented. Based on the risk of TMB and the HRG and LRG of the samples, patients are divided into four major categories, and their survival rates are calculated separately to construct survival curves (12).




2.9 Correlation of risk scores with immune infiltrating cells

We used XCELL, TIMER, QUANTISEQ, MCP COUNTER, EPIC, CIBERSORT, and CIBERSORT-ABS to reveal the correlation between risk score and immune infiltrating cells (13).




2.10 Gene set variation analysis

The pathway of the core gene was analyzed using the KEGG database to assess the degree of activation of its signature pathway and metabolic pathways. Normalized GSVA was calculated for each gene set in each sample to determine the relative pathway activity, immune markers, and immune checkpoints for each gene set.




2.11 Predicting patient response to immunotherapy and chemotherapy drug therapy

After obtaining immune checkpoint blockage-associated genes, their expression levels were explored according to the risk score. Immunophenoscore (IPS) uses the expression of genes associated with immune checkpoints to assess the immunogenicity of tumors in high- and low-risk samples.

By constructing a cell expression family tree based on TCGA-BLCA data. For tumor drug susceptibility genomics, the R package “pRRophetic” was used to predict the sensitivity of tissues to different drugs.




2.12 Experimental verification

Four cell lines, UMUC3, RT112, T24, and SV-HUC1, were selected. Cells were cultured in MEM, RPMI-1640, 5A, and F-12K medium plus 10% fetal bovine serum, respectively, at 37°C in a 5% CO2 environment. The four different cell lines were subjected to real-time quantitative polymerase chain reaction (RT-qPCR), and the relative expression of CALR, CASP6, FASN, and RAD9A was calculated using the 2-ΔΔCt method with glyceraldehyde-3-phosphate dehydrogenase (GAPDH) levels as the endogenous control. The primer sequences used for PCR were as follows: :CALR: F: CCTGCCGTCTACTTCAAGGAG R: GAACTTGCCGGAACTGAGAAC; CASP6: F: ATGGCGAAGGCAATCACATTT R: GTGCTGGTTTCCCCGACAT; FASN: F: AAGGACCTGTCTAGGTTTGATGC R: TGGCTTCATAGGTGACTTCCA; RAD9A: F: CATTGACTCTTACATGATCGCCA R: GCCAGGTGAAAGGGAAATGG.




2.13 Statistical analysis

The Kruskal-Wallis test was used to compare data from more than two groups, and Wilcoxon was used to compare data from two groups. Kaplan-Meier log-rank test was used to evaluate each survival curve. A chi-square test was performed to correlate risk score subgroups with somatic mutation frequency, and Spearman analysis was performed to calculate the correlation coefficient. The results of the CIBERSORT algorithm with p< 0.05 were used for further analysis. p< 0.05 was considered statistically significant. R software was used for all statistical analyses.





3 Results



3.1 Removing batch effects and normalizing data

We obtained 406 tumor tissue samples with clinical information and 19 normal tissue samples based on TCGA-BLCA data. The Clinicopathological characteristics of BLCA patients from the TCGA and GEO databases were shown as Table S1. From the Table S1, we can know that there are 160 patients are equal to or over 65 years old,131 patients are at stage I-II and ect. After removal of batch effects, normalization was performed. We obtained 101 DEGs (Figure 1A; Table S2), and the top 50 genes that could express differentially were shown using a heatmap (Figure 1B).




Figure 1 | (A) Expression of genes associated with anoikis in tissues in different samples. (B) Volcano map of differentially expressed genes. (C) Mapping clustering based on NMF algorithm. (D, E) Multiple ways to determine cluster-related performance and stability. (F) C1 and C2 had significant differences in overall survival. (G) Proportion of C1 and C2 in immune molecule subtypes.






3.2 NMF was used to analyze the molecular subtypes of anoikis-associated genes

The TCGA-BLCA transcriptome data were clustered by NMF method. The stability and clustering performance were based on cophenetic and RSS. When K=2, clustering was the optimal value, that was, the sample can be divided into two categories, C1 and C2 (Figures 1C, D). The results of survival curve analysis show that the survival rate of C2 cluster samples was better than that of C1 cluster. (Figure 1E). It showed the relationship between the C1,C2 subtype and the classical immune subtype (Immune C1-C6) (Figure 1F). The distribution ratio between clusters of DEGs and the classical immune subtypes C1-C6 (Figure 1G). C1-C6 immune subtypes were: wound healing, IFN-gdominant, inflammatory, lymphocyte-depleted, immunologically quiet, and TGF-bdominant. The proportion of immune cell and stromal cell infiltration ratios of C1 and C2 was also significantly different (Figures 2A–I). Based on the above results, it was known that molecular subtypes based on gene clustering related to anoikis were associated with a variety of tumor microenvironment infiltrating cells.




Figure 2 | (A–G) C1 and C2 are different at the level of immune cells in the tumor microenvironment. (H, I) C1 and C2 are different at the mesenchymal cell level.






3.3 Development and validation of prognostic prediction models for anoikis-associated genes

We performed univariate Cox regression analysis and identified 25 genes with significant prognostic value (P<0.05, Table S3; Figure 3A). To prevent overfitting, lasso regression and multivariate COX regression analysis were performed on these genes, and nine core genes (CALR, CASP6, CCDC80, CSPG4, FASN, HMGA1, ITGA3, RAC3, RAD9A) were identified in BLCA, all of which were considered prognostic indicators (Table S4; Figures 3B, C). RiskScore=(0.2879*CALR) - (0.3257*CASP6) + (0.0983*CCDC80) + (0.1480*CSPG4) + (0.3173*FASN) + (0.1698*HMGA1) - (0.0789*ITGA3) + (0.1792*RAC3) - (0.4413*RAD9A).




Figure 3 | (A) Forest plot Univariate Cox regression analysis results of 25 anoikis-associated genes and overall survival. (B) LASSO coefficient profiles for 25 genes, marked with vertical lines at 10-fold cross-validation values. (C) Ten cross-validations for tuning parameter selection in lasso regression. Vertical lines are drawn based on the optimal data according to the minimum criterion and 1 standard error criterion. The left vertical line represents the 9 genes that were finally identified. (D) Kaplan-Meier curve analysis was performed on the TCGA database, showing the difference in overall survival between the HRG and LRG.



Tumor samples were divided into HRG and LRG based on the median risk score. Survival analysis between HRG and LRG showed that the LRG had a better prognosis. (Figure 3D). In addition, survival analysis between subgroups with high and low expression of these nine core genes showed that abnormal mRNA expression of these genes also led to significant differences in overall survival time (P<0.05) (Figures 4A–I).




Figure 4 | Survival curves of nine genes (A–I) CALR, CASP6, CCDC 80, CSPG4, FASN, HMGA1, ITGA3, RAC3 and RAD9A.






3.4 Constructing a risk nomogram

The ROC curves were plotted, and the areas under ROC were 0.726, 0.709, and 0.723, respectively, indicating high prognostic validity (Figure 5D). Comprehensive analysis of risk score, age, sex, tumor grade, and clinicopathological stage over this 5-year period (Figures 5A–C) confirmed that the risk score had the highest area under the curve among different clinicopathological features, which could be used as a signal to monitor prognosis. Univariate, multivariate Cox regression results showed that age, stage, and risk score were independent prognostic factors in BLCA patients (Figures 5E, F). Based on the patient’s risk score and clinical variables, we constructed a nomogram to quantitatively predict a patient’s survival probability at 1, 3, and 5 years (Figure 5G). Using the nomogram, we can predict the patients survival. For example, a 55-year-old female patient was clinically diagnosed with BLCA, T3N0M1, and high-risk group. According to the model, the total nomogram score can be calculated as 419, and his survival probabilities at 1, 3, and 5 years are 91.1%, 71.2%, and 60.4%, respectively. The calibration curves showed that it has a good reliability (Figure 5H).




Figure 5 | (A–D) ROC analysis predict 1-year, 3-year, and 5-year overall survival. (E) Results of univariate Cox regression analysis of overall survival. (F) Results of multivariate Cox regression analysis of overall survival. (G) Nomograph predicts survival. (H) Nomograph calibration curve.






3.5 Functional analysis of anoikis-associated genes

GSEA was performed to identify the functional enrichment of high and low gene expression in 9 core genes. The KEGG enrichment term showed that the high expression of the CALR gene was related to Allograft-rejection, cell-adhesion-molecules, and other pathways. The activation of the Metabolism-of-xenobiotics-by-cytochrome pathway increases the expression of CASP6 and FASN genes. The discovery of Graft-versus-host-disease and other signaling pathways is thought to be related to the high expression of RAD9A (Figures 6A–I).




Figure 6 | Functional enrichment (A) Enrichment gene set of a sample with high level expression of CALR in KEGG. (B) Enrichment gene set of CASP6 high-level expression samples in KEGG. (C): Enrichment gene set of CCDC80 high-level expression samples in KEGG. (D) Enrichment gene set of CSPG4 high-level expression samples in KEGG. (E) Enrichment gene set of samples with high level expression of FASN in KEGG. (F) Enrichment gene set of HMGA1 high-level expression samples in KEGG. (G) Enrichment gene set of high-level ITGA3 expression samples in KEGG. (H) Enrichment gene set of RAC3 high-level expression samples in KEGG (I) Enriched gene set of RAD9A high-expression samples in KEGG.






3.6 Correlation of risk characteristics with clinicopathological variables

The clinicopathological variables in the HRG and LRG were visualized (Figure 7A), and the proportional maps that could show the clinical variables in the HRG and LRG were, respectively, drawn (Figures 7B–G), and it was found that the HRG and LRG had obvious differences.




Figure 7 | Clinical significance of predictive prognostic risk profiles. (A) The heat map shows the distribution of clinical features and the corresponding risk score in each sample. Incidence of clinical variable subtypes in the high and low risk score groups. (B) Distant metastasis M (C) Lymph node involvement N (D) Sex (E) Age (F) WHO grade (G) Tumor size. *P<0.05, **P<0.01, ***P<0.001.






3.7 Clinical features are associated with tumor mutational burden

The survival curve indicates that the overall survival time for high TMB is longer (P<0.001, Figure 8C). Using TMB and risk scores, patients were divided into four groups, and the HRG and LRG showed significant prognostic differences in the high-TMB and low-TMB state subtypes (P<0.001, Figure 8D). This result proved that the risk score could predict the effectiveness of immunotherapy.




Figure 8 | Risk score correlation with TMB (A) HRG creation oncoPrint (B) Low risk score creation oncoPrint (C) Kaplan-Meier curve for TMB high and low groups (D) Kaplan-Meier curve based on patients in TMB high and low risk score groups.



To investigate the correlation between risk scores and gene mutations, the top 20 gene waterfall plots that were most common among somatic mutations were shown (Figures 8A, B). The landscape of significant mutant gene (SMG) mutations showed that TP53 experienced a higher somatic mutation rate in the HRG (54% vs 39%), while FGFR3 had a higher somatic mutation rate in the LRG (19% vs 8%). These findings had the potential to benefit applications for anoikis in the treatment of BLCA.




3.8 Risk characteristics in the context of TIME

The correlation of risk score and immune infiltration was further analyzed using seven different methods (Figure 9A). The results of EPIC analysis showed that the infiltration of CD4+ T cells was inversely proportional to the risk score, and the degree of infiltration of the immune microenvironment was directly proportional to the risk score (Figures 9B, C). The results of ESTIMATE analysis showed that there was a high trend in matrix scores and immune scores in both the HRG and LRG (Figure 9D).




Figure 9 | Correlation between risk score and immune invasion (A) Spearman analysis of the correlation between HRG patients and tumor infiltrating immune cells.(B) XCELL analyzed the relationship between infiltration and risk score of CD4+ T cells (C) XCELL analyzed the degree of invasion and risk score of immune microenvironment (D) ESTIMATE analyzed the TME score of the HRG and LRG. *P<0.05, **P<0.01, ***P<0.001.






3.9 Enrichment analysis of biological functions and signaling pathways

Gene set variation analysis of nine core genes further revealed the role of different risk groups in biology (Figures 10A, B). The results showed that the activity of PPAR signaling pathway was enhanced in subjects in the LRG, and the activity of signaling pathways such as WNT, BETA, MAPK, and other signaling pathways was enhanced in subjects in the HRG.




Figure 10 | (A) Correlation between Hallmark’s representative pathway and risk score (B) Correlation between KEGG’s representative pathway and risk score. (C) Correlation between gene expression levels and risk scores at immune checkpoints. (D): IPS score distribution chart (E) Sensitivity analysis of cisplatin in patients with high and low risk score groups (F) Sensitivity analysis of gemcitabine in patients with high and low risk score Group (G) Sensitivity analysis of paclitaxel in patients with high and low risk score (H) Sensitivity analysis of villipanib in patients with high and low risk score groups (I) Sensitivity analysis of afatinib in patients with high and low risk scores.






3.10 Prediction of patient immunotherapy outcomes

After further analysis, 47 genes related to checkpoint blockade were retrieved, and most of the checkpoints were negatively correlated with the risk score and were significant (Figure 10C). Predictive models showed low IPS scores in high-risk patients, indicating that high-risk patients may not be candidates for immunotherapy with PD-1 (Figure 10D). These results strongly suggest that risk scores correlate with response to immunotherapy and can be used to further predict prognosis.




3.11 Predicting chemotherapy response

Based on the pRRophetic algorithm, we evaluated the IC50 values of five chemotherapy drugs (paclitaxel, gemcitabine, cisplatin, velipanib, afatinib) in patients with BLCA. Paclitaxel, gemcitabine, and cisplatin showed higher IC50 (p<0.001) in the HRG, and the responsiveness to veliparib and afatinib in the LRG was better than that in the HRG (P<0.001) (Figures 10D–I). These results can provide appropriate recommendations for the use of chemotherapy drugs for patients with different risk scores.




3.12 The amount of expression of a gene in a cell

Four cell lines of T24, UMUC3, RT112, and SV-HUC1 were selected to verify the gene expression of CALR, FASN, CASP6, and RAD9A, respectively. The results showed that the gene expression of these three genes in cancer cells was significantly lower than that of normal cells, and the results were statistically significant. In summary, in cancer cells, anoikis-related genes were significantly inactivated, and these genes were somewhat associated with the progression of tumor cells (Figure 11).




Figure 11 | RT-qPCR verifies the expression of apoptosis-related genes in T24, UMUC3, RT112, and SV-HUC1 cells (A) Expression of CALR gene in cells (B) Expression of CASP6 gene in cells (C) Expression of FASN gene in cells (D) expression of RAD9A gene in cells. *P<0.05, **P<0.01, ***P<0.001,****P<0.0001.







4 Discussion

BLCA is a highly malignant urinary tumor, and genomic therapies such as regulation of noncoding RNAs, DNA methylation, and gene loci mutations are key regulators that prevent the continued progression of BLCA (14, 15). The regulation of these gene loci can not only inhibit the progression of cancer cells, but also promote cell death, which can optimize the treatment of BLCA to a certain extent.

Studies on the effects of the CALR gene have found that CALR is associated with immune responses and apoptosis of cells (16). There is more evidence that CALR is associated with cell carcinogenesis, drug resistance of tumor cells, and epithelial-mesenchymal transformation (17). The study found that Casp6 in cancerous tissues was low expression, indicating that it had a certain inhibitory potential in tumorigenesis and progression (18). and the expression level of Casp6 was inversely correlated with the IC50 value of 5fluorouracil (19, 20). Casp6 is currently widely recognized as a key regulator of innate immuno-inflammatory activation and host defense (21). At present, it has been found that the increased expression of CCDC80 can enhance the sensitivity of tumor cells to chemotherapy drugs, and knocking it down in cancer cells can enhance the anti-cancer drug resistance effect of bladder cancer cells (22). In the metabolic study of bladder cancer, it was found that the reduction of FSAN contributed to the metabolic conversion and proliferation of tumor cells (23). In studies of significant regulation of proteins related to DNA repair, including alterations in RAD9A, has been found to be associated with tumorigenesis, and similar conditions have been observed in B cells and other immune cells (24).

Clinical practice has shown that patients with high TMB are more conducive to immune checkpoint inhibitor therapy, TMB classified according to anoikis-associated genes in this study have a longer survival time (25). The function of the selected genes was enriched and analyzed, and the activity of signaling pathways such as WNT, BETA, and other signaling pathways in HRG subjects associated with anoikis was enhanced, and it was understood that the activation of these pathways promoted tumor survival and progression, and a variety of WNT and MAPK inhibitors could play a role in different cell cycles of aggressive bladder cancer cell growth (26). The enrichment of immune and carcinogenic pathways in the HRG and the high concentration of metabolism-related pathways in the LRG can explain the better prognosis and non-immunosuppressive state of the lower-risk group than in the HRG.

In short, anoikis plays a key role in the occurrence and development of tumors. Our study demonstrates the value of a group of anoikis-associated genes as biomarkers for BLCA prognosis. As a retrospective study conducted by bioinformatics analysis, the clinical application of this information is not perfect, and these biological mechanisms for predicting prognosis still need to be further confirmed.




5 Conclusion

In summary, we developed a model for predicting prognosis, immune microenvironment, and chemotherapy response in BLCA patients. The model was constructed based on nine anoikis-associated genes and clinical risk characteristics, and multidimensional validation of the model showed that the model has the potential to reliably predict clinical prognosis in BLCA species.
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Background

Recent developments in MIBC treatment suggest good efficacy of bladder sparing treatment combined with immune checkpoint inhibitor. However, there is no standard treatment mode. A retrospective analysis was conducted to reveal the efficacy and safety of PD-1 inhibitor in combination with radiotherapy or chemoradiotherapy.





Methods

We retrospectively analyzed 25 patients with MIBC T2-T3N0M0 disease who were unfit or unwilling to undergo RC. These patients underwent the maximum TURBT followed by PD-1 inhibitor (Tislelizumab or Toripalimab) in combination with radiotherapy or chemoradiotherapy (gemcitabine plus cisplatin) between April 2020 and May 2022. The primary outcome was clinical complete response (cCR) rate. The secondary outcomes were disease free survival (DFS) and overall survival (OS).





Results

Revised: Of 25 patients, 22 were T2 (88%), while 3 were T3 (12%). The median age is 65 years (51–80). Twenty-one patients had programmed cell death ligand 1 (PD-L1) combined positive score (CPS) of 1 or more, and 4 patients had CPS<1 or unknown. Sixteen patients received chemoradiotherapy. Tislelizumab and Toripalimab were administered to 19 and 6 patients, respectively. The median number of cycles of immunotherapy was 8. Twenty-three patients (92%) achieved cCR. Following a median of 13 months of follow-up (range, 5-34 months), 1-year DFS and OS rate were 92% and 96%, respectively. In the univariate analysis, T stage significantly influenced OS and ORR, and efficacy evaluation significantly influenced OS, DFS, and ORR. The expression of PD-L1 and chemotherapy had no effect on prognosis. In the multivariate analysis, no independent prognostic factors were found. Grade 3 or 4 adverse events (AE) were reported in 35.7% patients.





Conclusions

Bladder sparing therapy with PD-1 inhibitor in combination with radiotherapy or chemoradiotherapy is feasible, safe, and highly effective for patients who were unfit or unwilling to undergo RC.
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Introduction

Bladder cancer is the tenth most common cancer globally and the second most common genitourinary malignancy (1). Currently, non-muscle invasive bladder cancer (NMIBC) comprises approximately 70% of bladder cancers, whereas muscle-invasive bladder cancer (MIBC) comprises the remaining 30% of the localized disease (2). MIBC is invasive and has high morbidity and mortality and poor prognosis. Currently, neoadjuvant chemotherapy with radical cystectomy (RC) is the standard treatment option for MIBC, with a 5-year survival rate of approximately 60% (3). However, it has been reported that more than 50% of patients with MIBC do not prefer aggressive surgical treatment (4). This preference may be associated with a significant reduction in the quality of life (QOL) of postoperative patients, especially for older adult patients (5, 6). The bladder-sparing protocol (BSP) expands the treatment options for patients with MIBC who are unwilling to perform or ineligible for RC. Trimodality therapy (TMT), which includes maximum transurethral resection of bladder tumor (TURBT) and concurrent chemoradiotherapy (CCRT), is currently the most studied and widely recognized bladder preservation strategy (7). Moreover, some patients who are weak or have special conditions can also choose TURBT combined with radiotherapy, TURBT combined with chemotherapy, or single therapy, including radical TUR, chemotherapy, and radiotherapy alone; however, these treatments are generally recognized as less effective than TMT in terms of bladder preservation (8). It is of great significance to develop more bladder-preserving strategies to address the needs of different populations and improve prognosis.

Immune checkpoint inhibitors (ICIs) have provided new prospects for the treatment of MIBC. Currently, programmed cell death protein-1 (PD-1), programmed death-ligand 1 (PD-L1), and cytotoxic T-lymphocyte-associated antigen 4 inhibitors are the most studied ICIs, and various PD-1/PD-L1 inhibitors have been approved for the treatment of advanced bladder cancer (9, 10). Because of the limited efficacy of single-agent immunotherapy, research has focused on the combination of chemoradiotherapy and immunotherapy and shown that they have a good synergistic effect. Therefore, combination therapy has become a major trend (11, 12). According to the traditional bladder-preserving strategy, there are three main types of treatment combinations comprising immunotherapy: (i) immunotherapy combined with CRT, (ii) immunotherapy combined with radiotherapy, and (iii) immunotherapy combined with chemotherapy (13–16). Although these treatment modes show great potential, no standard treatment mode has been established. Therefore, we conducted a retrospective real-world study to determine the feasibility, efficacy, and safety of PD-1 inhibitors combined with radiotherapy or chemotherapy.





Materials and methods




Patients

A cohort of patients diagnosed with MIBC was retrospectively examined at the Second Xiangya Hospital of Central South University between April 2020 and May 2022. The inclusion criteria were as follows: (1) those with a pathological diagnosis of T2-T3N0M0 MIBC, (2) those who were ineligible or unwilling to undergo RC surgery and selected TURBT followed by the administration of PD-1 inhibitors in addition to radiotherapy with or without chemotherapy, and (3) those with complete follow-up data. The exclusion criteria were as follows: (1) those with tumors other than MIBC, infectious diseases, hematological diseases, or severe liver or renal dysfunction and (2) those who underwent partial cystectomy. The last follow-up was conducted on October 1, 2022. Disease stage was defined according to the American Joint Committee on Cancer (AJCC) tumor-lymph node-metastasis (TNM) Staging System, 8th edition. The study design was approved by the appropriate ethics review board.





Treatment

Patients first underwent maximum TURBT and received PD-1 inhibitor and radiotherapy with or without chemotherapy 2 to 3 weeks later. PD-1 inhibitors included 200 mg of tirelizumab administered or 240 mg of toripalimab both administered intravenously every 3 weeks for an expected duration of 1 year. Some patients with good tolerance received concurrent chemotherapy with gemcitabine (1000 mg/m2 d1,6) plus cisplatin (50–75 mg/m2) every three weeks for four cycles. Intensity-modulated radiation therapy was used for external irradiation, which was planned with the Varian Eclipse Treatment Planning System version 11.0 (Varian Medical Systems, Palo Alto, CA, USA) and delivered with 6-MV X-rays using Varian 23EX (Varian Medical Systems).

Gross tumor volume (GTV) includes bladder tumors and positive lymph nodes, which, was confirmed using computed tomography (CT), magnetic resonance imaging (MRI), cystoscope, or positron-emission tomography (PET), and the clinical target volume (CTV) included the whole bladder and regional-nodal basin. The planning target volume was delineated by margins of 7–10 mm around the GTV and CTV. Cone-beam CT was performed weekly. The CTV dose was 45–50 Gy with 1.8 or 2 Gy administered daily, and the GTV dose was 66 Gy, with 2 Gy administered daily. Imaging (CT, MRI, cystoscopy, or PET) and cystoscopy biopsies were performed 12 weeks after radiotherapy and every three months during follow-up to evaluate the therapeutic effect.





Data collection

Clinical information, including age, sex, physical status, T stage, PD-L1 expression, pathological differentiation, treatment strategy, and imaging results, was collected.





Statistical analysis

SPSS software version 26.0 (SPSS, Inc., Chicago, IL, USA) was used for statistical analysis. The major endpoint was the clinical complete response (cCR) rate 12 weeks after radiotherapy. The secondary endpoints were disease-free survival (DFS), OS, and objective response rate (ORR). cCR was defined as the absence of any tumor during TURBT (12 weeks after radiotherapy) and no evidence of a local tumor, lymph node metastasis, or distant metastasis on CT or MRI. OS was defined as survival from the date of diagnosis to death or final follow-up. DFS was defined as survival from the date of diagnosis to disease recurrence, death (for any reason), or final follow-up. ORR refers to the proportion of patients whose tumors shrank to a certain size and remained at that size for a certain time, including complete remission and partial remission. ORR was evaluated using the evaluation standard of solid tumor efficacy version 1.1 (RECIST v1.1).

A Kaplan–Meier univariate analysis was performed to assess the 1-year OS and DFS rates. Statistical differences between survival curves were evaluated using the log-rank test. Multivariate Cox proportional hazard models were created using factors influencing prognosis, as shown in previous studies (17). Fisher’s exact test and χ2 test were used to determine whether there was a correlation between two variables. P-values <0.05 were considered statistically significant. Hazard ratios (HRs) and 95% confidence intervals (CIs) were estimated to assess the magnitude of risk.






Results




Patient and treatment characteristics

A total of 25 patients were included in the analysis. The median follow-up time was 13 (range, 5–34) months. Patient characteristics are summarized in Table 1. The median age of included patients was 65 (range, 51–80 years) years. Twenty-two patients had T2 (88%) disease, whereas three had T3 (12%) disease. Twenty-one patients had a PD-L1 combined positive score (CPS) of ≥1. Four patients had a CPS <1 or unknown CPS. Seventeen patients received chemotherapy, and the median number of cycles was 3. Nineteen and six patients were treated with tirelizumab and toripalimab, respectively. The median number of immune cycles administered was 8.


Table 1 | Clinical characteristics of patients with MIBC.







Prognostic analysis

Twenty-five patients underwent bladder-sparing treatment combined with ICI administration, 23 patients (92%) had cCR, and 2 (8%) had PR. The ORR rate was 100%. The 1-year OS and DFS rates were 96% and 92%, respectively (Figures 1A, B). In the univariate analysis, T stage significantly influenced OS and ORR, and efficacy evaluation significantly influenced OS, DFS, and ORR (Table 2). The 1-year OS and DFS rates of patients with T2 disease were both 100%, which were better than those of patients with T3 disease, whose 1-year OS and DFS rates were 75% and 50% (Figures 1C, D), respectively. All patients with T2 disease and 50% of patients with T3 disease had cCR. The 1-year OS and DFS rates of patients with CR were both 100%, which were better than those of patients with PR, whose 1-year OS and DFS rates were 50% and 0%, respectively. PD-L1 expression and chemotherapy had no effect on the OS, DFS, or ORR. T stage, PD-L1 expression, ICIs, and chemotherapy, which have been shown in previous studies to affect prognosis, were included in the multivariate analysis, but no independent prognostic factors were found (Supplementary Table 1).




Figure 1 | Survival curve of patients with MIBC receiving PD-1 inhibitors combined with radiotherapy or chemotherapy as a bladder-sparing treatment strategy. (A) Overall survival and (B) disease-free survival of patients with MIBC who received PD-1 inhibitors in combination with radiotherapy or chemoradiotherapy. (C) Overall survival and (D) disease-free survival of patients with T2–T3 MIBC who received PD-1 inhibitors in combination with radiotherapy or chemoradiotherapy.




Table 2 | Univariate analysis of overall survival, disease-free survival rates, and objective response rates for all patients.







Outcome and toxicity

Among the 25 patients, 3 patients had intravesical recurrence, 2 of whom received systemic treatment, 1 of whom was received TURBT again. In addition, 1 patient died of multiple metastases.

In total, 92% of patients in this study experienced AEs. Among these patients, 35.7% experienced grade 3 or 4 AEs, and the common adverse events were fatigue (14.3%), cystitis (7.1%), nausea and vomiting (14.3%), thrombocytopenia (14.3%), and leukopenia (7.1%). Immune-related AEs were mainly fatigue (50%), hypothyroidism (44%), and skin pruritus (40%). Except for fatigue, all AEs were of grade 1 or 2 (Table 3).


Table 3 | Adverse event profiles.








Discussion

In the field of bladder-conserving therapy, many types of bladder-preserving treatment modes are combined with immunotherapy, including TMT, radiotherapy, and chemotherapy. Among these, immunotherapy combined with TMT is the most widely studied. A study on pembrolizumab combined with CCRT for MIBC included 28 patients, and the CR rate was 88% (18). Another study on pembrolizumab combined with gemcitabine and hypofractionated radiotherapy for bladder-preserving therapy of MIBC has demonstrated that the 1-year BIDFS rate was 77% and that the CR rate at 12 weeks was 83%–100% (19). In this study, 17 (68%) patients received TMT combined with PD-1 inhibitors; the 1-year OS and DFS rates were 93.8% and 100%, respectively, and the cCR rate was 88.2%. Thus, our results are consistent with the aforementioned findings and have better short-term effects than traditional bladder-sparing therapy, demonstrating the feasibility and effectiveness of ICIs combined with TMT.

Studies on immunotherapy combined with radiotherapy comprised patients who were unable to tolerate chemotherapy. A study of concurrent nivolumab and radiotherapy for older adult patients with MIBC with a median age of 78 years showed that 6 of 14 patients had CR (20). Another phase II study of durvalumab combined with concurrent RT for patients with a median age of 74 years, lymph node positivity, and an inability to undergo complete cystoscopic tumor resection, showed that the rate of CR was 50% (10 CR, 3 PR, 1 SD, and 6 PD), that of 1-year progression-free survival (PFS) was 73%, and that of 1-year and 2-year OS was 83.8% and 76.8%, respectively (21). A study of atezolizumab combined with radiotherapy for patients with a median age of 78.6 years showed that the pathologic complete remission (pCR) rate was 100% (22). Treatment with durvalumab and tremelimumab combined with radiotherapy for patients with MIBC also had a positive effect. The CR rate was 81% (26/32), and the 6-month bladder intact DFS (BI-DFS), DFS, and OS rates were 76%, 80%, and 93%, respectively (15). These studies showed that immunotherapy combined with radiotherapy for older adult patients with MIBC having poor tolerance is feasible and effective. Before the era of immunotherapy, a study showed that patients with T1–T4 bladder cancer received a BSP of radiotherapy alone or radiotherapy and cisplatin chemotherapy and that 63.5% of them achieved CR (23). Therefore, the data from some studies demonstrate that immunotherapy combined with radiotherapy is not worse than TMT combined with radiotherapy and better than radiotherapy alone or radiochemotherapy in terms of outcomes. In this study, 8 older adult patients did not receive chemotherapy. And there was no difference between patients who received chemotherapy and those who did not. However, the sample size of this study is too small, which may affect the results. Whether the combination of ICI can replace the sensitization effect of chemotherapy still needs further study.

Anyway, compared with traditional bladder-preserving treatment, the preliminary CR rate of immunotherapy combined with TMT was 83–100%, while the CR rate of traditional TMT was approximately 75% (20). The CR rate of immunotherapy combined with radiotherapy was 42.85–100%, and radiotherapy alone was approximately 64% (21). It suggests that patients benefit more from combined immunotherapy bladder-preserving treatment.

The immune drugs involved in the bladder preservation study included pembrolizumab, nivolumab, ipilimumab, atezolizumab, durvalumab, tremelimumab, tislelizumab, and toripalimab. Until now, to our knowledge, no head-to-head studies have compared the differences between these drugs. This study enrolled patients who received tislelizumab as well as those who received toripalimab and found that there was no difference in efficacy and prognosis between these two drugs. Tislelizumab and toripalimab have been approved by the China Food and Drug Administration for the posterior line treatment of bladder urothelial carcinoma (24, 25). One study compared the efficacies of neoadjuvant chemotherapy plus ICIs and chemotherapy alone with that of MIBC bladder preservation therapy. ICIs included pembrolizumab, tislelizumab, and toripalimab. The CR and DCR rates in the combined immunotherapy group and chemotherapy alone groups were 50% and 0%, and 95.5% and 66.7% (P=0.003), respectively (26). Another study on tislelizumab combined with nab-paclitaxel for MIBC bladder preservation showed that the pCR rate and 1-year relapse-free survival rate were 77.3% and 82%, respectively (27). These studies demonstrated that these two ICIs had good efficacy in patients who underwent MIBC bladder preservation therapy.

We aimed to determine the predictive factors for the efficacy of bladder-sparing therapy combined with ICIs. PD-L1 expression is the most widely studied biomarker for immunotherapy. Studies on nivolumab or atezolizumab combined with radiotherapy have shown that PD-L1 expression may be a potential biomarker for ICIs with radiotherapy (20, 28). However, a study on durvalumab combined with radiotherapy for bladder-sparing therapy showed no correlation between baseline PD-L1 expression and clinical prognosis (21), which is similar to the findings of this study. Current bladder-sparing studies have shown that the relationship between PD-L1 and efficacy is controversial. The use of these agents should not be excluded in patients with UC that lack PD-L1 expression. Moreover, patients with stage T2 disease have always been the preferred population for TMT bladder-sparing treatment, so does in immunotherapy-based bladder-sparing treatment. Many studies have shown that the prognosis of bladder-sparing treatment for patients with T2 disease is better than that of treatment for patients with T3–T4 disease (29, 30).

In terms of safety, 35.7% of patients enrolled in this study experienced grade 3 or 4 AEs, and 8% experienced grade 3 or 4 IRAEs. Common AEs were fatigue, cystitis, nausea and vomiting, thrombocytopenia, and leukopenia. Hypothyroidism, skin pruritus, and fatigue were the main IRAEs. In bladder preservation studies on pembrolizumab combined with TMT, the incidence of grade 3–4 AEs was 21.4%–40% (14, 18), which was consistent with the findings of this study. However, the incidence of grade 3–4 AEs among patients undergoing ICI administration combined with radiotherapy was 13%–35% (15, 20, 21, 28), which suggested that combined bladder-preserving treatment without chemotherapy is more suitable for older adult patients who are frail and chemotherapy-ineligible. The AEs in the abovementioned study mainly included gastrointestinal toxicity, hematological toxicity, and endocrine toxicity, which were similar to those that occurred in this study.

This study has some limitations. First, it was a retrospective study performed at a single institution. Second, a relatively small number of patients was included. Future studies should include larger sample size, and randomized clinical studies should be conducted. Third, there is no unified standard for evaluating efficacy. In the existing research, there are many evaluation contents, including cCR, pCR, DFS, BIDFS, PFS, and OS, and a lack of long-term follow-up results. In this study, cCR was selected as the primary endpoint to evaluate short-term efficacy; however, long-term follow-up is needed to understand the long-term prognosis of patients.





Conclusions

In this study, the addition of a PD-1 inhibitor improved the efficacy of traditional bladder-preservation therapy (TMT and TURBT plus radiotherapy) for patients with MIBC who are incompatible with RC. The treatment mode is feasible and safe, and chemotherapy and PD-L1 expression do not affect efficacy and prognosis. Despite controversies regarding this type of bladder-preservation therapy, it shows great potential.
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Background

Disulfidptosis is a recently discovered form of cell death. However, its biological mechanisms in bladder cancer (BCa) are yet to be understood.





Methods

Disulfidptosis-related clusters were identified by consensus clustering. A disulfidptosis-related gene (DRG) prognostic model was established and verified in various datasets. A series of experiments including qRT-PCR, immunoblotting, IHC, CCK-8, EdU, wound-healing, transwell, dual-luciferase reporter, and ChIP assays were used to study the biological functions.





Results

We identified two DRG clusters, which exhibited distinct clinicopathological features, prognosis, and tumor immune microenvironment (TIME) landscapes. A DRG prognostic model with ten features (DCBLD2, JAM3, CSPG4, SCEL, GOLGA8A, CNTN1, APLP1, PTPRR, POU5F1, CTSE) was established and verified in several external datasets in terms of prognosis and immunotherapy response prediction. BCa patients with high DRG scores may be characterized by declined survival, inflamed TIME, and elevated tumor mutation burden. Besides, the correlation between DRG score and immune checkpoint genes and chemoradiotherapy-related genes indicated the implication of the model in personalized therapy. Furthermore, random survival forest analysis was performed to select the top important features within the model: POU5F1 and CTSE. qRT-PCR, immunoblotting, and immunohistochemistry assays showed the enhanced expression of CTSE in BCa tumor tissues. A series of phenotypic assays revealed the oncogenetic roles of CTSE in BCa cells. Mechanically, POU5F1 can transactivate CTSE, promoting BCa cell proliferation and metastasis.





Conclusions

Our study highlighted the disulfidptosis in the regulation of tumor progression, sensitivity to therapy, and survival of BCa patients. POU5F1 and CTSE may be potential therapeutic targets for the clinical treatment of BCa.





Keywords: disulfidptosis, bladder cancer, molecular clusters, tumor immune microenvironment, prognostic model, POU5F1, CTSE




1 Introduction

Bladder cancer (BCa) is the most common urological neoplasm, with a significant impact on public health worldwide. There were over 570,000 new cases and 210,000 deaths from BCa globally in 2020 (1, 2). BCa can be categorized into non-muscle-invasive and muscle-invasive BCa. While muscle-invasive BCa accounts for only about 30% of newly diagnosed cases, its aggressive nature, propensity for metastasis, drug resistance, and high rate of recurrence contribute to reduced cancer-specific survival after R0 resection (3, 4). Hence, elucidating the molecular mechanisms underlying the progression of BCa is of paramount importance.

Recently, Liu and colleagues uncovered a novel form of cell death, disulfidptosis, which has not been characterized previously (5). Disulfidptosis is induced by the accumulation of intracellular disulfides in glucose-starved cells with overexpressed SLC7A11 (6). Unlike ferroptosis and apoptosis, disulfidptosis is mediated by the susceptibility of the actin cytoskeleton to disulfide stress. The study also shows that glucose transporter inhibitors trigger disulfidptosis and control tumor proliferation, suggesting the significance of disulfidptosis in cancer management. Overall, the study sheds light on the role of disulfidptosis in controlling tumor progression.

In the study, we aimed to comprehensively investigate the role of DRGs in the prognosis, TIME landscapes, and drug resistance in BCa. We developed and validated a DRG-related prognostic model, which demonstrated high accuracy in predicting prognosis and response to immunotherapy across various independent cohorts. POU5F1 and CTSE were the top two important features within the model. Mechanistically, POU5F1 can transactivate CTSE and promote the proliferation and metastasis of BCa. These results suggested potential therapeutic targets for BCa treatment.




2 Methods



2.1 Data collection, tumor somatic mutation analysis, and protein-protein interaction analysis

The BCa datasets were obtained from the TCGA-BLCA and GEO databases (GSE13507, GSE32548, and GSE32894), as previously described (7). Additional immune checkpoint blockade (ICB) -treated datasets, including the Mariathasan BCa cohort (8), Braun RCC cohort (9), and Liu SKCM cohort (10), were obtained from original publications. The details of these included datasets were provided in Table S1. The details of DRGs were provided in Table S2.

Gene Ontology Biological Processes (GO-BP), KEGG, and cancer hallmarks were obtained from the MSigDB (https://www.gsea-msigdb.org/gsea/msigdb/) (11). Immunohistochemistry (IHC) images of proteins were procured from the Human Protein Atlas (https://www.proteinatlas.org/) (12).

The mutational landscape of all TCGA-BLCA patients and the mutation of DRGs were analyzed using the “maftool” package (13). Online tool GeneMANIA was employed to construct the PPI network of 14 DRGs (http://genemania.org/) (14).




2.2 Unsupervised consensus clustering, differential analysis, enrichment analysis, and TIME landscape estimation

Unsupervised consensus clustering analysis of the TCGA-BLCA cohort was conducted based on the expression profiles of 14 DRGs using the “ConsensusClusterPlus” package (15).

Differentially expressed genes (DEGs) between DRG-based molecular clusters were identified using the “limma” package (16). DEGs with P value (adjusted)< 0.01 and |logFC [fold change] | > 1 were considered significant. The details of DEGs were provided in Table S2.

The enrichment analysis (GO, KEGG, and gene set enrichment analysis [GSEA]) was employed via the “clusterProfiler” package as described previously (7, 17). The activity of GO-BP and KEGG terms for each sample was quantified by the “GSVA” package (18).

TIME scores including stromal, immune, and ESTIMATE scores were determined by the “ESTIMATE” package (19). The infiltration levels of 22 immune cell subsets were estimated by the “CIBERSORT” package (20).




2.3 Establishment and verification of a disulfidptosis−related prognostic model

The model was developed and validated as described in our previous study (21). In brief, the TCGA-BLCA dataset was considered as the training cohort, while the three GEO BCa datasets were external validation cohorts. Univariate Cox regression analysis was first used to identify overall survival (OS)-related DEGs (OS-DEGs). The details of OS-DEGs were provided in Table S2. The least absolute shrinkage and selection operator (LASSO) Cox regression analysis was then employed to reduce the dimensionality of high latitude data. The disulfidptosis-related predictive model was finally constructed using multivariate Cox regression analysis. Each BCa sample of TCGA-BLCA was assigned a DRG score using the formula: DRG score =  , where k_i represents the regression coefficient and X_i represents the relative expression level of gene i.

BCa samples were divided into high- and low-risk groups according to the median value of the DRG scores. Kaplan-Meier curves with the log-rank test were utilized to determine the OS and progression-free survival (PFS) between the two groups. The performance of the model was estimated by the time-dependent receiver operating characteristic (ROC) analysis.

R packages “survival”, “survminer”, and “timeROC” were used in these analyses (22, 23).




2.4 Tissue samples

The study protocol was approved by the Institutional Ethics Committee of Peking Union Medical College Hospital and we performed these experiments adhered to the principles of the Declaration of Helsinki. Tumor tissues of BCa and adjacent para-cancerous tissues were procured following radical surgery and histological confirmation. Written informed consent was obtained from all participants.




2.5 Cell culture and transfection

SV-HUC-1, T24, 5637, J82, and RT4 were purchased from the Cancer Institute of the Chinese Academy of Medical Sciences (Beijing, China). Cells were cultured in complete RPMI 1640 or DMEM supplemented with 10% fetal bovine serum (FBS) and 1% penicillin/streptomycin (Beyotime, Shanghai, China).

The siRNAs compounds targeting CTSE (siCTSE-1: 5’- CAACUACUUGGAUAUGGAAUA- 3’; siCTSE-2: 5’ – CAAUCUUUCUCCAUUCAGUAU – 3’) were designed by GenePharma (Suzhou, China). Transfection was performed using lipofectamine 3000 (Invitrogen) following the manufacturer’s instructions. Overexpression plasmid pcDNA3.1-POU5F1 and corresponding empty vector were purchased from Obio Technology Corp.




2.6 qRT-PCR, immunoblotting, and IHC

These assays were performed according to our previous studies (7, 17, 24). The primer sequences for qRT-PCR analysis were listed in Table S3. The information on all the antibodies used in the study was presented in Table S4.




2.7 Dual-luciferase reporter assay and chromatin immunoprecipitation

These procedures were performed as previously described (25). In brief, wild-type (CTSE-WT) and mutant-type (CTSE-Mut) sequences of the POU5F1 binding site in the promoter of CTSE were designed and cloned into the luciferase vectors (Beyotime, Shanghai, China). The overexpression vector or empty vector of POU5F1 was co-transfected into plated cells. After being cultured for 48 hours, dual luciferase activities were then evaluated by Dual-Luciferase Reporter Gene Assay Kit (Beyotime, Shanghai, China) following the manufacturer’s standard.

ChIP assay was employed using ChIP Assay Kit (Beyotime, Shanghai, China) following the instructions. After the cross-link, the anti-POU5F1 antibody was used to immunoprecipitate the corresponding genomic sequences. Then the sequences were analyzed by qPCR assay. The primer sequences for the CTSE promoter were provided in Table S1.




2.8 CCK-8, wound-healing, and transwell invasion assays

These phenotypic assays were performed as described in our previous studies (7, 17).




2.9 Statistical analyses

R 4.1.2 and GraphPad Prism 9.2.0 were employed for all statistical analyses. The correlation between the two variables was determined by the Spearman correlation coefficient. Student’s T-Test or Mann–Whitney U tests were used for continuous variables. Chi-Square Tests were utilized for categorized variables. A two-tailed p-value< 0.05 was considered statistically significant.





3 Results



3.1 Genetic and transcriptional characteristics of DRGs

First, we analyzed the somatic mutation landscapes of BCa patients, revealing that 94.69% of BCa samples showed somatic mutations (Figure 1A). Next, the somatic mutation pattern of 14 DRGs was also estimated (Figure 1B). Our results showed that DRGs in 112 out of 414 BCa samples (27.05%) had somatic mutations, primarily driven by missense mutations. In particular, MYH9, MYH10, ACTB, FLNB, and TLN1 showed the highest incidence of missense mutations, while MYH9 and ACTB had the highest incidence of nonsense mutations and in-frame deletions, respectively. To investigate the interactions between the 14 DRGs, the PPI network was constructed by the GeneMANIA online tool, which revealed that FLNA, MYH9, IQGAP1, CAPZB, and DSTN were regarded as the hub genes (Figure 1C).




Figure 1 | Genetic and transcriptional characteristics of DRGs. (A) Somatic mutation landscape of all patients. (B) Somatic mutation of 14 DRGs. (C) PPI network of 14 DRGs by GeneMANIA. (D) mRNA levels of 14 DRGs. ns, not significance, *p< 0.05, ***p< 0.001, ****p< 0.0001. ns, not significance.



We also analyzed the expression profiles of the 14 DRGs in the TCGA-BLCA cohort. Results showed that ACTB, DSTN, FLNA, IQGAP1, MYL6, and TLN1 were overexpressed in normal tissues, while CD2AP and INF2 were overexpressed in tumor tissues (Figure 1D). We further found that ACTB, DSTN, FLNA, and TLN1 were upregulated in high-grade and high-stage (stage III and IV) BCa tissues, indicating their association with BCa progression (Figures S1A, B). Finally, representative IHC images demonstrated the protein levels of the four genes (Figure S1C).




3.2 DRG-based molecular clusters with distinct clinical features and TIME landscapes

To investigate the biological roles of DRGs in BCa, we employed an unsupervised consensus clustering algorithm to categorize BCa samples of the TCGA-BLCA cohort based on the expression profiles of 14 DRGs. As indicated by the CDF curves and the PAC test, the optimal clustering number was 2 (Figures S2A–C). The expression levels of DRGs were higher in BCa samples of C1 compared to those of C2 (Figure 2A). In terms of clinical features, the proportion of patients with age > 65, male gender, and stage III and IV was relatively higher in C1 than in C2 (Figures 2A; S2D–F). Moreover, patients in C1 had a poorer prognosis compared to those in C2 (Figure 2B).




Figure 2 | DRG-based molecular clusters with distinct clinical features and TIME landscapes. (A) Expression profiles of DRGs and clinicopathological characteristics between clusters. (B) Survival analysis between C1 and C2. (C) Expression levels of CRGs between clusters. (D) Expression profiles of ICGs and clinicopathological characteristics between clusters. (E) Differences in TIME scores between clusters. (F) Abundances of infiltrating immune cells between clusters. ns, not significance, *p< 0.05, **p< 0.01, ***p< 0.001, ****p< 0.0001. ns, not significance.



Next, we evaluated the expression levels of immune checkpoint genes (ICGs, Table S5) and chemoradiotherapy-related genes (CRGs, Table S5), as well as the TIME scores between two DRG-based clusters. As presented in Figure 2C, SOX2, EZH2, EGFR, and AKR1C1 of the CRGs had distinct expression patterns between the two DRG-based clusters. Specifically, AKR1C1 and SOX2 were downregulated in C1, whereas EGFR and EZH2 were overexpressed in C1. Regarding the TIME landscapes, we observed that samples of C1 had overexpressed ICGs (Figure 2D), a higher TIME score (Figure 2E), and higher infiltration levels of macrophages and activated memory CD4+ T cells (Figure 2F). However, samples of C2 had higher abundances of regulatory T cells, activated dendritic cells, monocytes, infiltrated memory B cells, and neutrophils.




3.3 DRGs-based molecular clusters with dysregulated pathways and biological process

To investigate the pathways and biological processes between the two DRG clusters, a series of enrichment analyses were employed, including GSVA, GSEA, and over-representation analysis (ORA). The results of GO-BP GSVA showed that DRG C1 was enriched in cellular structure-related processes, including podosome assembly, membrane raft assembly, regulation of protein maturation, and cortical cytoskeleton organization (Figure 3A). KEGG term results revealed that DRG C1 was abundant in immunity-related pathways, including focal adhesion and NOD-like receptor signaling pathway (Figure 3B). GSEA subsequently uncovered that DRG C1 was significantly linked to cancer hallmarks, including the cell cycle (G2M checkpoint and mitotic spindle, Figure 3C) and cancergenesis and progression (epithelial-mesenchymal transition [EMT], hypoxia, and angiogenesis, Figure 3D). In contrast, DRG C2 was associated with metabolism, specifically oxidative phosphorylation and fatty acid metabolism (Figure 3E).




Figure 3 | DRGs-based molecular clusters with dysregulated pathways and biological process. (A, B) GSVA of GO-BP (A) and KEGG (B) terms between clusters. (C–E) GSEA of significant hallmarks enriched in DRG C1 (C, D) and C2 (E). (F, G) GO (F) and KEGG (G) analysis of cluster DEGs.



We then identified DRGs cluster-related DEGs to verify the findings above. Consistently, cellular structure and immunity-related biological processes and pathways were mainly enriched (Figures 3F, G).




3.4 Detection of gene clusters related to disulfidptosis in BCa

First, prognosis-related DEGs were screened out by univariate Cox regression analysis. A hierarchical clustering algorithm was then used to classify the BCa samples into three gene clusters (Figure 4A). We observed that DRG C1 was highly correlated with gene cluster 1 while C2 was mostly related to gene cluster 3. Consistently, BCa patients in gene cluster 1 had a worse prognosis compared to those in gene cluster 3 (Figure 4B). Additionally, the majority of DRGs had significantly varied expression levels among the three gene clusters (Figure 4C).




Figure 4 | Detection of gene clusters related to disulfidptosis. (A) The expression profiles of DEGs and the distribution of DRG clusters among gene clusters 1 to 3. (B) Survival analysis among three gene cluster. (C) mRNA levels of 14 DRGs among gene clusters 1 to 3. (D) Distribution of DRG scores between DRG clusters. (E) mRNA levels of 14 DRGs between groups. (F) Distribution of DRG scores among three gene clusters. ns, not significance, **p< 0.01, ***p< 0.001, ****p< 0.0001.






3.5 Development and validation of a disulfidptosis-related prognostic model

Based on the OS-related DEGs, a disulfidptosis-related prognostic model was established for potential clinical application. The TCGA-BLCA cohort was used as the training set whereas three GEO datasets (GSE13507, GSE32548, and GSE32894) were regarded as the testing sets. Followed by LASSO and multivariate Cox regression analysis, a model with ten genes was constructed, including DCBLD2, JAM3, CSPG4, SCEL, GOLGA8A, CNTN1, APLP1, PTPRR, POU5F1, CTSE (Figure S3). The DRG score of each BCa sample was: DRG score =0.03458897* DCBLD2 + 0.03469218* JAM3 + 0.05195818* CSPG4 + 0.04814716* SCEL - 0.14422347* GOLGA8A + 0.02423207* CNTN1 + 0.09220036* APLP1 - 0.05143026* PTPRR + 0.02817304* POU5F1 + 0.03568603* CTSE.

Next, we aimed to investigate the correlation between DRG clusters (C1 and C2), gene clusters (1, 2, and 3), and DRG scores. Our findings indicated that DRG scores were considerably higher in DRG C1 than in C2. Moreover, the expression of DRGs was higher in BCa patients from the high-risk group (Figures 4D, E). We also discovered that the DRG score in gene clusters followed a rank order of 1 > 2 > 3, as illustrated in Figure 4F.

As illustrated in the risk plot, the DRG score was linked to higher mortality and decreased survival (Figure 5A). BCa patients of the high-risk group had poorer OS than those of the low-risk group (Figure 5B). Time-dependent ROC analysis showed excellent performance of the model in predicting the prognosis: AUC of 0.837, 0.833, and 0.83 at 1-, 3-, and 5-year time points, respectively (Figure 5C).




Figure 5 | Development and validation of the disulfidptosis-related prognostic model. (A) Upper panel: Survival time and status between risk groups. The red dots represent dead BCa patients whereas the others indicate the alive. Bottom panel: Distribution of the DRG scores in TCGA-BLCA cohort. (B) Survival analysis between risk groups. (C) Prognostic performance of the model. (D, F, H) Survival analysis between risk groups in the GSE13507 (D), GSE32548 (F), and GSE32894 (H). (E, G, I) Prognostic performance of the model in GSE13507 (E), GSE32548 (G), and GSE32894 (I).



To further verify the performance, we tested it on three external validation cohorts. Similarly, a declined survival was observed in BCa patients of the high-risk group (Figures 5D, F, H). High AUC value from time-dependent ROC analysis also suggested the prognostic performance of the established model (Figures 5E, G, I).




3.6 Estimation of DRG score in immune infiltration

The biological features of BCa samples in high- and low-risk groups were assessed by GSEA (Figures S4A, B). The analysis revealed that cellular structure-related activities such as external encapsulating structure organization and collagen fibril organization, as well as inflammation-related GO-BP including leukocyte migration, inflammatory response, and neutrophil chemotaxis, were highly activated in the high-risk group. Conversely, metabolism-related biological processes, such as long-chain fatty acid and arachidonic acid metabolic processes, were suppressed in the high-risk group (Figure S4A). Furthermore, the results of GSEA on cancer hallmarks indicated that a high DRG score was linked to cell cycle (G2M checkpoint and E2F target), tumor progression (EMT, hypoxia, and angiogenesis), as well as inflammation and immunity (inflammatory response and TNFA signaling via NF-kappa B) (Figure S4B).

TIME scores including immune, stromal, and ESTIMATE scores were remarkably elevated in the high-risk group (Figure S4C). The correlation between immune infiltration and ten model genes was assessed (Figure S4D). Macrophages showed a positive correlation with DRG score, whereas CD8+ T cells, follicular helper T cells (Tfh cells), and Tregs exhibited a negative correlation with DRG score (Figure S4E).

Cancer stem cells possess self-renewal, multipotent, and tumor-initiating abilities, leading to tumor growth, recurrence, and resistance to current treatments. To evaluate the relationship between the DRG score and the CSC index, both were combined, revealing a weak negative correlation (Figure S4F).




3.7 Correlations between DRG score and ICGs and tumor mutational burden

Patients in the high-risk group (52%) exhibited a higher frequency of TP53 mutations than those in the low-risk group (45%) (Figures S5A, B). Additionally, Patients in the high-risk group had significantly higher TMB scores compared to those in the low-risk group (Figure S5C).

Given the reported association between ICB therapy and the expressions of ICGs, we next evaluated the association between the ICGs and DRG score. Our findings indicated a significant negative correlation between most ICGs and the ten model genes (Figure S5D). Specifically, the expressions of PVR, CD276, and SIRPA increased as the DRG score increased, while the expressions of TNFRSF14 and CD96 had the opposite trends (Figure S5E).




3.8 Evaluation of the model in ICB-treated cohorts

Our previous findings demonstrated a potential correlation between DRG scores and the expression of ICGs. To further investigate the predictive ability of our developed model in immunotherapy response, we analyzed three ICB-treated cohorts comprising different types of tumors. Within the Mariathasan cohort, the high-risk group was associated with a worse prognosis (Figure 6A). Non-responders had significantly higher risk scores compared to responders (Figure 6B), and the high-risk group had a lower proportion of responders and a higher proportion of non-responders than the low-risk group (Figure 6C). The ROC analysis revealed a high predictive performance of the model (Figure 6D). Additionally, the risk score gradually decreased from the desert immune phenotype to the inflamed phenotype (Figure 6E).




Figure 6 | The performance of the model in predicting immunotherapeutic response in ICB-treated cohorts. (A) Survival analysis between risk groups. (B) Distribution of the DRG score between responders and non-responders. (C) Distribution of the responders and non-responders between risk groups. (D) The immunotherapeutic response prediction performance of the model. (E) Distribution of the DRG score among three immune phenotypes. (A–E) Data was analyzed in the Mariathasan cohort. (F, K, G, I) The Kaplan–Meier OS (F, K) and PFS (G, I) curves between risk groups. (H, M) Distribution of the DRG score between responders and non-responders. (I, N) Distribution of the responders and non-responders between high- and low-risk group. (J, O) The immunotherapeutic response prediction performance of the model. (F-J) Data was analyzed in the Braun RCC cohort. (K-O) Data was analyzed in the Liu SKCM cohort.



Within the Braun cohort, renal cell carcinoma (RCC) patients in the high-risk group suffered from worse OS and PFS (Figures 6F, G). Non-responders had significantly higher risk scores compared to responders (Figure 6H), and the high-risk group had a lower proportion of responders and a higher proportion of non-responders compared to the low-risk group (Figure 6I). The ROC analysis uncovered a high predictive performance of the model (Figure 6J). Similar findings were observed in the Liu cohort of patients with skin cutaneous melanoma (SKCM) (Figures 6K–O).




3.9 Correlation between DRG score and CRGs and chemotherapeutic sensitivity

Except for MGMT and AKR1C1, a negative correlation was observed between the expressions of CRGs and the ten model genes (Figure S6A). Additionally, EZH2, EGFR, TBX5, and SOX2 were positively correlated with the DRG score (Figure S6B). These findings suggested that the DRG score may be able to predict the chemotherapeutic response. To verify the findings, drug sensitivity analysis was performed using six frequently used chemotherapeutic agents in BCa patients. The results demonstrated that BCa patients in the high-risk group exhibited resistance to cisplatin, doxorubicin, gemcitabine, methotrexate, paclitaxel, and vinblastine (Figure S6C).




3.10 POU5F1 transactivates CTSE by directly binding to its promoter

The random survival forests (RSF) algorithm was utilized to ascertain the relative importance of each gene in the model. As presented in Figure 7A, POU5F1 displayed the highest degree of significance, followed by CTSE, DCBLD2, and GOLGA8A. Our correlation analysis indicated that POU5F1 was positively correlated exclusively with CTSE (R = 0.39, Figure 7B). Furthermore, this result was consistent with the outcomes obtained through analysis of the GEPIA online tool (Figure 7C). POU5F1, also known as OCT4, is a transcriptional factor that has been linked with tumor proliferation, migration, and therapy resistance (26). Previous research has thoroughly explored the oncogenic phenotypes of POU5F1 in various human cancers, including BCa (27). Additionally, Fristrup et al. examined the protein levels of CTSE (Cathepsin E) in a large, multicenter cohort and found that CTSE levels were significantly associated with progression to stage T2-T4 BCa (28). Nonetheless, the functional roles of CTSE in BCa remain poorly understood. In light of the positive correlation between POU5F1 and CTSE, we hypothesized that POU5F1 might transactivate CTSE to promote BCa progression.




Figure 7 | POU5F1 promoted BCa proliferation and metastasis by transactivating CTSE. (A) The relative importance of ten model genes. (B) Correlation among the ten model genes. (C) Spearman correlation between POU5F1 and CTSE by GEPIA. (D, E) Relative expression levels of CTSE in BCa tumor and adjacent normal tissues. (F). Representative IHC images of CTSE in BCa tissues and adjacent normal tissues. (G) Expression levels of CTSE in several BCa cell lines by qRT-PCR and immunoblotting. (H) Immunoblotting and qRT-PCR validated the knockdown efficacy of siRNAs targeting CTSE in 5637 cell line. (I, J) Deficient CTSE inhibited 5637 proliferation as indicated by CCK-8 (I) and EdU (J) assays. (K, L) Deficient CTSE inhibited 5637 migration (K) and invasion (L). (M) Diagram illustrated the predicted binding site of POU5F1 to CTSE promoter. (N) Luciferase activity of the POU5F1/CTSE promoter reporter was examined. (O) Luciferase assay with different doses of POU5F1 overexpression plasmid. (P) ChIP analysis indicated the enrichment of POU5F1 on the gene promoter region of CTSE. (Q) qRT-PCR and immunoblotting detected CTSE expression following POU5F1 depletion. (R) Rescuing CCK-8 assays. (S) Rescuing wound-healing assays. (T) Rescuing transwell invasion assays. (N-T) Assays were performed in 5637 cells. *p< 0.05, **p< 0.01, ***p< 0.001.



First, we investigated the expression levels of CTSE in clinical BCa tissues and BCa cell lines. In 106 pairs of BCa tissues, we observed an upregulation of both CTSE mRNA and protein levels in tumor tissues (Figures 7D, E), which was further supported by representative IHC images (Figure 7F). In particular, CTSE was found to be overexpressed in BCa cell lines, especially in 5637 (Figure 7G). To gain insights into the biological functions of CTSE in BCa, a series of phenotypic assays were conducted in 5637 cells. We verified the efficacy of CTSE knockdown using qRT-PCR and immunoblotting assays (Figure 7H). CTSE deficiency was found to inhibit 5637 cell line proliferation (Figures 7I, J), as well as wound-healing migration and transwell invasion assays (Figures 7K, L). Overall, the upregulation of CTSE drives the progression of BCa cells in vitro.

Next, we investigated the regulatory mechanisms between the transcription factor POU5F1 and the gene CTSE. A previous study reported the existence of a transcriptional binding site for POU5F1 (29). We then identified a potential binding site for POU5F1 at the promoter of CTSE (Figure 7M). To investigate the functional significance of this binding site, we conducted luciferase assays in 5637 cells. We found that co-transfection of POU5F1 significantly stimulated the luciferase activity of the CTSE-WT promoter (Figure 7N). Moreover, increasing the dose of POU5F1 resulted in a gradual enhancement of luciferase activity (Figure 7O). Next, a ChIP assay was employed to validate the enrichment of POU5F1 on the promoter of CTSE (Figure 7M) and found that exogenous POU5F1 promoted more POU5F1 enrichment on the CTSE promoter compared to the vector group (Figure 7P). Our results demonstrate that POU5F1 transactivates CTSE by directly binding to its promoter, which has regulatory effects on both mRNA and protein levels (Figure 7Q).




3.11 POU5F1 promotes BCa proliferation and metastasis by transactivating CTSE

We examined the functional association between POU5F1 and CTSE through phenotypic assays as POU5F1 was capable of regulating CTSE by physically binding to its promoter. The CCK-8 assay demonstrated that overexpression of POU5F1 enhanced the proliferation of 5637, while deficiency of CTSE inhibited it (Figure 7R). Similar outcomes were observed in wound-healing migration (Figure 7S) and transwell invasion assays (Figure 7T). In summary, our findings suggested that POU5F1 boosts the proliferation and metastasis of BCa cells by transactivating CTSE.





4 Discussion

Cell death is a crucial factor in regulating tumor proliferation (30). Previous research has established a strong association between cell death and cancer cell metabolism (31). However, the underlying mechanisms linking cell death and metabolism in BCa remain poorly understood.

Disulfidptosis, initially proposed by Xiaoguang Liu, has provided new insights into the role of disulfides and glucose metabolism dysregulation in cell death. However, the landscapes of DRGs in BCa remain unclear. In this study, we conducted a systematic investigation of the genetic and transcriptional changes of 14 DRGs in BCa. We also established a disulfidptosis-related prognostic model with 10 features which exhibited excellent performance in predicting prognosis and immunotherapeutic response.

By deciphering the genetic and transcriptional landscapes of DRGs in BCa, we found that only 27.05% of BCa samples had genetic mutations in DRGs. Surprisingly, six DRGs (ACTB, DSTN, FLNA, IQGAP1, MYL6, and TLN1) were downregulated in BCa compared to normal tissues, while CD2AP and INF2 were upregulated. Most of these downregulated DRGs (except for IQGAP1) were overexpressed in high-grade tumor tissues. Additionally, mRNA levels of ACTB, DSTN, FLNA, and TLN1 increased gradually with the tumor stage. Besides, protein levels of these genes were higher in BCa tumor tissues than in normal tissues, indicating post-translational modifications (32–35).

Based on the expression pattern of DRGs, two disulfidptosis-related molecular clusters of the TCGA-BLCA cohort were identified. BCa patients in DRG C1 were characterized by decreased survival and advanced clinicopathological features. Further decoding of the TIME unraveled that C1 was featured by the inflamed TIME in terms of upregulated expression profiles of ICGs, elevated TIME scores, and infiltrated immune cell subsets. As evidenced by previous BCa studies, tumors with distinct TIME landscapes may hold different sensitivities to chemotherapy and immunotherapy (7, 17, 36, 37). Consistently, the expression levels of CRGs and ICGs varied significantly between DRG clusters, indicating varied therapeutic responses between DRG clusters. These findings indicated the importance of disulfidptosis in driving BCa.

Further, a disulfidptosis-related prognostic model was developed based on the OS-DEGs of the DRG clusters. Deciphering the TIME of BCa unveiled that a high DRG score was linked to the inflamed phenotype which had significant effects on the cancer treatment. Furthermore, a higher RNA stemness score was detected in the high-risk group, indicating the crucial role of disulfidptosis patterns in maintaining BCa tumors.

Using the RFS method, we identified an exclusively positive correlation between two critical genes, POU5F1 and CTSE. POU5F1, also known as OCT4, encodes a transcription factor regulating stem cell pluripotency via the POU homeodomain. POU5F1 regulates the characteristics of tumor-initiating cells in terms of survival, self-renewal, resistance to drugs, and EMT (38). Roundhill et al. studied the role of POU5F1 in Ewing sarcoma and found that POU5F1 intensely interacted with stemness and chemoresistance genes (39). Mitchell and colleagues addressed the critical roles of POU5F1 in WDR5-induced glioblastoma progression (40). As for CTSE (Cathepsin E), its biological characteristics have been addressed in various tumors including pancreatic cancer (41), prostate cancer (42), and gastric cancer (43). In our study, we observed higher expression levels of CTSE at both mRNA and protein levels in BCa tumor tissues. Moreover, overexpression of CTSE promoted the proliferation, migration, and invasion of BCa cells. Mechanistically, we found that POU5F1 directly binds to the promoter of CTSE, leading to its transactivation and promotion of BCa progression.




5 Conclusion

In the study, we comprehensively investigated the DRG profiles in BCa and established a disulfidptosis-related prognostic model which exhibited excellent performance in predicting prognosis and immunotherapeutic response. BCa sample of different DRG scores was also characterized by distinct TIME landscape, response to immunotherapy and chemotherapy, and dysregulated pathways and biological processes. Furthermore, we found that POU5F1 and CTSE were critical components of the prognostic model. We also conducted further investigations to uncover the regulatory mechanisms underlying the relationship between POU5F1 and CTSE.
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Substantial improvement in prognosis among metastatic renal cell carcinoma (mRCC) patients has been achieved, owing to the rapid development and utilization of immunotherapy. In particular, immune checkpoint inhibitors (ICIs) have been considered the backbone of systemic therapy for patients with mRCC alongside multi-targeted tyrosine kinase inhibitors (TKIs) in the latest clinical practice guidelines. However, controversies and challenges in optimal individualized treatment regarding immunotherapy remains still About 2/3 of the patients presented non-response or acquired resistance to ICIs. Besides, immune-related toxicities, namely immune-related adverse events, are still elusive and life-threatening. Thus, reliable biomarkers to predict immunotherapeutic outcomes for mRCC patients are needed urgently. Tumor microenvironment (TME), consisting of immune cells, vasculature, signaling molecules, and extracellular matrix and regulates tumor immune surveillance and immunological evasion through complex interplay, plays a critical role in tumor immune escape and consequently manipulates the efficacy of immunotherapy. Various studied have identified the different TME components are significantly associated with the outcome of mRCC patients receiving immunotherapy, making them potential valuable biomarkers in therapeutic guidance. The present review aims to summarize the latest evidence on the associations between the components of TME including immune cells, cytokines and extracellular matrix, and the therapeutic responses among mRCC patients with ICI-based treatment. We further discuss the feasibility and limitation of these components as biomarkers.
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1 Introduction

Around 430,000 newly diagnosed renal cell carcinoma (RCC) are reported yearly worldwide (1). One-fourth of these patients experience metastatic disease (mRCC) at diagnosis and another 30% develop distant metastasis after curative nephrectomy, whose estimated 5-year survival rate is only about 10-18% (2, 3). Fortunately, substantial improvement in prognosis among mRCC patients has been achieved, owing to the rapid development and revolutionized utilization of immunotherapy over the past decade (4–6). In particular, immune checkpoint inhibitors (ICIs) have been considered the backbone of systemic therapy for patients with mRCC alongside multi-targeted tyrosine kinase inhibitors (TKIs) in the latest clinical practice guidelines from the American Society of Clinical Oncology and the European Association of Urology (7, 8). However, there remain controversies and challenges in optimal individualized treatment regarding immunotherapy. Although about 1/3 of the patients experienced objective and durable responses, the majority of the patients did not benefit, presenting non-response or acquired resistance to ICIs (9). Additionally, immune-related toxicities, namely immune-related adverse events, are still elusive and can be life-threatening (10). Around 60% of the patients administrated ICIs experienced grade 3-4 treatment-related adverse events, leading to 7%-33% treatment discontinuation (11–14).

Therefore, seeking reliable biomarkers is crucial for monitoring the therapeutic efficacy and predicting the responses of immunotherapy among mRCC patients, which may be a solution to optimize the outcomes of immunotherapy-based treatment.

Recently, various studies indicate that tumor microenvironment (TME) plays a critical role in anti-tumor immunity and consequently affects the sensitivity to immunotherapy (15–18). TME consists of immune cells, vasculature, signaling molecules, and extracellular matrix and regulates tumor immune surveillance and immunological evasion through complex interplay (Figure 1) (19). Several investigations have revealed the potential of TME components of TME as biomarkers for immunotherapy in various solid tumors, including RCC (11, 20–22). For instance, the expression of Programmed cell death-ligand 1 (PD-L1) in mRCC has been extensively studied as a potential biomarker for immunotherapy (23–25). Besides, researches on cytokines (such as IL-8 and IL-6) and extracellular matrices have shown their potential as biomarkers for mRCC (26–29). Although intriguing progress has been made, no consensus on a reliable and feasible biomarker for immunotherapy among mRCC patients to date.




Figure 1 | Tumor immunity/antitumor immunity in the TME of RCC. Dendritic cells (DC) present peptide-MHCI (pMHCI) complex to CD8+T cells. B7, a costimulatory molecule expressed on the surface of DC, binds to CD28 and subsequently activates CD8+T cells. The tumor-associated macrophages (TAM) secrete either platelet-derived growth factor (PDGF) and transforming growth factor β (TGF-β) to promote tumor angiogenesis, or tumor necrosis factor α (TNF-α) and IL-12 to enhance the killing function of effector T cells (T-eff). On the other hand, the function of T-eff is inhibited by Myeloid-derived suppressor cells (MDSC) via producing arginase and nitric oxide (NO). The IL-6 and TGF-β from Cancer-associated fibroblasts (CAF) lead to the transformation of T-eff into regulatory T cells (Treg), and release vascular endothelial growth factor (VEGF) to promote extracellular matrix deformation and angiogenesis as well. T-eff recognizes and kills tumor cells by binding the TCR on their surface to MHC-I on the surface of tumor cells. However, PD-L1 expressed by tumors interacts with PD-1 on T-eff significantly block their activity. Despite this, T-eff still plays an antitumor role by secreting TNF-α and interferon-γ (INFγ). (Figure was created with BioRender.com).



The present review aims to summarize the latest evidence on the association between key components of TME (including PD-L1 and other immune checkpoints, tumor-infiltrating T cells and T cell receptors, cytokines, and extracellular matrix) and the therapeutic responses among mRCC patients with ICI-based treatment and discuss the potential and feasibility of these components as a biomarker for mRCC patients receiving immunotherapy.




2 Immunotherapy for metastatic renal cell carcinoma

Along with the growing understanding of the immune responses ofRCC and considerable results achieved in numerous solid tumors by applying ICIs, medicines targeting the programmed death-1 (PD-1)/programmed death-ligand 1 (PD-L1) axis and cytotoxic T-lymphocyte associated antigen (CTLA-4) pathways have been introduced to mRCC patients since 2014 (30, 31) and received the United States Food and Drug Administration approval in 2018 (32). Furthermore, after encouraging evidence reported by a series of milestone clinical trials (9, 12, 14, 33–36), the combination of TKI and ICI was formally recommended for mRCC patients as first-line protocols by the U.S. National Comprehensive Cancer Network clinical guidelines for kidney cancer, since version -3.2022 (37–39). A brief summary of clinical practices for mRCC patients based on NCCN guideline and the results of selected crucial trials are described in Table 1 and Supplementary Table 1. Although an ameliorative advancement has been yielded, a substantial amount of mRCC patients did not benefit from ICI-based therapy (40). Therefore, identifying reliable biomarkers is believed to facilitate further improvement in prolonged survival and minimize toxicities for mRCC patients (41–43).


Table 1 | Brief summary of the NCCN guidelines (Version 3. 2022) for metastatic renal cell carcinoma.






3 TMEs as a biomarker for immunotherapy in mRCC

TME is the cellular niche surrounding tumor cells, which consists of immune cells, stromal cells, endothelial cells, extracellular matrix (ECM), neuroendocrine cells, adipose cells, and structural molecules, forming a spatially organized, dynamic, and functional network (15, 44, 45). Recent advances suggest that TME may be one of the pivotal players in modulating tumor immune surveillance and immunological evasion, as well as regulating the response to immunotherapy (15, 41, 46). Besides, the majority of RCC, especially clear-cell RCC (ccRCC) accounting for > 70% of tumors, is regarded as immunogenic cancer, featured by infiltration of leukocytes (natural killer cells, CD8+ T cells, and CD4+ T cells) and myeloid cells (macrophages and neutrophils) as surrounding microenvironment (41, 45). Furthermore, transcriptomic studies based on The Cancer Genome Atlas (TCGA) database addressed that ccRCC were highly CD8+ T cell infiltrated (only 27% of the tumor showed non-infiltrated features) and presented the highest scores on both the immune infiltration and T cell infiltration among 19 cancer types (23, 24). Thus, several key components of TME has been considered a candidate for the biomarker for immunotherapy in mRCC patients (28, 47–52).



3.1 Programmed cell death-ligand 1

Recent clinical trials administrating ICIs-based immunotherapy in mRCC patients have reported that higher PD-L1 expression was associated with higher objective response rates (ORRs) (47, 53–55). In the PD-L1 positive population (expression ≥1%), mRCC patients treated with ICIs presented improvement in progression-free survival (PFS) or overall survival (OS) compared with those with sunitinib monotherapy (47, 53). Notably, conflict results were addressed in other trials comparing ICIs and sunitinib, where PD-L1 expression showed no predictive value in mRCC patients (12, 36, 56) (Table 2).


Table 2 | Subgroup analysis of PD-L1 expression in trials of ICIs-based immunotherapy.



Currently, several studies have considered different measurements for PD-L1-based evaluation among mRCC patients with ICI-based treatment. Chen et al. reported that patients with PD-L1+ circulating tumor cells (CTCs) experienced higher disease control rates than others (73%, 11/15 vs. 20%, 1/5). After treatment, 82% of patients with controlled diseases (9/11) presented a decrease in the expression of PD-L1+ CTCs, whereas all the patients with progressive diseases (100%, 4/4) showed an increased or stable expression of PD-L1+ CTCs (58). In addition, Incorvaia and colleagues demonstrated that patients with higher baseline plasma soluble PD-L1 concentrations (> 0.66 ng/ml) might associate with longer PFS after nivolumab treatment (p < 0.0001) (59).Moreover, the combination of PD-L1 expression with other biomarkers is under investigation and expected to improve the predictability of immunotherapy. Among mRCC patients treated with nivolumab, those with high tumor cells PD-L1 expression and a high percentage of CD8+ PD-1+ TIM-3- LAG-3- tumor-infiltrating cells experienced longer immune-related PFS and better immune-related ORR (60). Chouaib and coworkers reported that the expression status of AXL (receptor tyrosine kinases) was closely associated with PD-L1 status, especially in the population with tumor-suppressor gene von Hippel-Lindau (VHL) inactivation (61). They further revealed that patients with accompanied high AXL expression and PD-L1 expression had worst survival than others (61).

However, these evidences mentioned above are insufficient to support if the expression of PD-L1 in tumor tissue alone served as a reliable biomarker. Firstly, lack of a standardized detection method, consistent thresholds of PD-L1 positivity, and consensus on how to score the expression level of PD-L1 in tumor cells only or including immune cells in TME in these studies (62). Secondly, conducting and interpreting the immunohistochemical results is usually subject to standardized guidelines and pathologists’ experience (63). Different immunohistochemical protocols were applied to measure the PD-L1 expression, leading to a difficulty in comparing the results and result interpretation directly. Thirdly, the different histopathological features of RCC and TME may affect the association between PD-L1 expression and treatment outcomes. For example, sarcomatoid and rhabdoid features increased CD8+ T-cell infiltration and up-regulated PD-L1 expression, showing higher response rate ICIs (64). Fourthly, PD-L1 expression was detected in various portions of study subjects, and its association with treatment outcome was analyzed in a subgroup with limited power, leading to failed comparisons among studies. Therefore, researches who had aware those difficulties suggested that the detection of circulating PD-L1 levels might complement the IHC-based measurement of PD-L1 expression in tissue based on experimental but encouraging results (partially presented above). In addition, the single biomarker might not be enough, but establishing a predictive model, a combination with other biomarkers would be a better strategy to improve the accuracy.




3.2 Other immune checkpoints

Beyond PD-1/PD-L1, the expression of cytotoxic T-lymphocyte-associated Protein 4 (CTLA-4) in RCC tumor-infiltrating monocytes was identified as an independent prognostic factor in RCC patients and significantly associated with worse outcome (65). The overexpression of CTLA4 due to promoter hypomethylation in RCC patients treated with ICI might be an independent factor for favorable outcomes (PFS: HR 1.94 (95% CI 1.09 to 3.44), p = 0.024; OS: HR 2.14 (95% CI 1.01 to 4.57), p = 0.048) (49). Besides, Lymphocyte activation gene-3 (LAG-3) and T cell immunoglobulin and mucin-containing molecule 3 (TIM-3) have been found to be associated with poor prognosis among mRCC patients (66, 67). Notably, the evidence on the roles of the immune checkpoints other than PD-1/PD-L1 in mRCC patients with immunotherapy (targeting PD-1/PD-L1 axis) is limited. Their roles in other immunotherapy are under investigation and related results are awaited.




3.3 Tumor-infiltrating T cells and T cell receptors

The abundance and composition of TITCs are valuable for prognostic prediction of cancer patients (68). Increased immune infiltration has been observed in RCC patients with nivolumab administration (69). A positive associations was found between the improved therapeutic response of nivolumab in ccRCC patients and the abundance of T-cell subsets in biopsies collected at baseline (p = 0.03) and day 28 (p < 0.01) of treatment (50). Detailed study of the T cell population may deepen the understanding of TITCs’ role in the immunotherapy of mRCC. Scientists found that patients with raised tumor-infiltrating CD8+ T cells and TCF-1+stem cell-like CD8+ T cells at the time of surgery tend to experienced robust immune responses and improved survival after subsequent immunotherapy (51). Those with larger expansions of HLA-DR+/CD38+/CD8+ T cells in peripheral blood after one cycle of immunotherapy had more significant tumor shrinkage (p < 0.05) and longer PFS (p = 0.006). Similarly, a higher TNFRSF9 CD8+ T cells infiltration was addressed to be associated with greater reduction of tumor size (p = 0.003) and better PFS (p = 0.012) in ccRCC patients receiving nivolumab (70). However, some non-responders can also present high T-cell infiltration (50). In addition, infiltration of some subsets of CD8 T cells such as PD-1+TIM-3+CD8+, CXCL13+CD8+, and CD39+CD8+ were associated with poor prognosis in RCC without immunotherapy (71–73). It is notable that CD8+T cells are activated and eventually differentiate into a phenotypically depleted terminal state in responders, according to single-cell transcriptome analysis of advanced RCC before and after ICI treatment (74). The expression of checkpoint molecules and anti-inflammatory signals was increased. It should be recognized that antitumor immunity is a dynamic process, and the composition and potential function of TITCs in different stages of immunotherapy will change accordingly.

On the other hand, TCR repertoire has been considered as a candidate biomarker for therapeutic monitoring and prognostic evaluation in cancer patients (75, 76). In the analysis of the peripheral TCR of HLA-DR+ CD38+ CD8 T cells, newer additional TCR clonotypes emerge in patients with a clinical benefit after one cycle of treatment (51). In a phase II study of nivolumab-treated mRCC patients, researchers conducted TCR analysis and found a higher pre-treatment expanded TCR clonality in ICI responders than non-responders (p = 0.042) (25). After treatment, expanded TCR clones in ICI responders were more likely to maintain than in non-responders whose TCR clones were usually replaced (p = 0.024). Maintaining similar TCR clones in tumor tissue after treatment was correlated with therapeutic response, but no correlation was found in peripheral TCR clones (25). Similarly, Kato et al. observed that expanded TCR clones preexisted in responders’ circulation before immunotherapy and maintained a long-term antitumor immune response after treatment (77). However, contradicting the former study, they found that patients with increased peripheral TCR clones after treatment had better OS and PFS than those with decreased peripheral TCR clones (p = 0.044 and p = 0.028, respectively) (77).

The presented studies yielded inconsistent associations between TITCs/TCR repertoire and ICI-based therapeutic outcomes. We are aware that our understanding of the diversity of the T cell population and the complexity of their functions is, to date, the tip of the proverbial iceberg.




3.4 Cytokines

Cytokines are involved in the physiological and pathological processes of mRCC patients, as well as the efficacy of treatment. mRCC patients undergoing ICI-based treatment with lower baseline of IL-8 has higher ORR (p = 0.047) (26). Elevated IL-8 expression might induce epithelial-mesenchymal transformation (EMT) and promote distant metastasis (78). Two comprehensive studies based on clinical trials underlined that circulating IL-8 might be a potential prognostic biomarker for patients administrating ICIs. Schalper and colleagues analyzed the data from four trials of patients with various cancers (advanced RCC, melanoma, and non-small-cell lung cancer) (52). They revealed that higher levels of pretreatment serum IL-8 were associated with shorter OS [HR = 2.56 (95% CI 1.89-3.54)] and lower PFS [HR = 1.36 (95% CI 1.07-1.72)] (52). Additionally, higher serum IL-8 before treatment was associated with poorer survival across cancer types, regardless of treatment strategies. In another study looking at ICIs in managing patients with advanced RCC and urothelial carcinoma, a significantly negative association between baseline plasma IL-8 levels and treatment outcomes is demonstrated, which is similar to the former finding (79). Except for IL-8, an analysis of studies in patients with metastatic renal cell carcinoma treated with IFN-α and Bevacizumab showed that IL-6 and hepatocyte growth factor (HGF) were associated with shorter OS [IL-6: HR = 1.27, 95% CI (1.11-1.42); HGF: HR = 1.19; 95% CI (1.00-1.33)] (29). Sang et al. found that among mRCC patients receive treatment with Pembrolizumab plus Axitinib, the shorter PFS [HR = 3.51, 95% CI (1.54-7.98), p = 0.003] and worse OS [HR = 7.18, 95% CI (2.26-22.82), p = 0.001] were found in those patient with higher IL-6, patients with high IL-6 had worse OS than those with low IL-6 (80). Although further validation is required, these promising results highlight the possibility of some cytokines as reliable and easily measurable predictive biomarkers for RCC and other solid tumor upon ICI treatment (81).However, limited information can be captured by a single measurement of serum cytokine at a single time point (82, 83). Besides, cytokines could be affected by numerous diseases beyond tumors (84–86). Therefore, the specificity of cytokines is relatively low, which obstacles its application as a biomarker.




3.5 Extracellular matrix

Substantial alterations of ECM around solid tumor contribute tremendously in the invasion of tumor cells, thereby initiating metastasis (87, 88). A series of investigations have focused on the components of ECM in RCC patients with metastasis and their treatment responses (27, 28, 89–91). For example, higher levels of transmembrane collagen COL23A1, a ligan of integrin α2β1 (92) [HR = 3.024, 95% CI (1.22-7.49)] and hyaluronan, a high molecular weight unbranched polysaccharide [HR = 1.4; 95% CI (1.02-2.0)] were associated with shorter survival CD248, being identified to localize to the stromal compartment in cancers, serves a key role in myofibroblast generation and accumulation (93). mRCC patients with CD248 overexpression and cancer-associated fibroblasts (CAF) infiltration were experienced poorer 5-year OS (58.3%) comparing those with low infiltration (27); Feng et al. reported a higher level of SPARC-related modular calcium-binding (SMOC2), which promotes matrix assembly and stimulate angiogenic activity was associated with worse 5-year survival rates than patients with lower SMOC2 (64% and 79%, respectively) (28). These findings have not yet been validated in prospective studies with sufficient subjects. More data is awaited to qualify the availability of ECM as a candidate biomarker for immunotherapy. On the other hand, evaluating the expression levels of particular components in ECM has been a practically challenge due to all of these components are expressed and function normally among adjacent healthy epithelial cells as well (94).





4 Future perspectives

Over the past decade, the utility of ICI-based systemic therapy has been attributed to the substantial improvement in prognosis among mRCC patients. To further improve clinical efficacy, and early identification of response and non-response in mRCC patients receiving immunotherapy to reduce the cost of treatment and avoid the damage of immune-related adverse reactions, seeking reliable biomarkers is crucial to predict the outcome and monitor therapeutic management.

As the most extensively studied component in TME, PD-L1 expression has not yet been available in monitoring treatment strategy and predicting outcomes due to inconsistent results across cancer types and ICI combinations. Developing a standardized, interchangeable detection assay and defining a uniform threshold of positivity of PD-L1 expression might improve the comparability across studies and practicality in clinical management. In addition, complementary circulating PD-L1 measurements and a combination of PD-L1 and other biomarkers might accelerate the application of PD-L1 to the bedside. Moreover, fully elucidating how distinct histopathological features, TME signatures, and patient characteristics affect the expression of PD-L1 and its relation with ICI-based treatment outcomes could facilitate the progress of seeking reliable biomarkers. Last but not least, any promising results that have been announced should be further validated in well-designed prospective studies with robust power.

In addition, encouraging but inconsistent results of TITCs and TCR as predictive markers for ICI-based treatment among mRCC patients were yielded from previous research. A more particular knowledge of the dynamics of the T cell population in response to immunotherapy among RCC patients is warranted to monitor therapeutic decisions better (95, 96). Comprehensive characterization of immune cell phenotypes and their interrelationships in the tumor microenvironment can promote immune cells such as T cells to become biomarkers and drug targets. Using mass spectrometry, a method that can be used to analyze large numbers of cells, Chevrier et al. identified 17 tumor-associated macrophage phenotypes, 22 T-cell phenotypes, and a unique immune composition associated with progression-free survival in ccRCC (97). The development of single-cell transcriptome analysis and mass spectrometry have revealed the complex network of immune cells in the tumor microenvironment, which is expected to help us better understand the therapeutic response in the context of immunotherapy. TCR repertoire analysis based on deep sequencing provides a reliable assessment to reveal the clonal richness and diversity of the T cell population, to chase the longitudinal changes of T cell clones with repeated sampling on both tissue and blood, and to measure the expansion of T cell clones. Thus, introducing TCR repertoire analysis into future investigations on immunotherapy treatment outcomes among patients with RCC and other solid tumors should facilitate the progression in clinical management.

Serum cytokine IL-8 has been suggested as a feasible biomarker for prognosis prediction of ICI-based treatment. Next step, further validation trials are warranted to confirm its capability and test its specificity and sensitivity as a biomarker. Moreover, the multi-measurement of correlated cytokines which function in a synergistic network (such as IL-8, IL-6, and TNF) from one sample might raise the value of the prediction of outcomes (98), and identification of cytokine composite signatures associated with prognosis may be an important approach to improve specificity and accuracy (99) Recent advances in ECM detection suggested that ECM derivatives measured in blood might be an attractive supplement to ECM detection (100).




5 Conclusions

In summary, accumulating data prompt that components of TMEs, such as PD-L1, CTLA-4, LAG-3, TIM-3, infiltrating T cell and T cell receptors, cytokines, and ECM, might be candidates of predictor for ICI-based treatment outcome among mRCC patients. However, they have yet to be served as reliable and practical biomarkers applying to the clinic immediately. Thus, future investigations in developing standardized measurement, expanding knowledge on the functional network of TMEs, and validations are warranted to overcome these issues and facilitate a continuous improvement of the clinical benefit of ICI-based treatment among mRCC patients. In addition, we believe that a comprehensive prediction model for mRCC patients by incorporating both classical prediction models (such as International Metastatic Renal-Cell Carcinoma Database Consortium criteria) and various TME components would have the potential to improve the accuracy of predictions. Furthermore, novel testing and analyzing techniques and approaches, such as TCR repertoire analysis, single-cell multi-omic analysis, multiplex label-based immunoassays, and mass spectrometry, are encouraged to apply in future studies, both in mechanism exploration and clinical settings.
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Background

Renal clear cell carcinoma (RCC) has negative prognosis and high mortality due to its early diagnosis difficulty and early metastasis. Although previous studies have confirmed the negative progression of RCC is closely related to M2 macrophages in tumor-associated macrophages (TAMs), the specific mechanism is still unknown





Methods

We used immunofluorescence labeling and flow cytometry to detect the proportion of M2 macrophages in RCC tissues. And bioinformatics technique was used to obtain 9 M2 macrophage-related model genes, including SLC40A1, VSIG4, FUCA1, LIPA, BCAT1, CRYBB1, F13A, TMEM144, COLEC12. Using these genes, model formulas are constructed to devide samples into high and low risk groups, and then the overall survival (OS), progression-free survival (PFS) and Gene set enrichment analysis (GSEA) of the high and low risk groups were analyzed. Real-time quantitative polymerase chain reaction (RT-qPCR) was used to measure the expression of model genes between normal kidney tissue and RCC tissue, as well as between HK-2 cell and 786-O cell. Besides, we induced the M2 differentiation of THP-1 cell, and then co-cultured with the RCC cell 786-O in transwell to observe what effect M2 macrophages will cause on the invasion, migration and the expression of model genes of RCC.





Results

Our study demonstrated M2 macrophages in RCC was about 2 folds that of normal renal tissue (P<0.0001) and M2 macrophages affected the prognosis of patients with RCC by affecting the co-expressed genes, which were mainly enriched in immune-related pathways. The results of in vitro experiments showed that in RCC tissues and 786-O cells, the model gene FUCA1 was down-regulated, and SLC40A1, VSIG4, CRYBB1 and LIPA were up-regulated. Besides, the results of co-culture showed that after 786-O co-culture with M2 macrophages, the ability of migration and invasion was promoted and the expressions of FUCA1, SLC40A1, VSIG4, CRYBB1, LIPA and TMEM144 were all up-regulated.





Conclusion

The proportion of tumor-associated M2 macrophages in RCC tissues is upregulated, and M2 macrophages promote the progression of RCC by regulating the expression of SLC40A1, VSIG4, FUCA1, LIPA, BCAT1, CRYBB1, F13A, TMEM144, COLEC12 genes, thereby affecting the prognosis of patients with RCC.
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1 Introduction

Renal clear cell carcinoma (RCC) is the most common pathological subtype of renal cancer (1, 2), originating from the proximal ureter (3). Due to the difficulties in early diagnosis, local invasion and early metastasis (4), about 30-40% of RCC patients occur metastasis at the diagnosis (5), which leads to poor prognosis and high mortality of RCC. Now due to the advancement of imaging technology, the detection rate of RCC has increased, which has improved the prognosis and reduced the mortality rate to a certain extent. Surgery serves as the most traditional treatment for RCC, but the metastasis or recurrence of the lesion limits this treatment. The emergence of new tyrosine kinase inhibitors (6)and targeted therapies such as PD-1/PD-L1 (7)has had a positive impact on the survival of metastatic renal cell carcinoma patients. However, the overall survival rate (OS) and progression-free survival (PFS) of RCC are still low (8), and the risk of metastasis and recurrence is still high (9). In recent years, increasing researchers have noticed the interaction between tumor cells and immune cells in the tumor immune microenvironment (TME) (10, 11), these immune cells are closely related to the occurrence and development of tumors (12), such as RCC (13). The components of the TME are very complex, including immune cells, stromal cells, extracellular matrix, and various secreted factors (14), among which macrophages account for a large proportion. Such macrophages infiltrating or accumulating in the microenvironment of solid tumors are defined as tumor-associated macrophages (TAMs), including M2 macrophages and a small part of M1 macrophages (15, 16). M1 macrophages are associated with tumor suppression, while M2 macrophages are associated with tumor promotion (17). Some studies have demonstrated that M2 macrophages in TAMs are significantly correlated with tumor stage, tumor cell differentiation, infiltration depth, angiogenesis, lymph node metastasis, and drug resistance, thereby affecting the prognosis of tumor patients (18), such as lung cancer, gastric cancer, and breast cancer (19). Previous studies have confirmed that M2 macrophages can promote the proliferation and migration of tumor cells by regulating certain genes in tumor cells, thereby affecting the prognosis of cancer patients, such as non-small cell lung cancer (20), squamous cell carcinoma of the lung (21) and lung adenocarcinoma (22), etc. This tumor genes regulated by M2 macrophages are called M2 macrophage-related genes. Previous studies have confirmed that M2 macrophages in the TME are closely related to negative prognosis of RCC (23, 24). However, so far, a comprehensive research of the biological role of tumor-associated M2 macrophages in the progression and clinical prognosis of RCC is still lacking. Therefore, in order to understand how M2 macrophages affect the prognosis of RCC, in this study, we used bioinformatics and in vitro experiments to explore the mechanism and screened nine M2 macrophage-related genes, including SLC40A1, VSIG4, FUCA1, LIPA, BCAT1, CRYBB1, F13A, TMEM144, COLEC12, and a new prognostic model was developed for RCC based on the nine M2 macrophage-associated genes. This model shows beneficial predictive effects. In addition, to investigate clinical and biological differences between high-risk and low-risk patients with RCC, clinical correlation analysis, enrichment analysis, and immune infiltration study were performed. In conclusion, we established a risk model based on M2 macrophage-associated genes for clinical prognosis prediction in patients with RCC. Else, it is necessary to identify and validate these predictive biomarkers as well as the prognostic model in the current treatment scenario of localized and advanced RCC in next researches, which makes the model we constructed in the study to assist the prognosis judgment of RCC and the evaluation of clinical treatment effect




2 Materials and methods

Materials: renal clear cell carcinoma cell line 786-O, normal renal cell line HK-2, THP-1 cells, fetal bovine serum (Procell, Wuhan, China), 1640 medium, DMEM medium (meilunbio, Dalian, China), 0.1% crystal violet dye, collagenase IV, hyaluronidase, DNA enzyme, Ficoll paque plus (Solarbio, Beijing, China), 8 μ m and 0.4 μ m transwell chambers, matrix glue (Corning, New York, USA). CD68, CD86 and CD206 flow antibodies, IL-4 and IL-10 (Biolegend, Beijing, China), primers (Sangon Biotech, Shanghai, China), PMA (MedChemExpress, New Jersey, USA), FIX&PERM Kit (MULTISCIENCES, Hangzhou, China). Reverse transcription Kit and qPCR Kit (TransGen Biotech, Beijing, China).



2.1 Data acquisition

The study used data from public databases. 537 samples of renal clear cell carcinoma were downloaded from TCGA database, including transcriptome data and clinical data. Among them, there were 613 cases in the transcriptional group (72 normal samples and 541 tumor samples). The survival time was between 0 days and 4537 days. GSE29609 is downloaded from GEO database and contains clinical information, such as sex, age, clinical stage, survival time, survival status and so on.




2.2 Acquisition of M2 macrophage related genes

We used CIBERSORT to calculate the proportion of 22 kinds of immune cell infiltration (TIC) in each sample of TCGA. According to the co-expression analysis of M2 macrophage expression and sample gene expression, M2 macrophage related genes were obtained, and the correlation coefficient between M2 macrophages and genes was obtained. Using Kyoto Encyclopedia of Genome and Genome (KEGG) (25) and Gene Ontology (GO) (26), the obtained genes were enriched and analyzed, and the biological process of M2 macrophage-related genes was determined.




2.3 M2 macrophage related genes were used to construct a prognostic model

The transcriptome data of TCGA and the data of GEO gene set were intersected and corrected, and the expression of M2 macrophage-related genes in each sample in the overlapping data was obtained by weighted gene co-expression network analysis (WGCNA). Then combined with the clinical information of TCGA and GEO respectively, univariate and multivariate Cox regression analysis was carried out to obtain meaningful prognosis-related genes. The obtained prognosis-related genes are intersected, which are the final prognosis-related genes. Based on the expression of prognostic related genes in TCGA, a lasso regression model was constructed and cross-validated to obtain the prognostic model formula,  .




2.4 Survival analysis of patients with RCC using prognostic model

The prognostic model formula was used to score the TCGA samples, and the risk score was obtained. According to the median score, the samples were divided into two groups: high and low risk groups. The prognostic model formula was also used to score the GEO sample, and the median risk score of TCGA samples was used to divide them into high and low risk groups. Kaplan-Meier survival analysis was conducted to study the survival difference between high-risk and low-risk groups, and the model was verified by ROC curve to predict the accuracy of 1st, 3rd and 5th survival rates.




2.5 The way on which model genes work

GSEA was performed on the samples of high and low risk groups in order to find out the difference between the two groups. The difference of immune cell infiltration between high and low risk samples was analyzed, and the correlation between different immune cells and model genes was further analyzed. In addition, the gene expression related to the immune checkpoint was obtained from the sample gene, and the correlation with the risk score was analyzed.




2.6 Single gene analysis

The expression differences of individual model gene between normal tissue and tumor tissue and between tumor tissue and paracancerous tissue in the same sample were compared. In addition, through the expression of each gene in the prognostic model, the samples were divided into high and low risk groups, and then the survival differences between high and low risk groups were analyzed.




2.7 Verification by cell experiment



2.7.1 Culture of HK-2 and 786-O cell

HK-2 was mixed with DMEM medium containing 10% fetal bovine serum and 1 × double antibiotic and seeded in petri dish. 786-O was mixed with 1640 medium containing 10% fetal bovine serum and 1 × double antibiotic and seeded in a petri dish. When the cells adhesion fusion degree reached 80%-90%, they were digested with 0.05% trypsin, subcultured, amplified and cryopreserved.




2.7.2 Macrophages are extracted and detected surface markers

Renal cell carcinoma and normal kidney tissues were obtained from the affiliated Hospital of Qingdao University with the consent of the patients and their families. To remove the blood stain and necrotic tissues, the obtained tissues were washed with PBS containing 1 × double antibiotic, and then cut them into 1mm3 volume. The digestive juice was composed of 2mg/ml collagenase IV, 0.25mg/ml hyaluronidase, 0.2mg/ml DNA enzyme and 1640 medium. The tissues were digested at 37 °C for 2 hours. After digestion, the undigested tissue was removed with a 40 μm cell sieve. 5ml 1640 medium was used to re-suspended the cells, and then cell suspension was added to 5ml 100% Ficoll Paque Plus. The mixed solution was centrifuge at 1,500 r for 30 min. After centrifugation, the cells at the junction were taken. After washed once, the obtained cells were re-suspended with 1640 medium containing 20% FBS, and seeded on a 6-well plate. After 2 hours, unadherent cells were removed, and the adherent cells were labeled flow antibody CD68 and CD86. Besides, CD206 was labeled on the adherent cells after breaking the membrane. Last, macrophage markers were detected using flow cytometry.




2.7.3 Effect of M2-type macrophages on the invasion and migration ability of 786-O

THP-1 cells were mixed and seeded on 6-well plate in 1640 medium containing 100ng/ml PMA to induce the cells maturation. 20ng/ml IL-4 and IL-10 were added to induce M2 differentiation. 48 hours later, the cells were digested with trypsin and labeled with flow antibodies CD68, CD86 and CD206 to detect whether the THP-1 cell successfully differentiated into M2 macrophages. The differentiated M2 macrophages were seeded to the 8 μm transwell chamber, and 786-O, which had been starved for 24 hours, was seeded into the upper chamber after the matrix glue was pretreated. 24 hours later, the 30 min was fixed with 4% paraformaldehyde, the fixed solution was removed. 10min was stained with 0.1% crystal violet, and then 5 visual fields were selected under the microscope after proper air-drying.




2.7.4 Single gene analysis

The differences of individual model genes between normal tissues and tumor tissues of different samples, and of the same sample were compared. The survival differences between high and low risk groups of single model genes were analyzed. The results showed that SLC40A1, VSIG4, FUCA1, LIPA, CRYBB1, TMEM144 6 model genes among 9 model genes were different in 3 kinds of individual gene analysis (S1-S3). Therefore, we carried out in vitro qPCR of the 6 model genes. Trizol was used to extract the RNA of normal renal tissue and renal clear cell carcinoma, as well as HK-2 and 786-O. The differentiated M2 macrophages and 786-O cells were co-cultured in a 0.4 μm transwell chamber for 48 hours, then 786-O was digested and Trizol was added to extract RNA. The RNA extracted above were performed reverse transcription and qPCR (primer sequences in Table 1) to detect the expression of 6 model genes.


Table 1 | Model gene primer sequences.






2.7.5 Immunofluorescence labeling

The pathological sections were obtained from the Department of Pathology of the affiliated Hospital of Qingdao University. After dewaxing, hydration, antigen repair and inactivation of endogenous catalase, the sections were placed in PBS containing 3% BSA. The first antibody was incubated overnight at 4 °C. The second antibody was incubated at room temperature about 50min. After the sections were incubated and sealed, appropriate fluorescence channels were selected for observation and images were collected. Use image-J for data processing and analysis. The main antibodies are as follows: anti-CD68 and anti-CD163. All sections were evaluated by pathologists who did not know the identity and clinical outcome of the patient.




2.7.6 Data analysis

The R4.2.1 software is used for statistical analysis, and the numerical value is  . Kaplan-Meier curve and logarithmic rank test were used to evaluate the survival differences between groups. Univariate and multivariate Cox regression analysis were used to determine the prognostic factors. The correlation coefficient was calculated by Pearson and Spearman correlation analysis. Unmatched Student-t and Mann-Whitney U test were used to compare normal and abnormal variables, respectively. One-way analysis of variance and Kruskal-Wallis test were used as parametric and nonparametric methods to compare upper 2 groups. P< 0.05 was considered to be statistically significant.






3 Results



3.1 The clinical characteristics of the sample

The sample clinical data were obtained from TCGA and GEO, including the patient’s age, survival status, sex, grade and TNM stage (Table 2).


Table 2 | The clinical characteristics of TCGA and GEO samples.






3.2 The role of M2 macrophages in RCC tissues

The results of immunofluorescence labeling showed that the proportion of CD163 in RCC tissues was about 2 folds higher than that in normal renal tissues (P< 0.0001), which meant that the proportion of M2 macrophages in RCC tissues increased (Figure 1A). After M2 macrophages were extracted from RCC tissues and normal renal tissues according to the procedure (Figure 1B), the extracted cell markers CD68, CD86 and CD206 were detected by flow cytometry. The results confirmed that the proportion of M2 macrophages in RCC tissues was higher than that in normal renal tissues (P< 0.05) (Figure 1C). When the extracted macrophages were co-cultured with 786-O, the results showed that the macrophages extracted from RCC tissues could promote the invasion and migration of renal cancer cells more obviously (Figure 1D). This means that the enhancement of metastatic ability of RCC in the body is related to the increase of M2 macrophages.




Figure 1 | The proportion of M2 type macrophages elevates in RCC tissue. (A) Immunofluorescence labeling the normal kidney tissue and RCC tissue obtained, red fluorescence represents CD68 (labeling mature macrophages) and green fluorescence represents CD163 (labeling M2 type macrophages). (B) Extracting macrophages in kidney tissue and subsequent experimental procedure. (C) Macrophages were extracted from normal kidney tissue and RCC tissue, labeled with flow antibody CD68 (labeling mature macrophages), CD86 (labeling M1 type macrophages) and CD206 (labeling M2 type macrophages), and the proportion of M2 macrophages extracted from both tissues was detected by flow cytometry. (D) Macrophage cells extracted from the tissues were co-cultured with 786-O, and then crystalline violet staining to detect the effect of tissue-extracted macrophages on the invasion and migration ability of 786-O. The result of normal kidney tissue-extracted macrophages (left) co-cultured with 786-O. The result of RCC tissue-extracted macrophages (right) co-cultured with 786-O. *P<0.05, **P<0.01, ****P<0.0001.






3.3 Acquisition of M2 macrophage related genes

After obtaining the proportion of immune cell infiltration in the TCGA sample, the correlation between the expression of M2 macrophages and the gene expression of the sample was analyzed. The results showed that there was a positive correlation between the expression of SLC40A1, VSIG4, FUCA1, LIPA, BCAT1, CRYBB1, F13A, TMEM144, COLEC12 and M2 macrophages (Figure 2A). Furthermore, the results of coexpression analysis were visualized, and the correlation figure (Figure 2B) and coexpression network map (Figure 2C) were obtained. The visualized results allow visual observation of sample genes associated with M2 macrophages.




Figure 2 | M2 macrophage-related genes were obtained. (A) Co-expression analysis between the sample genes and the expression of M2 macrophages was performed to obtain M2 macrophage-related genes. (B) Heat map of M2 macrophages co-expressed genes. Red represents positive correlation, and green represents negative correlation. (C) Visualization of M2 macrophage-related genes to obtain a co-expression network graph. Central node is M2 macrophages, connecting lines represent correlation, blue represents negative correlation, and red represent positive correlation.






3.4 M2 macrophage related genes are mainly enriched in immunomodulatory pathway

Type M2 macrophage related genes were analyzed by GO and KEGG. GO enrichment results showed that M2 macrophage-related genes were mainly enriched in immune regulatory pathways, such as positive regulation of leukocyte, mononuclear cell migration, regulation of mononuclear cell migration, regulation of leukocyte chemotaxis (Figure 3A). KEGG enrichment results showed that M2 macrophage-related genes were also enriched in immune-related pathways, such as Neutrophil extracellular trap formation, phagosome (Figure 3B).




Figure 3 | M2 macrophage-associated gene enrichment pathway. (A) GO enrichment. Red represents positive correlation, blue represents negative correlation (left); the outermost circle represents gene ID, and green, blue, yellow represent the three major functions, including molecular function, biological process, cellular component, respectively. The second circle represents the number of genes on each GO, the third circle represents the number of co-expressing genes enriched on each GO, and the fourth circle represents the proportion of co-expressed genes (top right); The major enrichment pathways of M2 macrophage-associated genes on GO (bottom right). (B) KEGG enrichment. Red represents positive correlation, blue represents negative correlation (left); The major enrichment pathway of M2-type macrophage-associated genes on KEGG (right).






3.5 Construct a prognostic model for survival analysis

Based on the expression of prognosis-related genes in TCGA samples, a lasso regression model was constructed and cross-validated to get the model formula, risk score = VSIG4*0.235-SLC40A1*0.550-FUCA1*0.191-LIPA*0.066+BCAT1*0.138+CRYBB1*0.170+F13A1*0.138-TMEM144*0.090+COLEC12*0.048. Through the survival analysis of the prognosis model, the survival curves of TCGA and GEO samples were obtained respectively (Figure 4A). The results demonstrated that with the passage of time, the survival rate of both groups decreased gradually, but the overall survival rate of the high-risk group was significantly lower than that of the low risk group (P< 0.001), which means that our survival model is beneficial to divide the samples into high and low risk groups. We also conducted independent prognostic analysis of univariate and multivariate (Figure 4B). The results showed that our model could be independent of other factors as prognostic factors. In addition, judging the accuracy of our prognostic model in predicting patient survival by the ROC curve, we found that the prediction accuracy of our model is high. The AUC values of 1st, 3rd and 5th survival prediction are 0.825, 0.767, 0.753 respectively (Figure 4C). Moreover, the other ROC curve is built by combining our model with staging, grading and other clinical traits. Our model has the largest area under the curve (AUC=0.753), which means that our model is the most accurate in predicting patient survival (Figure 4C). In addition, the results of the risk curve (Figure 4D) show that the number of deaths increases as the patient’s risk increases. Using the line chart, the scores of all parturient traits were added to get a total score, and the survival time of patients was predicted according to the total score (Figure 4E). The probability of survival of more than 1 year, 3 years and 5 years was 0.961, 0.903 and 0.84, respectively.




Figure 4 | Prognostic models were constructed and survival analyses were performed. (A) Survival analyses for both high and low risk groups in the TCGA cohort (left); survival analyses for both high and low risk groups in the GEO cohort (right). (B) Single- and multi-factor independent prognostic analyses. Forest plots for single-factor Cox analysis (left); forest plots for multi-factor Cox analysis (right). (C) Risk models predicting patients’ survival at 1, 3, and 5 years by subject operating characteristic (ROC) curves (left); risk model combined ROC curves with other clinical traits (right). (D) Distribution of risk-score and survival status; Heat map of risk score and M2-type model genes. Red represents positive correlation and green represents negative correlation. (E) Column line plot of survival prediction model.






3.6 Analysis of progression-free survival

The progression-free survival curve was obtained by combining the risk model with clinical traits such as staging and grading (Figure 5A). The results confirmed that with the passage of time, the overall survival rate of patients decreased, and the survival rate of high risk with late stage or grade sample was the lowest. PFS analysis was used to observe the progression-free survival time between the high and low risk groups. The results showed that the PFS time in the high-risk group was significantly lower than that in the low risk group (Figure 5B) (P< 0.001). The line chart predicted the probability that the PFS time of patients was more than 1 year, 3 years and 5 years, and the probability were 0.941, 0.865 and 0.801, respectively (Figure 5C).




Figure 5 | Progression-free survival of the risk model. (A) Survival analysis of the risk model combined with clinical stage (left) and grade (right). (B) PFS of the risk model and calibration curve. (C) Column line plot of the PFS prediction model.






3.7 The pathway of genes related to prognostic model

Through GSEA, we found that the prognostic model related genes in the high-risk group are active in immune-related pathways, such as Phagocytosis-receptor, immunoglobulin-complex, immunoglobulin-complex-circulating, and antigen-binding, while those in the low-risk group are mainly active in metabolic-related pathways, such as organic-catabolic-process and small-molecular-catabolic-process (Figure 6A). In addition, through the analysis of the difference of immune cells between high and low risk group, we confirmed that there are significant differences between high and low risk groups (Figure 6B). The results of correlation analysis between risk score and immune checkpoint (Figure 6C) showed that the risk score was correlated with PDCDILG2, HAVCR2 and other immune checkpoint related genes. Besides, the results of immune cell correlation analysis (Figure 6D) showed that the risk score was related to T cell CD4 memory activated, macrophages M1 and other immune cells or immune pathways.




Figure 6 | The model gene plays a tumor-promoting role through immunity. (A) GSEA of high (left) and low (right) risk groups, different color curves represent different functions or pathways. (B) Violin plot of immune cell difference analysis of high and low risk groups, green represents low risk group, and red represents high risk group. (C) Correlation analysis of immune checkpoint and risk score, “*” represents correlation, red represents positive, and blue represents negative. (D) Correlation analysis of immune cells and risk score, “*” represents correlation, red represents positive, and blue represents negative. *P<0.05, **P<0.01, ***P<0.001.






3.8 Effect of M2 macrophages on renal cancer cells

The high and low risk groups were constructed by each single gene in the model gene. The survival differences between the high and low risk groups were analyzed. And the results showed that there was a difference in survival between the high and low risk groups constructed by VSIG4, TMEM144, SLC40A1, LIPA, F13A1 and CRYBB1 (Supplementary Figure 1). In addition, the differences in the expression of M2 macrophage-related genes between tumor tissues and paracancerous tissues from the same sample were analyzed, and the results showed that there were differences in the expression of VSIG4, TMEM144, SLC40A1, LIPA, CRYBB1, COLEC12, FUCA1 and BCAT1 between tumor tissues and paracancerous tissues (Supplementary Figure 2). At the same time, the expression of M2 macrophage-related genes from normal tissues and tumors of different individuals was analyzed, and the results showed that there was a difference in VSIG4, TMEM144, SLC40A1, LIPA, CRYBB1, COLEC12, FUCA1, BCAT1 between tumor tissues and normal tissues (Supplementary Figure 3). Based on the results of single gene analysis, 6 genes that cross existed in single gene analysis were selected from the 9 genes of the model gene. The differential expression of the model genes selected in RCC tissue and normal kidney tissue as well as in HK-2 and 786-O cells was analyzed. The results demonstrated that FUCA1 was down-regulated in RCC tissue and cell, while SLC40A1, VSIG4, CRYBB1 and LIPA were up-regulated in RCC tissue and cell (Figure 7A). In previous experiments, we confirmed that macrophages extracted from RCC tissues could significantly promote the invasion and migration of 786-O (Figure 1D). In further experiments (Figure 7B), in order to eliminate the effect of other cells that may exist in tissue extraction cells, we induced THP-1 cell to differentiate into M2 macrophages, and THP-1 were suspended cells under normal circumstances, while the M2 differentiation THP-1 were adherent cells (Figure 7C). Besides, the expression of flow antibodies CD206 were up-regulated after differentiating into M2 macrophages (Figure 7D). The results showed that M2 macrophages significantly promoted the migration (P<0.0001) and invasion (P<0.001) of RCC, compared with the control group and the M0 macrophages group (Figure 7E). After 786-O co-culturing with M2 macrophages, its RNA was extracted, and then qPCR was performed again to detect the expression of the above 6 model genes. The results showed that M2 macrophages promoted the expression of VSIG4, TMEM144, SLC40A1, LIPA, FUCA1 and CRYBB1 in 786-O cells, compared with the control group (Figure F).




Figure 7 | Experiments in vitro to detect the effect of M2-type macrophages on RCC. (A) Expression of model genes in normal kidney tissues, RCC tissues (left) and HK-2, 786-O (right). (B) Procedure of induced differentiation of M2-type macrophages from THP-1 and procedure of co-culture. (C) Undifferentiated THP-1 cells (left); mature M0 macrophages (middle); differentiated M2-type macrophages (right). (D) Expression of CD68, CD86 and CD206 after THP-1 differentiating. (E) Effect of M0 and M2 co-cultured with 786-O on migration and invasion ability of 786-O. (F) Expression of model genes in 786-O cells after co-culture. *P<0.05, **P<0.01, ***P<0.001, ****P<0.0001.







4 Discussion

3Tumor immune escape, refractory and recurrence are attributed to tumor immune microenvironment to a large extent (27). Tumor-associated macrophages(TAMAs) play a key role in reshaping tumor immune microenvironment to promote tumor development (13). TAMAs are the most important component of immune cells in the tumor microenvironment of solid tumors (28). They can be roughly divided into two types: M1 of classical activation pathway and M2 of bypass activation pathway (29). Among them, M2 macrophages are mainly (27). Recently, studies have shown that tumor-associated M2 macrophages are associated with tumor staging, differentiation, metastasis and drug resistance, affecting the prognosis of tumor patients (30). Such as breast cancer, ovarian cancer, prostate cancer, cervical cancer, lung cancer and so on. However, few studies have focused on the effect of M2 macrophages on RCC.

Due to the difficulty of early diagnosis and early metastasis of RCC (4), 30% of RCC patients had metastatic lesions at diagnosis (5), which causes RCC poor prognosis and low survival rate. In our early study, immunofluorescence labeling was used to confirm the increase of M2 macrophages in RCC tissues. Besides, the macrophages extracted from renal clear cell carcinoma tissues and normal renal tissues were detected by flow cytometry, and the results also showed that the proportion of M2 macrophages in renal clear cell carcinoma tissues was significantly higher than that in normal renal tissues. In addition, the co-culture experiment confirmed that the macrophages extracted from RCC could promote the invasion and migration of renal cancer cells. Based on this, we speculate that the early metastasis and poor prognosis of RCC may be closely related to M2 macrophages in TAMs, but the specific mechanism of its effect is still unclear. Therefore, in this study, we used bioinformatics methods to explore the mechanism of M2 macrophages on RCC. Using the transcriptome data and clinical information of RCC downloaded from TCGA database and GEO database, we obtained M2 macrophage related genes in RCC, and then screened the model genes to construct a prognostic model. According to the prognosis model, it can be seen that the overall survival time and progression-free survival time of patients in the high-risk group are worse than those in the low-risk group, and, through univariate and multivariate analysis, it demonstrated that our survival model is not affected by age, sex, stage, grade and other factors, and can be used as an independent prognostic factor. The ROC curve confirmed that our prognostic model has high accuracy in predicting survival, which means that M2 macrophages in TAMs play a key role by affecting model genes, including SLC40A1, VSIG4, FUCA1, LIPA, BCAT1, CRYBB1, F13A, TMEM144 and COLEC12, in tumor cells of patients with renal cell carcinoma. In addition, the results of GO and KEGG enrichment analysis showed that M2 macrophage-related genes were mainly enriched in immune-related pathways, such as positive regulation of leukocyte, mononuclear cell migration, regulation of mononuclear cell migration, regulation of leukocyte chemotaxis, neutrophil extracellular trap formation and phagosome. In addition, the results of GSEA showed that the prognostic model related genes in high-risk group were active in immune related pathways, such as Phagocytosis-receptor, immunoglobulin-complex, immunoglobulin-complex-circulating and antigen-binding, which means that the model genes affect the proliferation, invasion and metastasis of tumor cells through immune regulation, or M2 macrophages regulate the model genes of RCC through the formula of immune regulation. In addition, the correlation analysis between risk score and immune checkpoints as well as immune cells also showed that the model genes associated with M2 macrophages were closely related to immunity. Yet, although the link between risk scores and immune cells as well as immune checkpoints has been demonstrated in this study, there is no clinical evidence to support it, so prospective studies are necessary to validate the M2 macrophage-associated gene in the cohort of patients receiving immune checkpoint inhibitor (ICI) combination therapy in next studies. In addition, single gene analysis was carried out in this study, and SLC40A1, VSIG4, FUCA1, LIPA, CRYBB1 and TEME144 6 genes were screened from 9 model genes. RNA was extracted from RCC tissue and normal kidney tissue, 786-O and HK-2 for qPCR. The results showed that FUCA1 was down-regulated and SLC40A1, VSIG4, CRYBB1 and LIPA were up-regulated in renal cell carcinoma and 786-O, and the difference was statistically significant. After 786-O co-culturing with M2 macrophages, RNA was extracted and qPCR was performed again. The results showed that compared with the control group, the expression of FUCA1, SLC40A1, VSIG4, CRYBB1, LIPA and TMEM144 in M2 macrophage co-culture group were up-regulated. It has been previously reported that Fucosidase1 (FUCA1) encodes a lysosomal enzyme that participates in the degradation of fucose-containing glycoproteins and glycolipids. Down-regulation of FUCA1 can enhance autophagy and inhibit macrophage infiltration, thus inhibiting tumor growth (31). In this study, M2 macrophages can up-regulate the expression of FUCA1, but its actual expression in renal clear cell carcinoma is down-regulated. We speculate that the contradictory result may be caused by the complexity of the tumor microenvironment, but the specific mechanism is still unknown. V-set and immunoglobulin domain containing 4 (VSIG4) is a transmembrane receptor of the immunoglobulin superfamily, which is specifically expressed in macrophages and mature dendritic cells. As a newly discovered B7 family-associated macrophage protein, it can inhibit T cell activation (32). Solute carrier family 40 member 1 (SLC40A1) is the only iron output protein found in mammals (33). It can increase the expression of iron in tumor microenvironment, and high iron levels can promote M2 polarization of macrophages (34). In addition, lysosomal acid lipase A (LIPA) contributes to the phenotypic transformation of macrophages and promotes the survival of macrophages (35), and studies have confirmed that LIPA deficiency can induce macrophages to differentiate into pro-inflammatory phenotype M1 (36–38).

In this study, we confirmed the increased proportion of M2 tumor-associated macrophages in RCC, which promotes RCC cell migration and invasion. The results of bioinformatics analysis show that M2 macrophages may play a significant part in promoting the development of renal cell carcinoma by regulating the expression of M2 macrophage related genes such as SLC40A1, VSIG4, FUCA1, LIPA, BCAT1, CRYBB1, F13A, TMEM144 and COLEC12 in RCC. Therefore, these genes may be considered as therapeutic targets in the treatment of renal cell carcinoma in the future, so as to provide more possibilities for the treatment of renal cell carcinoma.
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Background

Clear cell renal cell carcinoma (ccRCC) is the most frequently occurring malignant tumor within the kidney cancer subtype. It has low sensitivity to traditional radiotherapy and chemotherapy, the optimal treatment for localized ccRCC has been surgical resection, but even with complete resection the tumor will be eventually developed into metastatic disease in up to 40% of localized ccRCC. For this reason, it is crucial to find early diagnostic and treatment markers for ccRCC.





Methods

We obtained anoikis-related genes (ANRGs) integrated from Genecards and Harmonizome dataset. The anoikis-related risk model was constructed based on 12 anoikis-related lncRNAs (ARlncRNAs) and verified by principal component analysis (PCA), Receiver operating characteristic (ROC) curves, and T-distributed stochastic neighbor embedding (t-SNE), and the role of the risk score in ccRCC immune cell infiltration, immune checkpoint expression levels, and drug sensitivity was evaluated by various algorithms. Additionally, we divided patients based on ARlncRNAs into cold and hot tumor clusters using the ConsensusClusterPlus (CC) package.





Results

The AUC of risk score was the highest among various factors, including age, gender, and stage, indicating that the model we built to predict survival was more accurate than the other clinical features. There was greater sensitivity to targeted drugs like Axitinib, Pazopanib, and Sunitinib in the high-risk group, as well as immunotherapy drugs. This shows that the risk-scoring model can accurately identify candidates for ccRCC immunotherapy and targeted therapy. Furthermore, our results suggest that cluster 1 is equivalent to hot tumors with enhanced sensitivity to immunotherapy drugs.





Conclusion

Collectively, we developed a risk score model based on 12 prognostic lncRNAs, expected to become a new tool for evaluating the prognosis of patients with ccRCC, providing different immunotherapy strategies by screening for hot and cold tumors.





Keywords: clear cell renal cell carcinoma, anoikis, immunotherapy, lncRNA, hot and cold tumors, prognostic biomarkers





Introduction

Renal cell carcinoma is a type of malignant tumor that develops from the epithelial cells lining the renal tubules in the urinary system. Among them, ccRCC is the most common, accounting for about 70% -80% of all RCC, and the peak age of onset is 60-70 years old (1, 2). As ccRCC is not sensitive to chemotherapy and radiotherapy, surgical treatment remains the main treatment for ccRCC (3), but with resection, up to 20% of ccRCC will be eventually developed into recurrence with poor prognosis (4, 5). Despite the widespread use of targeted drugs in the treatment of RCC, the median survival time remains not as good as expected. Therefore, it is of vital necessity to identify markers for early diagnosis and therapeutic targets of ccRCC for individualized treatment.

Anoikis, a special type of programmed cell death, is triggered when normal epithelial cells are deprived of connections to their extracellular matrix (6), which ensures a dynamic balance of normal cell proliferation, differentiation, and apoptosis. Anoikis-resistant tumor cells are prone to facilitate regional or distant metastasis through blood or lymph (7). The transformation and metastasis of malignant tumors are premised on anoikis resistance, which is a characteristic of malignant cells (7–9). Paoli et al. found that when cells adhere to ECM, they can up-regulate the expression of anti-apoptotic proteins such as Bcl-2 and NF-κB through the PI3K/AKT pathway, and down-regulate the expression of pro-apoptotic proteins such as Bad and Bim, thereby inhibiting the occurrence of anoikis (7). Ediriweera et al. also pointed out that the activation of this signaling may be one of the main mechanisms for tumor cells to resist anoikis (10). However, few studies have systematically elucidated the influence of anoikis on ccRCC.

Long non-coding RNA (lncRNA) is closely related to cell function and many diseases (11, 12). At present, studies have demonstrated that lncRNAs are abnormally expressed in a variety of cells and tumor tissues, and can participate in transcription, and gene regulation, affecting tumor cell apoptosis, proliferation, invasion, autophagy and epithelial-mesenchymal transformation (13). Yue et al. reported that lncRNA DLEU1 is involved in the invasion and metastasis of RCC by regulating Akt and EMT pathways. Knockdown of DLEU1 suppressed the progression of RCC (14). It was also investigated that the high expression of lncRNA MALAT1 is significantly related to the malignant degree of glioma and the poor prognosis of patients (15). Besides, Hu et al. demonstrated that lncRNA PLAC2 can target the ribosomal protein L36 of glioma and induce cell cycle arrest (16). However, the critical role of anoikis-related lncRNAs in ccRCC has not been investigated. Therefore, our study may elucidate the mechanism of anoikis and lncRNAs in the prognosis, immune landscape, and drug treatment of ccRCC.

Based on the complexity and role of immunosuppressive tumor microenvironments, researchers have been committed to reversing the “cold” tumors “hot” in recent years to create a more favorable therapeutic environment for tumor immunotherapy and benefit more patients (17). As lncRNA is highly evaluated as a new cancer biomarker at present, we tried to reorganize patients based on ARlncRNAs to effectively identify cold and hot tumors, improve prognosis and increase accurate treatment in clinical practice.

In this study, we first explored the differential expression of ARlncRNAs in ccRCC and their differential expression of potential subtypes in ccRCC. Our model based on 12 ARlncRNAs can effectively and accurately predict and judge the prognosis and drug sensitivity of ccRCC patients. To effectively distinguish between hot and cold tumors of ccRCC, we applied the R package ‘ConsensusClusterPlus’ to divide patients into 2 clusters. Different clusters correspond to different immune microenvironments and respond to different immunotherapy effects.





Methods




Data acquisition

The RNA-sequencing transcriptome data and corresponding clinical information are available from the TCGA database (https://portal.gdc.can-cer.gov/). After excluding patients with incomplete clinical information and survival time less than 30 days from further evaluation, 512 ccRCC patients were gathered for this study in the aggregate, and randomly divided into train set and test set according to proportion 1: 1. The characteristics of the 512 ccRCC patients included in this study are shown in (Supplementary Table 1). The disease-specific survival (DSS) or progression-free survival (PFS) data of TCGA-ccRCC were downloaded from the UCSC Xena platform (https://xena.ucsc.edu/public/). We obtained 640 anoikis-related genes (ANRGs) integrated from Genecards (https://www.genecards.org/) and Harmonizome (https://maayanlab.cloud/Harmonizome/) dataset (Supplementary Table 2).





Anoikis-related lncRNAs

Based on the 640 ANRGs obtained previously, 233 differentially expressed genes in ccRCC were recognized by the limma R package for subsequent analysis (Supplementary Table 3). As a final step, 3973 ARlncRNAs were further evaluated using correlation coefficient > 0.4 and p-value< 0.05 as the thresholds (Supplementary Table 4).





Construction of the ARlncRNA signature model

Univariable Cox regression analysis was investigated to screen out lncRNAs significantly related to the overall survival (OS) of ccRCC patients. 10-fold cross-validation and LASSO Cox regression was applied to reduce the possibility of overfitting. Univariable Cox regression analysis was performed on the ARlncRNAs screened by LASSO, and 12 ARlncRNAs related to prognosis were obtained for modeling. Based on the median value of the risk score, ccRCC patients were categorized into high-risk and low-risk groups. Using the R software package survminer, we calculated the Kaplan-Meier survival curve (https://CRAN.R-project.org/package=survmine). To further evaluate the independent prognostic value of the model, univariable and multivariable analyses of age, gender and grade were further performed. The established model’s ability to make accurate predictions was primarily measured using the C-index.





Construction and verification of predictive nomogram

Nomogram is a common and powerful tool for evaluating prognosis in oncology and medicine. The nomogram was built based on the R package “rms” (https://CRAN.R-project.org/package=rms). 1-year, 3-year, and 5-year survival calibration curves were drawn to determine whether the predicted and actual results are consistent.





Tumor microenvironments and immune checkpoint profile analysis

TIMER (18), CIBERSOR (19, 20), QUANTISEQ (21), MCPCOUNTER (21), XCELL (20), and EPIC database (22) were performed to estimate the relative infiltration abundance of immune cells of ccRCC. And the immune cell proportion in tumors was identified by performing CIBERSORT, a gene expression-based deconvolution algorithm to describe the cell constitution of tissues in a more detailed way, then we obtained 22 kinds of immune infiltrating cells, including B cells, neutrophils, eosinophils, etc. Correlation coefficients were calculated for correlation analyses between the immune cell infiltration and risk score. The ESTIMATE algorithm was applied to further investigate the infiltration of tumor cells and stromal cells by utilizing the unique properties of the transcription profiles of cancer samples (23). SSGSEA algorithm in the GSVA package was performed to identify distinct types of immune cells and immune-related functions by transforming marker gene expression patterns into quantities of immune cell populations in ccRCC samples (23, 24). The scores in two groups were visualized in the boxplot generated by the ggpubr package. The expression difference of immune checkpoint genes between the low- and high-risk patient groups was determined by applying “ggpubr” packages of R (https://CRAN.R-project.org/package=ggpubr).





Drug sensitivity

The Genomics of Drug Sensitivity in Cancer (GDSC) database was applied to explore the drug sensitivity, and the R package “pRRophetic” was used to calculate half-maximal inhibitory concentrations (IC50) for patients with ccRCC by constructing the ridge regression model based on the data from the CCLE for the inserted drugs (25, 26). In order to better individualize therapies in specific tumor subgroups, we performed correlation analysis of risk score and IC50 of four common compounds for ccRCC patients.





Cluster analysis

To explore the response of patients with ccRCC to immunotherapy, we decided to classify patients into distinct clusters based on CC R package (https://www.bioconductor.org/packages/release/bioc/html/ConsensusClusterPlus.html). PCA, Kaplan-Meier survival analysis, and t-SNE based on the R package were carried out to demonstrate that the classification we constructed can distinguish patients well (27, 28). The immune correlation analysis and drug sensitivity were identified according to the ggplot2 and pRRophetic R packages (26).





Statistical analysis

Spearman correlation coefficients were calculated for correlation analyses to assess the relationship between drug sensitivity and risk score. All analyses were performed based on R v4.1 software. All p-values are two-tailed, and the threshold to define statistical significance was established as p-value< 0.05 unless otherwise specified.






Results




Identification of anoikis-related lncRNAs in patients with ccRCC

The flowchart of our study is shown in Figure 1. The ARlncRNAs in ccRCC were detected by co-expression analysis, and a co-expression relationship network diagram was constructed (Figure 2A). The differentially expressed of lncRNAs were screened out, respectively, with the p< 0.05, |log2FC| > 1 as the screening criteria, and the top 100 differentially expressed lncRNAs with |log2FC| values between normal and tumor tissues were plotted by a heat map (Figure 2B). Figure 2C demonstrated the differential lncRNA volcano map of ccRCC. As shown in Figure 2D and Figure 2E, combined with survival data of the ccRCC samples, univariable Cox proportional hazards regression analysis and the LASSO Cox regression analysis with 10 times cross and verification were applied. Then multi-factor cox regression analysis was performed to obtain the lncRNAs used for modeling and the corresponding coefs in Supplementary Table 5.




Figure 1 | Flow chart of the whole design.






Figure 2 | Anoikis-related lncRNAs. (A) The co-expression relationship network diagram of anoikis-related genes and lncRNAs. (B, C) The heat map and volcano map of differentially expressed lncRNAs. (D, E) The LASSO regression was performed, using the minimum criterion.







Establishment of anoikis-related lncRNA model

Based on regression coefficients obtained by the multivariable Cox regression analysis, 12 lncRNAs were input to establish the following risk score formula:

	

Patients with ccRCC were randomly assigned to the test and train set and further separated into high- and low- groups based on the median risk score. Figures 3A, E, I revealed that OS was significantly higher in the low-risk group compared with the high-risk subgroup in the overall, train, and test sets. The distribution of risk scores and survival status showed that higher risk scores indicated more deaths in these groups of patients with ccRCC (Figures 3B, C, F, G, J, K). The heat map results showed that except for AC007637.1 and AC002070.1, the other 10 lncRNAs were well expressed in the high-risk group (Figures 3D, H, L). Next, we analyzed the progression-free survival (PFS) and disease-specific survival (DSS) for both high- and low-risk groups (Supplementary Figure 1).




Figure 3 | Construction of the ARlncRNA signature model in the train, test, and overall test. Overall survival analysis, risk score distribution, individual survival status, and heat map of 12 ARlncRNAs expression in high and low-risk groups for (A-D) the overall set, (E-H) the train set, and (I-L) the test set.







Model validation

On behalf of exploring the predictive accuracy of the model for prognosis, single-factor and multi-factor Cox regression analyses were taken to indicate that the risk score is an independent factor in predicting the prognosis of ccRCC patients (P< 0.001, Figures 4A, B). Next, the ROC curves of the constructed risk score were plotted combined with other clinical features, and it was proven that especially risk score had the highest AUC (0.755) among these factors, indicating that our constructed model had higher accuracy for the prediction than other clinical features (Figure 4C). It was revealed by the Figure 4D that 1-year, 3-year, and 5-year survival with the AUC values of 0.755, 0.720, and 0.773, respectively, performing a strong ability to predict. PCA and t-SNE analyses were applied to verify that the risk score can significantly distinguish patients (Figures 4E, F), demonstrating that the risk model based on the expression profile of 12 ARlncRNAs was a potential prognostic marker. The C-index suggests that the risk score outperformed other factors in predicting the outcome (Supplementary Figure 2).




Figure 4 | The validation of 12 lncRNAs prognostic model. (A, B) Single-factor and multi-factor Cox regression analysis of the risk score combined with clinical features. (C) Comparison of ROC curves for risk score and other clinical factors. (D) The ROC curves for 1-, 3-, and 5-year overall survival predictions by the risk score model in the training set. (E, F), PCA, and t-SNE analyses of the train set.







The model guides the clinical treatment of different types of patients

We performed a score difference analysis of different ages, stages, genders, and hematogenous metastasis. Figures 5A–D revealed a higher risk score degree in ccRCC patients older than 65 years old, male, STAGE III-IV, and m1. The KM survival analysis demonstrated that patients in the low-risk group, stratified by age, gender, stage, and presence of metastasis (Figures 5E–L), had longer overall survival, indicating that our model was applicable to patients with various clinical characteristics of ccRCC.




Figure 5 | Risk score difference analysis of different clinical features. (A-D) Box line diagram and (E-L) Kaplan-Meier survival curves in groups stratified by gender, age, stage, and M status.







Construction and verification of predictive nomogram

In addition, we developed a prognostic nomogram that can estimate the probability of patient survival. For instance, with a score of 182, the predicted survival rates were 0.984, 0.955, and 0.924 for 1, 3, and 5 years, respectively (Figure 6A). The calibration curves evaluated the good agreement with the ideal model (gray curve) and nomogram prediction (Figure 6B). ROC curve showed that nomogram had the strongest predictive value (Figure 6C). Combined with clinical features, univariable and multivariable Cox analysis were performed to demonstrate that Nomogram also had independent prognostic survival ability (Figures 6D, E).




Figure 6 | Construction and Verification of Predictive Nomogram. (A) The nomogram for predicting 1-year, 3-year, and 5-year survival rates (‘***’ p< 0.001). (B) The calibration curves of the nomogram. (C) ROC curve of risk score and clinical features. (D, E) The univariable and multivariable Cox analysis of nomogram.  **p < 0.01; ***p < 0.001.







Risk score and Immune infiltration landscape evaluation

The correlation of risk score and TME cell infiltration was investigated by applying several algorithms (Figure 7A), showing that the relationship between immune cells and high-risk groups on different platforms is closer. We further analyzed the correlation between immune cells and risk scores in the CIBERSORT platform. From the performance in Figures 7B-I, T cell CD8 +, CD4 + memory activated, Macrophage M0, Macrophage M1, and Neutrophil were positively correlated with the risk score, while B cell naïve, Macrophage M2 and Mast cell activated were negatively correlated with the risk score.




Figure 7 | Risk score and Immune infiltration landscape evaluation. (A) Evaluation of immune cell infiltration in two groups. The correlation between the risk score and infiltration of CD8+T cells (B), CD4+T cells (C), neutrophils (D), M1 macrophages (E), M0 macrophages (F), naïve B cells (G), M1 macrophages (H), and activated mast cells (I) was examined.



The tumor and its environment are mutually interdependent and antagonistic to one another. According to the TME score, the low-risk group had a higher immune score and estimated score, nevertheless, the stromal score did not significantly differ between the two groups (Figures 8A-C). Based on the infiltration abundance of the different immune cell populations in the ccRCC TME quantified by ssGSEA analysis, the proportion of immune cell subsets, such as CD8 + T cells, T helper cells, and TIL, increased significantly in the high-risk group (Figure 8D). Several immune pathways such as Type I IFN Response, T cell co-stimulation, and T cell co-inhibition had significant differences in the high and low-risk groups (Figure 8E). We further analyzed the differences in immune checkpoint expression between the high- and low- risk groups and found that only HAVCR2 and CD160 were highly expressed in the low-risk group, and the rest were highly expressed in the high-risk group (Figure 8F).




Figure 8 | Prediction of immunotherapy. (A-C) Differences in TME scores between high- and low-risk groups. (D, E) Analysis of immune cells and related functions in two groups. (F) Differential expression of immune checkpoint in two groups.  **p < 0.01; ***p < 0.001.







Exploration of an individualized clinical treatment plan for two groups

The sensitivity analysis of three common targeted drugs displayed that the IC50 of Axitinib, Pazopanib, and Sunitinib in the high-risk group was lower (Figures 9A-C), indicating that the targeted drugs may have a better therapeutic effect on high-risk groups. There was valuable guiding significance for the medication of patients with ccRCC in actual clinical practice.




Figure 9 | The differences in drug sensitivity of patients. (A) Axitinib, (B) Pazopanib, and (C) Sunitinib.







Unsupervised cluster analysis distinguished hot and cold tumors

Despite the important value of the risk score we established for tumor prognosis and systemic treatment, it cannot effectively identify hot and cold tumors. Several studies have proven that cluster analysis can be applied to distinguish hot and cold tumors and guide immunotherapy (29–32). Based on the expression levels of Anoikis-Related lncRNAs, ccRCC patients were classified into two clusters using consensus clustering analysis (Figure 10A, Supplementary Figure 2). Survival curve analysis demonstrated that cluster 1 was associated with a favorable prognosis (Figure 10B). Moreover, Cluster1 was associated with a low-risk score, while cluster 2 was associated with high-risk score (Figure 10C), indicating that the cluster may be strongly related to the risk score. PCA and t-SNE analysis were carried out to demonstrate that there were significant differences in the two clusters (Figures 10D, E).




Figure 10 | Using consensus clustering analysis, patients can be grouped into two clusters. (A) Consensus Cluster Plus divides patients into two categories. (B), Kaplan-Meier survival analysis. (C) Correspondence between typing and high and low risk groups. (D, E) PCA and t-SNE analyses were performed for the two clusters.



To better illustrate the role of a cluster in TME landscapes, we also inspected the implication between cluster and immune infiltration. Cluster 2 showed a high degree of an immune score, stromal score, and estimated score (Figures 11A-C). Then, we compared the ssGSEA score of immune cells and pathways using the Wilcoxon test and found that immune cells such as Myeloid dendritic cell and CD8 + T cells were significantly higher in the cluster 1 (Figure 11D), and the immune functions such MHC class I was significantly related to the cluster 1 (Figure 11E). These analyses suggested that cluster 1 may be summarized as the hot tumor, possibly featured by the good response to immunotherapy, leading to individual immunotherapy regimens in ccRCC.




Figure 11 | Infiltration of different immune cells in two clusters. (A-C) The degree of the immune score, stromal score, and estimated score in distinct clusters. (D) A Heat map of immune cells in two clusters based on different platform algorithms. (E) The immune-related functions of two clusters were analyzed by ssGSEA analysis. *p < 0.05; **p < 0.01; ***p < 0.001.







Therapeutic drug treatments guided by distinct clusters

By comparing drug sensitivity, we found that Dasatinib, Bosutinib, and Nilotinib were more sensitive in cluster 2, and Lapatinib was more sensitive in cluster 1, which can further help guide the use of clinical targeted drugs (Figures 12A-D).




Figure 12 | IC50 of Dasatinib (A), Bosutinib (B), Nilotinib (C), and Lapatinib (D) targeted drugs in distinct clusters.








Discussion

In this study, a risk-scoring model was developed using 12 prognostic lncRNAs. The model’s accuracy was assessed through ROC curve analysis, as well as univariable and multivariable analyses. In addition, we found that the survival rate was lower for individuals in the high-risk group than the low-risk group. However, people in the high-risk group had a lower IC50 of targeted drugs, meaning they were more sensitive to drugs. In addition, previous research has demonstrated that immune cell infiltration was associated with immune efficacy (33, 34). Our findings demonstrated that there are significant variations in immune cell infiltration observed between the high and low-risk groups. It shows that the model we established can provide some thinking and help for immunotherapy of patients with ccRCC.

We established a novel signature based on 12 prognostic ARlncRNAs. Among the 12 ARlncRNAs in the signature, LINC02609, ELDR, AC107021.2, AL022238.2, AC005899.7, LINC01522, MYOSLID, AC135178.2, AL590822.3 and AL355922.1 were highly expressed in the high-risk group. The high expression of LINC02609 not only easy to appear in advanced and graded tumor tissues with distant metastasis but also had significant prognostic potential (35). The human ELDR gene highly expressed in neuronal stem cells (36). Subhayan et al. proved the important role of lncRNAs ELDR in cancer, interacted with RNA binding protein ILF3, and enhanced ILF3-Cyclin E1 signaling to enhance cancer growth (37). Previous studies have shown that MYOSLID was a new serum response factor-dependent lncRNA that regulated VSMC proliferation, apoptosis and differentiation (38, 39). Zhao et al. suggested that MYOSLID played a vital role in vascular remodeling, the basis of the pathogenesis of vascular diseases (38). Ac007637.1 and Ac107021.2 had been proven to be prognostic factors of cancer in several studies, and the risk model respectively based on two lncRNAs that could reliably forecast the prognosis of patients had been successfully constructed (40, 41). The mechanism of AL022238.2, AC005899.7, LINC01522, AC002070.1, AC135178.2, AL590822.3, and AL355922.1 in cancer have not been reported.

Although the risk group has important value for tumor prognosis and systemic treatment, it cannot identify hot and cold tumors. The infiltration of immune cells in cold and hot tumors is different, and the efficacy of immunotherapy is also different. Therefore, it is crucial to distinguish between cold tumors and hot tumors and convert the former into the latter. It has been reported that different clusters are related to different tumor immune microenvironments and can distinguish hot and cold tumors (29–32). Therefore, we divided the patients into 2 clusters based on the R package CC, and the results indicated that the higher CD8 + T immune cells infiltration of cluster 1. Previous studies have shown that CD8 + T cells are the main driver of anti-tumor immunity (42). Additionally, the most prevalent stromal cell type in TME, cancer-associated fibroblasts, promote immunosuppression and support an environment that encourages tumor growth as important elements of anti-tumor immunity (43, 44). Our results show that cluster 2 Cancer-associated fibroblast is higher. So, we speculate that c1 is a hot tumor. Previous studies have shown that immunotherapy is effective against hot tumors but ineffective against cold tumors (45, 46). Therefore, patients with cluster 1 may have better efficacy in immunotherapy. This shows that our classification can guide personalized treatment, based on this lncRNA as a liquid biopsy, can be more convenient and effective to distinguish between hot and cold tumors.

At present, renal CT and B-ultrasound are the most commonly used auxiliary examination methods for the diagnosis of renal cell carcinoma in China. RCC lacks obvious clinical symptoms in the early stage, and there are no typical tumor markers for early diagnosis. Some patients with RCC are in the late stage of RCC at the first visit, unable to undergo surgery, and have a poor prognosis. At present, receptor tyrosine kinase inhibitors represented by sunitinib have been widely used in clinical practice. However, data analysis of 1059 patients showed that about 15% of patients with advanced renal cell carcinoma were congenitally resistant to targeted drugs, and the remaining patients often developed resistance after 6 to 15 months of sunitinib treatment (47). Qu et al. showed that LncARSR transmitted by exosomes competitively binds to miR-34/miR-449 and leads to the formation of sunitinib resistance (48). Therefore, it is particularly important to study lncRNA in-depth and find drug-sensitive markers for renal clear cell carcinoma. Our results showed that high-risk groups were more sensitive to Axitinib, Pazopanib, and Sunitinib. In summary, we established a large scoring model to provide a reference for drug selection in patients with renal clear cell carcinoma.

Although our risk model showed promising potential in terms of predictive power and distinguishing hot and cold tumors, it was important to note that this study also had limitations that need to be considered. First, the data of this study are from public sources, lacking evidence for further in vivo and in vitro experiments. Secondly, we only verify internally, like He et al. (32). We tried to download the information of patients with ccRCC from the International Cancer Genome Consortium or GEO database, but due to the lack of lncRNA expression data in these databases, we could not calculate the corresponding risk score.





Conclusion

We established a prognostic model based on lncRNAs of 12 anoikis-related genes that can be used as prognostic markers for patients and guide targeted immunotherapy. In addition, the established classification can distinguish hot and cold tumors. This provides some reference for the clinical treatment of patients with ccRCC.
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Mounting evidence suggests that the gut microbiota plays a crucial role in the development and treatment of various cancers. Recent research on the urinary microbiota challenges the long-standing belief that urine is sterile, as urinary microbiota has been implicated in the development of bladder and prostate cancers, similar to the role of gut microbiota in cancer development. Although the precise involvement of microbiota in the proliferation and differentiation of renal cell carcinoma (RCC) remains unclear, dysbiosis is considered one possible mechanism by which microbiota may contribute to RCC development and treatment. This review summarizes potential mechanisms by which gut microbiota may contribute to the development of RCC, and provides evidence for the involvement of urinary microbiota in RCC. We also explore the role of gut microbiota in RCC treatment and propose that the composition of gut microbiota could serve as a predictive marker for the potential efficacy of immune checkpoint inhibitors (ICIs) in RCC patients. Additionally, evidence suggests that modulating the abundance and distribution of microbiota can enhance the therapeutic effects of drugs, suggesting that microbiota may serve as a promising adjuvant therapy for RCC. Overall, we believe that further investigation into the gut and urinary microbiome of RCC patients could yield valuable insights and strategies for the prevention and personalized treatment of RCC.
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1 Introduction

Renal cell carcinoma (RCC) is a solid tumor that originates in the renal parenchyma and is resistant to chemotherapy. According to cancer statistics from 2017, RCC accounted for 4.1% of all newly diagnosed cancers, and its incidence has been on the rise (1). Currently, RCC is the sixth most common cancer in men and the tenth most common cancer in women. Moreover, up to 17% of patients are found to have distant metastasis at the time of diagnosis (2, 3).

Microbiota is a normal component of the human body’s ecology, with approximately 4×1013 bacterial microorganisms and up to 3×103 species. Nearly 97% of these microorganisms reside in the colon and participate in normal human physiological processes, but they may also contribute to some pathological reactions (4). At the same time, numerous studies have demonstrated that dysbiosis of the microbiota may be a pathogenic factor for some tumors. For example, Helicobacter pylori-induced type B gastritis is associated with an increased risk of cancer, and Propionibacterium acnes has been found to induce inflammation and may be closely associated with the development of gastric and prostate cancers (5–8).

It is well known that the function of T cells in cancer patients and physiological immune responses against tumor-associated antigens (TAAs) are often suppressed by the interaction between immune checkpoints and their ligands. Immune checkpoint inhibitors (ICIs) regulate the dysfunctional immune system by blocking the interaction between cytotoxic T lymphocyte-associated protein 4 (CTLA-4) or targeting programmed cell death 1 (PD-1) and its ligand programmed cell death-ligand 1 (PD-L1), thereby inducing CD8-positive T cell killing of cancer cells (9). ICIs have played a critical role in treating kidney cancer, advanced melanoma, and non-small cell lung cancer patients. Recent studies suggest that the diversity of gut microbiota may be related to the efficacy of ICI therapy.

However, there is currently a lack of research on the role of microbiota in the occurrence and treatment of kidney cancer. Therefore, this review aims to provide new insights into the prevention and personalized treatment of this tumor by summarizing the relationship between gut and urogenital microbiota and the occurrence and treatment of renal cell carcinoma based on existing literature.




2 Description of microbial detection technologies

Next-generation sequencing (NGS) is widely acknowledged as a crucial method for detecting microbial communities (10). The main microbial detection technologies in NGS are shotgun whole-genome sequencing (WGS) and 16S rRNA amplicon sequencing. These techniques can be used to obtain taxonomic features of microbial populations by analyzing the complete DNA information of microorganisms collected using microbial DNA isolation kits. WGS separates all bacterial DNA sequences in a microbial community, aligns these sequences with a metagenomic database, and classifies the microbial population. 16S rRNA amplicon sequencing amplifies specific regions in the 16S rRNA gene through polymerase chain reaction (PCR) and identifies different bacterial communities by comparing relatively non-conserved sequences in the rRNA sequence database. Both WGS and 16S rRNA amplicon sequencing technologies provide two key parameters: alpha diversity and beta diversity. Alpha diversity describes the microbial community distribution within a single sample, while beta diversity describes the differences in microbial diversity between two different samples. While both techniques have their own advantages, 16S rRNA amplicon sequencing is more cost-effective than WGS. However, WGS provides higher accuracy and is better at describing microbial species richness (11). To mitigate potential degradation of microbial DNA caused by environmental factors, it is essential to promptly process biological samples. Additionally, both techniques should prevent reduced microbial DNA abundance resulting from sample storage, as this can negatively impact detection accuracy. In addition, in clinical samples such as body fluids and swabs, the high background of host DNA can also interfere with the detection of microorganisms (12). Using microbial enrichment and host gene depletion techniques to pretreat samples can also increase the sensitivity of WGS and compensate for its potential limitations (13, 14).




3 The relationship between renal cell carcinoma and microbiota

It is widely believed that the occurrence and development of RCC are the result of multiple factors, and the microbiota may act as a risk factor to promote RCC.Previous studies suggest that microorganisms can induce tumorigenesis through several primary mechanisms (1): pathogenic microorganisms directly interact with host tissue cells, causing tissue cell death and repair, and driving normal tissue cells to transform into tumor cells by affecting genome stability, anti-cell death, and proliferation signaling (15, 16) (2); pathogenic microorganisms can cause local tissue inflammation, and inflammatory molecules produced by inflammatory cells such as reactive oxygen species, reactive nitrogen species, cytokines, and chemokines can promote tumor growth and metastasis (17) (3); disruption of the microbial homeostasis can result in some bacteria or their components failing to trigger an effective host inflammatory response, while at the same time, some microorganisms can cause impaired activation of immune cells and subsequent immune defects to avoid destruction by the host immune system, thereby protecting tumors from immune cell attack (18–20) (4); bioactive metabolic products or secretions released by pathogenic microorganisms can cause changes in the living environment of host tissue cells, leading to the destruction of normal biological barriers of host cells, and these products can also regulate tumor occurrence through the host circulatory system away from the site of microbial growth (21–23). (Figure 1)




Figure 1 | The mechanism of microbiome on renal cell carcinoma and its possible effect on treatment.



In a study conducted in China, Chen and colleagues investigated the gut microbiota composition of 51 ccRCC patients and 16 healthy individuals using 16S rRNA sequencing analysis. The study firstly revealed significant differences in the distribution of gut microbiota between the ccRCC patients and the healthy control group. The researchers also identified five bacterial taxa, including Blautia, Streptococcus, [Ruminococcus] torques group, Romboutsia, and [Eubacterium] hallii group, which were found to be widely present in the gut of ccRCC patients. These five bacterial taxa were able to accurately differentiate between ccRCC patients and healthy individuals with an AUC of 93.3%, suggesting that they could be potential biomarkers for ccRCC. Moreover, in vitro experiments of the study demonstrated that S. lutetiensis, a member of these microbial taxa, promoted the proliferation, migration, and invasion of ccRCC (24). In another study, Heidler et al. firstly used 16S rRNA sequencing to detect bacteria in the kidney tissues of 10 RCC patients who underwent laparoscopic nephrectomy and had no history of urinary tract infection in the past 6 months (25). Their study, along with those conducted by Liss and Wang et al., demonstrated that microbial communities not only existed in the kidney tissues but also showed significant differences in β-diversity between benign and malignant tissues (26, 27).

As the initial part of the digestive tract, the oral microbiota is closely associated with the gut microbiota. Epidemiological evidence and the detection of same microbiota in the oral and urogenital systems have recently led to the discovery of the oral-urogenital axis. It is believed that oral microbiota may contribute to the onset and progression of urogenital system malignancies. The ecological imbalance of the oral microbiome has been identified as the primary factor leading to the development of periodontitis (28). In addition, several studies have suggested a significant association between periodontitis and an increased risk of urological cancers such as prostate cancer (SIR: 3.75, 95%CI: 0.95-10.21) (29) and bladder cancer (HR=5.06, 95%CI: 2.32-11.0) (30). However, the relationship between periodontitis and kidney cancer remains controversial. Michaud et al. conducted a prospective cohort study of 48,375 men and followed up with them after eight years, revealing that periodontitis may increase the risk of developing kidney cancer (HR=1.49, 95%CI: 1.12-1.97) in the initial study and showed a similar trend in the follow-up analysis (HR=1.06, 95%CI: 0.61-1.85) (30, 31). However, it is important to note that studies by Nwizu, Wen, and Ma have reported no correlation between periodontitis and the incidence of kidney cancer (32–34). These inconsistent conclusions may be due to differences in the race and gender of the study populations, which could lead to variations in the oral microbiota. This underscores the importance of expanding sample sizes and data in the sample bank to further investigate the relationship between periodontitis and kidney cancer, given the diverse distribution of microbes.

The conventional belief that urine is a sterile body fluid has been challenged by recent research. It has been suggested that a reduction in the abundance and diversity of the urinary microbiome may increase the risk of urological tumors, including bladder and prostate cancer. Although the existing evidence does not allow us to infer causality, two hypotheses have been proposed to explain the relationship between the urinary microbiome and urological tumors. The first hypothesis is that the urinary microbiome may directly impact the development and progression of urological tumors, while the second hypothesis suggests that urological tumors may affect the diversity of the gut microbiome. Regardless of the scenario, significant alterations in the urinary microbiome of urinary system tumors compared to the normal population have been observed, suggesting the enormous potential of urinary microbiome as a non-invasive biomarker in the diagnosis, treatment, and prognosis of urinary system tumors. In a clinical study involving 12 patients with RCC, significant differences were observed in the urinary microbiota composition compared to healthy individuals (35). However, due to the current scarcity of clinical evidence directly demonstrating the relationship between the urinary microbiome and RCC, it is imperative that we further collect urine samples from both RCC patients and healthy control groups for clinical experiments. This will enable us to ascertain the differences in microbiome distribution between the two groups and confirm the relationship between the microbiome and RCC (36). Although direct clinical evidence demonstrating a causal relationship between urinary microbiome and RCC is scarce, it has been discovered that many urologic disorders resulting from urinary microbiome dysbiosis, such as urinary tract infections and kidney stones, can increase the risk of developing RCC. In a questionnaire survey of 372 RCC patients and 2,248 individuals in the general population, Parker et al. found that individuals with a history of kidney or bladder infection were more likely to develop RCC (OR=1.9, 95%CI:1.5, 2.5). Moreover, male smokers with a history of urinary tract infections had a significantly higher risk of RCC (OR=9.7, 95%CI:5.0, 18.1) (37). This view was further supported by Dhote, who summarized all possible risk factors for RCC (OR=1.2-1.7) (38). In a recent study, Gupta et al. put forward the concept that dysbiosis could contribute to the formation of kidney stones and subsequently increase the risk of developing RCC. This hypothesis sheds light on the association between urinary tract infections and RCC and suggests that the microbiome may play an active role in the development of RCC (39). Through the application of 16S rRNA sequencing on the gut microbiota of healthy individuals and kidney stone patients, researchers found a significant reduction in the gut microbiota diversity of the latter group. Furthermore, the abundance of pro-inflammatory bacteria was found to be substantially higher in kidney stone patients than in healthy individuals (40). The presence of urinary dysbiosis has also been observed to lead to significant structural differences in urinary microbiota between kidney stone patients and healthy individuals. Such differences in microbial composition may cause a potential increase in pro-inflammatory bacteria, resulting in the formation of kidney stones (41). Pol et al. established a correlation between the formation of kidney stones and an elevated risk of RCC (HR: 1.39, 95%CI 1.05-1.84), proposing that the chronic stimulation and recurrent infections caused by the stone may recruit inflammatory cells and promote cell damage and proliferation, thereby promoting the development of cancer (42).




4 Microorganisms and treatment of renal cell carcinoma

Statistics indicate that approximately one-third of patients with RCC who underwent targeted therapy eventually developed advanced disease. Prior to the advent of ICIs, tyrosine kinase inhibitors (TKIs), such as sunitinib, sorafenib, and bevacizumab, were used as first-line standard treatment, with a median survival time of 22 months (95% CI, 20.2-26.5 months) (43). Recent studies have shown that the use of ICIs, such as nivolumab plus ipilimumab, has resulted in better overall survival rates in advanced RCC patients as compared to TKIs. Additionally, patients treated with ICIs have reported more favorable treatment outcomes, such as fewer symptoms and improved Health-Related Quality of Life (HRQoL), compared to those treated with sunitinib (44, 45). However, despite the much higher overall survival time and response rate of ICIs or combination therapy compared to traditional TKIs, a considerable number of patients still develop primary resistance or do not respond, leading to tumor progression (46).

Recent studies have revealed that microbiota can modulate the therapeutic response of various tumors by regulating their own immune response. For instance, in colorectal cancer, the level of F. nucleatum has been found to increase and enhance the effectiveness of PD-L1 blockade (47). In addition, symbiotic Bifidobacterium has been shown to promote the efficacy of anti-PD-L1 in melanoma (48). As ICIs do not directly kill tumor cells and instead mediate their therapeutic effects by inducing T cell activation, it has been hypothesized that the microbiota, which plays a critical role in regulating systemic immune responses, may enhance the efficacy of ICIs in treating RCC. Current research on enhancing the efficacy of RCC drugs and predicting treatment response outcomes through microbiota has yielded promising results, indicating that the critical role of the microbiota in RCC is gradually being uncovered. However, the current focus of microbiota research in RCC treatment lies predominantly on the gut microbiota, while the study of the relationship between urinary microbiota and RCC treatment outcomes remains largely unexplored. This review will emphasize the relationship between the gut microbiota and RCC treatment, providing a theoretical foundation and research framework for future investigations on the correlation between urinary microbiota and RCC treatment.



4.1 The gut microbiome can affect kidney cancer treatment, and antibiotic use can impact the efficacy of ICIs

Multiple studies have shown that the microbiome can modulate the corresponding immune responses in the human body. Certain bacteria can enhance the therapeutic effects of drugs on tumors and exhibit anti-tumor capabilities by producing metabolites that induce immune responses or by directly counteracting the tumor microenvironment (TMEs) (49). Recent research on the microbial metabolite butyrate has shown that it can directly enhance the anti-tumor response of CD8 T cells by promoting the IL-8 signaling pathway and the ID2-dependent pathway (29). Furthermore, MAGER et al. found that the microbial metabolite adenosine enhances the therapeutic efficacy of ICIs in tumor treatment and may be utilized in the development of microbiota-based adjunctive therapies (50). Additionally, certain B vitamins produced by the microbiota, such as vitamin B6, are believed to effectively enhance cell-mediated immune responses, regulate T cell activation and differentiation (51, 52), and improve the therapeutic efficacy of chemotherapy drugs by inducing and strengthening anti-cancer immune responses (53). Research by Paulos et al. has also shown that microbial components or products, such as lipopolysaccharides, can promote dendritic cell activation and, in conjunction with TLR4 binding, enhance the anti-tumor function of CD8 T cells (54).

Numerous studies have highlighted the variation in gut microbiota distribution and abundance among RCC patients with different responses to treatment. While immune therapies targeting PD-L1 and PD-1 have revolutionized the treatment and prognosis of RCC, some patients remain unresponsive. Salgia et al. have found that patients who benefited from ICIs exhibited higher gut microbial diversity compared to those who did not (55). A comprehensive analysis of 44 cohorts showed that the use of antibiotics (ATBs) in ICIs-treated malignant tumors negatively correlated with ORR, PFS, and OS, and the duration of ATB usage might impact ICI efficacy (56). However, the use of ATBs did not have a similar effect on patients receiving mTOR inhibitors or VEGF-T therapy (57). Studies on non-small cell lung cancer, melanoma, digestive tumors, and RCC have shown that patients who did not receive ATB or proton pump inhibitors (PPIs) before ICIs had better PFS than those who did (58). Derosa et al. also observed that the usage of ATBs in advanced RCC patients receiving nivolumab monotherapy led to a significant reduction in the objective response rate. Moreover, their analysis of the gut microbiota revealed a correlation between dysbiosis and resistance to cancer immunotherapy in RCC patients (59). These comprehensive clinical studies have robustly established the significant influence of gut microbiota composition on the therapeutic effectiveness of ICIs in the context of RCC. Additionally, it has been firmly established that ATBs can impede the desired treatment outcomes in RCC patients. However, the potential impact of PPIs on the outcomes of ICI treatment in RCC patients remains inconclusive. Despite the findings by Giordan’s team, as mentioned earlier, suggesting that PPIs may diminish the therapeutic efficacy of ICIs, Mollica et al. conducted a study involving 71 patients and concluded that the use of PPIs does not impact the treatment outcomes of ICIs in RCC patients (58, 60). Notably, the negative impact of antibiotics on treatment efficacy is not universal. Hahn et al. found that prescribing antibiotics targeting Bacteroides spp. Improved the progression-free survival (PFS) of patients treated with VEGF-TKIs (61). During the study of VEGF-TKI targeted drugs, diarrhea was reported as a common side effect, with the highest incidence observed in patients using sunitinib (62). Recently, Su et al. found that the severity of sunitinib-induced diarrhea was negatively correlated with the diversity of the intestinal microbiota and the diversity of butyrate-producing bacteria, but positively correlated with the presence of Bacteroides spp (63).. These findings are consistent with the correlation between the use of antibiotics targeting Bacteroides spp. and improved PFS in RCC patients, as mentioned above. Based on the aforementioned evidence, it is highly plausible that the differential distribution of gut microbiota contributes to the varying therapeutic outcomes of ICIs. Additionally, ATB usage may disrupt the gut microbiota in ICI-treated RCC patients, leading to suboptimal treatment responses. This suggests that ATBs could serve as predictive factors for ICIs resistance. Furthermore, these findings inspire and caution us, indicating that modulation of the gut microbiota may offer a promising avenue to optimize the prognosis of RCC patients undergoing ICIs therapy. Hence, the prescription of ATBs should be approached with caution in advanced malignant tumor patients undergoing ICIs treatment.




4.2 Gut microbiota may serve as biomarkers for the efficacy and risk stratification of kidney cancer treatment

The human body is a complex organism that relies on various components, among which the gut microbiota plays a crucial role. The gut microbiome participates in the absorption of nutrients and also exerts immunoregulatory functions. Consequently, the gut microbiota is considered a potential pivotal component in immune surveillance against cancer and a guiding factor for immunotherapy of tumors (64). Iida et al. conducted an analysis of mice that were subjected to an antibiotic cocktail therapy and found that mice lacking gut microbiota suffered from severe immune deficiencies, ultimately leading to impaired efficacy of immune therapy which provides evidence for the correlation between gut microbiota composition and immunotherapy supported by animal experimentation (65). In studies of the use of ICIs to treat advanced melanoma, it has been found that the distribution of gut microbiota can serve as a biomarker to predict the response and ultimate outcome of ICI therapy for tumors (66). Similarly, in melanoma research, Frankel conducted a study using Metagenomic Shotgun Sequencing to investigate specific human gut microbial communities associated with the efficacy of ICIs. The study found that the previously mentioned Bacteroides spp. was enriched in the clinically beneficial group, suggesting that the microbiome may serve as a predictive biomarker for patient treatment outcomes (67). Concurrently, studies by VÉTIZOU and ROUTY also demonstrated the potential of the microbiome as a predictive biomarker for patient treatment outcomes (68, 69). In the treatment of renal cell carcinoma, patients who responded to ICIs had higher microbial diversity and distinct microbiota, as mentioned earlier. Therefore, it is worth exploring whether the characteristics of gut microbiota can be utilized to predict the therapeutic outcomes of kidney cancer patients in advance. This approach not only can prevent tumor progression and metastasis caused by ineffective treatment, but also benefit patients by changing treatment plans in a timely manner. Table 1 summarizes the gut microbiota expression profiles in different clinical response groups to therapeutic agents, as observed in three studies investigating the relationship between ICIs and the efficacy of renal cancer treatment. Upon analyzing the high-expressing bacterial species in the clinical benefit group, it was observed that Akkermansia muciniphila (Akk) was highly expressed in the clinical benefit groups of ICIs in three study cohorts. Akk is an anaerobic bacterium that resides in the intestinal mucosal layer and uses intestinal mucin as the sole source of carbon and nitrogen required for survival (72). It also exhibits inhibitory effects on the growth of other mucin-degrading bacteria that are pathogenic (73). Akk has been shown to secrete substances that can inhibit tumor growth and increase treatment efficacy in multiple in vitro experiments (74, 75). Furthermore, the presence of Akk in the intestine can increase the microbial diversity of patients by promoting the growth of other symbiotic bacteria (76). Recent studies have suggested that Akk is associated with the clinical benefit of ICIs in non-small cell lung cancer (NSCLC) and can serve as a novel prognostic factor for NSCLC ICI treatment (77). However, the role of Akk in RCC is currently unknown, and further clinical trials are needed to confirm its relationship with the immunotherapy benefit in RCC. In addition, more samples should be collected to validate the potential of Akk as a prognostic and risk stratification biomarker for RCC.


Table 1 | The distribution of gut microbiota between the clinical benefit group and clinical non-benefit group.






4.3 Gut microbiota as an adjuvant therapy for renal cell carcinoma

As our understanding of the microbiota and RCC continues to evolve, new insights and treatment strategies have emerged for preventing and managing RCC. Given the mounting evidence linking gut microbiome composition to ICI response, it is reasonable to explore methods for modulating the microbiota to promote a microbial composition that is more conducive to ICI response. This could involve maintaining gut microbial balance or selectively targeting individual microbes for modulation. As previously mentioned, the overuse of broad-spectrum antibiotics may reduce treatment efficacy in kidney cancer patients and exacerbate treatment side effects due to microbial imbalance. Nonetheless, by analyzing the gut microbiota of patients with varying treatment responses, we can identify specific microbial communities that are associated with favorable or unfavorable outcomes, and selectively deplete or augment these communities using targeted antibiotics or other interventions to improve treatment response and reduce side effects (78). Fecal microbiota transplantation (FMT) is a widely used therapeutic approach for managing several conditions, such as inflammatory bowel disease, metabolic disorders, Clostridioides difficile infection, and obesity. Since gut microbiota is considered a potential modulator of ICIs response, and the use of antibiotics has been found to weaken the efficacy of ICIs, it has been suggested that FMT could potentially transfer the beneficial gut microbiota from ICI responders to non-responders, supplementing beneficial bacteria and overcoming resistance. Clinical trials involving FMT have been conducted in melanoma patients, and it is exciting to note that among the enrolled cohort of 16 melanoma patients who exhibited resistance to anti–PD-1 therapy and received adjunctive FMT therapy, three individuals achieved objective responses (OR), while three others experienced sustained stable disease (SD) for over 12 months (79). This notable transformation can be attributed to the discernible modifications in the composition of gut microbiota in the resistant patients, subsequently exerting a profound influence on the intricate tumor microenvironment. In the context of RCC, studies have shown that FMT may possess similar capabilities to inhibit resistance to anti-tumor drugs, as observed in the aforementioned melanoma studies. In one experiment, fecal samples from nivolumab-responsive RCC patients were transplanted into RCC-bearing mice that were resistant to the drug. The results indicated that FMT effectively suppressed drug resistance in the mice and improved the function of mucosa-associated invariant T (MAIT) cells, which enhanced immunity against the tumor (59, 80). The findings of FMT suppressing drug resistance in RCC-bearing mice are promising, but its efficacy in treating RCC resistance in humans remains to be confirmed by further clinical trials. In a clinical trial involving 20 patients who experienced severe diarrhea after using tyrosine kinase inhibitors, the use of FMT was found to markedly alleviate diarrhea symptoms compared to a placebo group (81). Currently, FMT is only used to treat TKI-induced diarrhea caused by dysbiosis. Clinical studies are needed to establish the safety and efficacy of FMT for treating RCC resistance (82).

Newer evidence indicates that the consumption of probiotics may be linked to a reduced risk of adenomas, while a higher intake of yogurt may be associated with a decreased occurrence of colorectal tumors (83). Additionally, the combined use of Clostridium butyricum therapy (CBT) with ICIs has been found to have a positive impact on the therapeutic efficacy of lung cancer patients (84). Considering the potential benefits of manipulating the gut microbiota to enhance the response to ICIs in RCC, CBM588, a live bacterial supplement containing butyrate-producing clostridia, was investigated as an adjunct therapy. Previous research has shown that CBM588 can effectively increase the abundance of Bifidobacterium spp in the intestine (85), which may have a positive impact on the efficacy of ICIs in RCC treatment. The results of the study showed that the addition of CBM588 as a live bacterial supplement to the standard ICIs treatment for RCC led to a significant increase in the abundance of live Bifidobacterium spp in the gut microbiome. Moreover, patients who received CBM588 as an adjunct to ICIs had a significantly longer progression-free survival compared to those who received ICIs alone (12.7 months vs 2.5 months, HR: 0.15, 95% CI 0.05-0.47, P < 0.001). Although the sample size was limited and the difference was not statistically significant, there was a higher response rate in patients who received CBM588 (20% vs 0%, P = 0.6588) (86). Moon and colleagues discovered that yeast extracts can effectively suppress the growth of RCC cells in vitro by regulating iron metabolism. These findings suggest that yeast extracts may have potential as an adjunct therapy for RCC (87).

FMT and live bacterial supplementation have shown potential in treating various cancers by improving the response efficiency of ICIs and reducing treatment-related side effects. Despite these promising findings, the efficacy of FMT and live bacterial supplementation in RCC patients has yet to be supported by sufficient clinical evidence. Further clinical trials are needed to establish the effectiveness of these methods in treating RCC.





5 Unresolved issues

	(1) Current studies are predominantly based on case-control designs, which may potentially introduce selection bias. Moreover, given the limited sample size in current RCC research and the potential confounding factors such as diet, social environment, age, ethnicity, and geographical location that may influence microbiome analysis, large-scale prospective studies with robust control of confounding variables would provide the most convincing evidence for establishing the relationship between gut and urinary microbiome and RCC. This direction is of utmost importance for future research in this field.

	(2) The inconsistency of reference databases currently poses a challenge for microbial population identification through 16S rRNA and WGS sequencing. Complementing sequencing data with proteomics and metabolomics can enhance the accuracy of microbial detection, thereby improving future research outcomes.

	(3) Differences in urinary microbiota composition have been observed in patients with bladder and prostate cancer, suggesting a potential role in cancer pathogenesis. Urinary tract infections have also been linked to the occurrence of kidney cancer. However, current evidence on the relationship between urinary microbiome and kidney cancer is limited to one study involving only 12 patients. Further large-scale studies are required to confirm this hypothesis.

	(4) The gut microbiome has shown potential as an adjuvant therapy in RCC immunotherapy, but its mechanism of action remains incompletely understood due to the microbiome’s diversity and individual variations, as well as the complex microbial interactions.

	(5) Akk has demonstrated the ability to inhibit tumor growth in various in vitro cancer models. Moreover, it is a dominant bacterial species found in the gut of ICI responders, and understanding its mechanisms of action may offer potential strategies for reversing ICI non-responsiveness in RCC.






6 Summary

With the advancement of technology, the types and numbers of microbiota are no longer a constraint on human exploration. Increasing evidence from studies on human gut microbiota suggests that gut microbiota is involved in regulating various pathological and physiological processes. The microbiome represents a new field in oncology, and our understanding of it is gradually deepening and expanding. The possibility of using microbiota for cancer treatment and prevention is also increasing. In this review, we summarize the relationship between the microbiome and RCC development, as well as the relationship between gut microbiota and treatment, providing a theoretical basis and ideas for further exploring the role of the microbiome as a pathogenic factor in RCC and as a potential modulator of ICIs response in RCC patients through prospective clinical and animal experiments. Based on the existing clinical evidence, we believe that the gut and urinary microbiota may play a promoting role in the development and progression of RCC. However, due to the interactive relationship between microorganisms and the initial stage of research on urinary microbiota in RCC patients, there is an urgent need for randomized controlled trials to explore the causal effects of these hypotheses. Overall, further exploration of the microbiome can increase our understanding of the mechanism of RCC development, which is crucial for providing personalized treatment options for patients, increasing patient sensitivity to treatment, and ultimately increasing clinical benefits.
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Rationale

RNA modifications, containing m6A, m1A, alternative polyadenylation and adenosine-to-inosine RNA editing, involve in critical cancerous immunity and cancerous processes. However, the functional roles of RNA modification writers in bladder cancer (BLCA) are largely unknown.





Methods

In this study, unsupervised clustering was used to identify novel RNA modification writers -mediated molecular subtypes in BLCA. A corresponding quantitative indicator called WriterScore was developed using univariate Cox and Least absolute shrinkage and selection operator (LASSO) analysis. Then, we systematically analyzed the correlation between RNA modification writer-related clusters (WriterScore) and immunological characteristics, classical molecular subtypes, clinicopathologic features and treatment options in BLCA. Finally, we validated the WriterScore in multiple other external BLCA datasets, clinical sample dataset in Shengjing Hospital and pancancer.





Results

Two RNA modification writer-related clusters and three DEGclusters were obtained. These RNA modification writer-related clusters (WriterScore) were strongly associated with immunological characteristics, classical molecular subtypes, clinicopathologic features of BLCA. Moreover, WriterScore can properly predict the clinical outcomes and immunotherapy of BLCA patients.





Conclusion

Our study systematically investigated the role of RNA modification writers and developed a significant WriterScore to guide several treatment options in BLCA, which might bring some potential benefits for BLCA patients.





Keywords: RNA modification writers, bladder cancer, immunotherapy benefits, tumor microenvironment, unsupervised clustering





Background

Bladder cancer (BLCA) is the second most prevalent malignancies in the urinary system (1), with an estimated 81,180 new cases and about 17,100 deaths worldwide in the United States in 2022 (2). The main therapeutic methods include surgery, radiotherapy, chemotherapy, immunotherapy, etc. However, the prognosis for BLCA patients remains unsatisfactory (3, 4). The main reason is that most BLCA patients are not sensitive to these treatment strategies, and there are no robust tools and biomarkers to accurately predict clinical response to these treatment protocols. Therefore, it is urgent to develop more effective biomarkers and methods to predict the treatment benefits for BLCA patients.

Epigenetic alterations modulating heritable changes play important role in the malignant process of human cancer (5). RNA modification, as an essential part in epigenetic alterations, play a role in many pathological processes of cancer. More than 170 different types of RNA modifications have been described to modify coding and non-coding RNAs so far (6). Adenine is the most modified nucleotide on RNA and N6-methyladenosine (m6A) is the most abundant internal modification of mRNA (7, 8). Except for the most common m6A methylation, N1-methyladenosine (m1A), alternative polyadenylation (APA) and ADAR-induced adenine to inosine (A-to-I) are also adenine-related RNA modifications. The m6A modification can regulate the processes of mRNA stability, mRNA export, transcription, translation and pre-mRNA splicing (9–11). APA has been reported in over 60% of human genes, and affect various gene regulation processes, such as cellular RNA decay, mRNA stability, mRNA maturation, and protein diversification (12). The m1A occurs widely in rRNA, tRNA, mRNA and mitochondrial transcripts (13). In mRNA, it usually distributed in the 5’-UTR of mRNA and participate in translation (14). In addition, it also has been reported delay reverse transcription and participate in the regulation of cellular stress response (15). A-to-I RNA editing has been found in miRNAs, lncRNAs, pre-mRNAs, tRNAs and mRNAs. It can regulate co-transcriptional and post-transcriptional modification though converting adenosines to inosines (16). RNA modifications were regulated by multiple regulatory proteins encoded by ‘writer’ (installer), ‘reader’ (translator) and ‘eraser’ (demodifier) (17). Write proteins transfer specific chemical groups to target sites on RNA molecules; Reader proteins specifically recognize modified nucleotides; Eraser proteins remove specific chemical groups from modified nucleotides and convert them back to unmodified nucleotides (17). In the present study, we systematically investigated the functional role of adenine-related RNA modification writers in BLCA.

In the past decade, immunotherapies have been conducted great progress and shown tremendous assistant to advanced solid tumors. In 2016, immune checkpoint inhibitors (ICIs) have been formally applied in BLCA patients (18), and have achieved certain therapeutic effects due to the strong immunogenicity (19). Although immunotherapies for BLCA have long been proved to be safe and effective, the response rate is still less than 30% (20, 21). Thus, it is worthwhile to explore the potential mechanisms of BLCA in tumor microenvironment (TME). Previous studies have reported that TME has close correlation with adenine-related RNA modifications. For example, Xueqing Hu et al. have demonstrated that YAP1 may promote BLCA progression through suppressing the CD4+ Th1 cells, T follicular helper cells, NKT cells, infiltration of CD8+ T lymphocytes and activated NK cells (22). Yuzhen Gao et al. have reported that m1A regulators mediated three distinct immunophenotype (desert, excluded and inflamed) of in TME -infiltrating immune cells in colon cancer (23). However, the interaction of these four adenine-related RNA modification writers with TME in BLCA remains unclear. Thus, it is significant to systematically reveal biological mechanism by which four adenine-related RNA modification writers involving in TME of BLCA, as this may be a promising method for achieving precision treatment in BLCA.

Four types of adenine modifications, including m6A, m1A, APA and A-to-I RNA editing, are the most impactful RNA modifications. In this study, we comprehensively evaluated the correlation of four types of adenine-related RNA modification writers with immunological characteristics, classical molecular subtypes, therapeutic opportunities, clinicopathological features for BLCA. Next, we developed two RNA modification writer-related clusters and three DEGclusters based on unsupervised clustering. Finally, we established and verified a WriterScore to quantify the efficacy of RNA modifications patterns in individual BLCA patients and evaluate its application value in predicting immunotherapy benefits.





Materials and methods




Tissue collection

Sixty BLCA samples and twenty normal samples were obtained from Tissue specimen Bank of Shengjing Hospital from 2015 to 2022. None of the patients in this study received preoperative radiotherapy or chemotherapy. The baseline information of the BLCA samples were presented in Table S1C. This study was approved by the Ethics Committee of Shengjing Hospital of the China Medical University, and informed consent was obtained from all patients. In addition, all methods were performed in accordance with relevant guidelines and regulations.





RNA sequencing

Total RNA of the BLCA samples was extracted by TRIzol (Invitrogen, USA). The purity and concentration of the RNA samples were measured by NanoDropND-1000 (Thermo Fisher Scientific, USA). Subsequently, we removed rRNA from total RNA and obtained mRNA. Each sample was amplified and transcribed into a fluorescent cRNA using a random primer method. The sample RNA was first generated into cDNA by reverse transcription, and then purified and labeled. Finally, Agilent Gene Expression Hybridization Kit was used to hybridize the labeled probe and chip under standard conditions. We obtained the chip map and read the values to get the original data using Agilent Feature Extraction software. Then, GeneSpring GX v12.1 software (Agilent Technologies) was used to process the original data.





Quantitative real-time RT-PCR

Total RNA from normal samples and BLCA samples was extracted by TRIzol (Invitrogen, USA) and reverse-transcribed to cDNA. Real time quantitative polymerase chain reaction (RT-qPCR) was performed based on SYBR Premix Exaq (Takara, Japan). GAPDH was used as an internal reference to calculate the relative expression levels of 26 RNA modification writers according to the 2-ΔΔCt method. Supplementary Table 11 presents the primer sequences of the 26 RNA modification writers. We then compared the differential expression level of genes between Sixty BLCA samples and thirty normal samples.





Data acquisition

The RNA sequencing data, somatic mutation data, Copy Number Variation (CNV) data and clinical data of TCGA- BLCA and pan-cancers were downloaded from the UCSC Xena Public Hub (http://xena.ucsc.edu/). As a training dataset in this study, TCGA- BLCA dataset included 400 BLCA samples and 19 normal samples after filtering the patients without prognostic information. Then, the FPKM values of the RNA sequencing data were transformed into transcripts per kilobase million (TPM) value. The “maftools”R package was used to plot the “oncoplot” based on the somatic mutation data. Tumor mutation burden (TMB) of pan-cancers was calculated using VarScan2 based on the mutation data. The microsatellite instability (MSI) data and the stemness indices of pan-cancers were respectively downloaded from the supplementary files of Bonneville’s study (24) and Malta’s study (25).

GSE48075 and GSE32894 from the same microarray platform (GPL6947 Illumina HumanHT-12 V3.0 expression beadchip) were downloaded from Gene Expression Omnibus (GEO, https://www.ncbi.nlm.nih.gov/). We then combined and normalized the two datasets into a meta-GEO dataset using the “sva” R package and the “gcrma” R package. The RNA sequencing data and clinical data of E-MTAB-4321 dataset was downloaded from http://E-MTAB-4321<ArrayExpress<BioStudies<EMBL-EBI. Subsequently, nine immunotherapy cohorts including IMvigor210 (BLCA, http://research-pub.Gene.com/imvigor210corebiologies/), GSE135222 (NSCLC, GEO), GSE78220 (Melanoma, GEO), GSE100797 (Melanoma, GEO), Gide2019 (Melanoma, TIDE website, http://tide.dfci.harvard.edu/download/), Nathanson2017_ Post and _Pre (Melanoma, TIDE website), Riaz2017_ Naïve and Prog (Melanoma, TIDE website) were obtained. Finally, a public BLCA single-cell data set (GSE145137) was downloaded from GEO dataset to explore the expression profiles of RNA modification writers on the cell clusters and cell types using “Seurat” R package. The microarray datasets from GEO were directly downloaded the present log scale matrix files. The baseline information about all of these datasets is collected in Tables S1A–P.





Unsupervised clustering of RNA modification writers

Unsupervised clustering analysis was performed to detect novel RNA modification writers -mediated molecular subtypes in BLCA using the “ConsensuClusterPlus” R package based on the expression profiles of 26 RNA modification writers: 3 A-to-I enzymes (ADARB1, ADARB2 and ADAR), 4 m1A enzymes (TRMT6, TRMT61A, TRMT61B and TRMT10C), 7 m6A enzymes (RBM15, RBM15B, METTL3, METTL14, WTAP, KIAA1429 and ZC3H13) and 12 APA enzymes (CLP1, CPSF1/2/3/4, CFI, CSTF1/2/3, PABPN1, NUDT21 and PCF11) (Table S2A). Thousand resamplings were performed to maintain the stability of the clusters (26).





Construction and validation of a Writer-score

We identified the RNA modification writer subtypes -related DEGs using the “Limma” R package based on the screening criteria P value < 0.05 and |logFC| > 20. Gene Ontology (GO) and Kyoto Encyclopedia of Genes and Genomes (KEGG) analyses were performed to explore the functions of DEGs in BLCA using the “clusterProfiler” R package. Univariate Cox regression was conducted to select the DEGs with prognostic value for further analysis. Unsupervised clustering was performed to classify TCGA- BLCA patients into different geneclusters based on the expression level of the prognostic-related DEGs to verify the stability of the RNA modification writers related phenotypes. Next, the LASSO regression analysis was performed to establish the Writer-score scoring system to quantify all individuals with BLCA based on the following formula: Writer-Score = ∑(Coefi * Expri); here, i means the genes in LASSO model, Coefi respects the coefficient of each gene and Expri indicates the expression level of each gene. The patients were classified into high-and low- Writer-Score groups using the “survminer” R package. The robustness of Writer-score scoring system was verified using meta-GEO dataset, E-MTAB-4321 dataset and clinical sample dataset.





The association of Writer-score and classical molecular subtypes, classical molecular subtype-specific signatures

The information of several classical molecular subtypes including CIT, MDA, Lund, TCGA, UNC, Baylor and Consensus subtypes was collected from predecessors’ research (Table S2B) (27–33). Twelve classical molecular subtype-specific signatures were collected from The Bladder Cancer Molecular Taxonomy Group, such as Urothelial_differentiation, Ta_pathway, Luminal_differentiation, Basal_differentiation, EMT_differentiation, Immune_differentiation, Smooth_muscle, Myofibroblasts, Myofibroblasts, Interferon_response, Mitochondria, Keratinization and Neuroendocrine_differentiation (Table S2C) (33). The enrichment scores of 12 signatures were calculated using the “GSVA” R package. Finally, we correlated Writer-score with 7 molecular subtypes and 12 classical molecular subtype-specific signatures.





The association of Writer-score and immunological characteristics

Immunological characteristics involved in BLCA were composed of 122 immunomodulators, tumor-infiltrating immune cells (TIICs), 36 effector genes of TIICs, cancer immunity cycles, several stromal signatures, T cell inflamed score (TIS) and 22 inhibitory immune checkpoints (Tables S2D–I) (34) (35, 36) (37). The infiltration level of TIICs in BLCA samples were calculated using the following algorithms: Cibersort-ABS, Cibersort, MCP-counter, TIMER, quanTIseq, TIP and xCell (Table S2J) (38–43). The cancer immunity cycle contains seven steps: Step 1.release of cancer cell antigens, Step 2.cancer antigen presentation, Step 3.priming and activation, Step 4.trafficking of immune cells to tumors (B.cell.recruiting, Basophil.recruiting, CD4.T.cell.recruiting, CD8.T.cell.recruiting, Dendritic.cell.recruiting, Eosinophil.recruiting, Macrophage.recruiting, MDSC.recruiting, Monocyte.recruiting, Neutrophil.recruiting, NK.cell.recruiting, T.cell.recruiting, Th1.cell.recruiting, Th17.cell.recruiting, Th2.cell.recruiting, Th22.cell.recruiting and Treg.cell.recruiting), Step 5.infiltration of immune cells into tumors, Step 6.recognition of cancer cells by T cells, and Step 7.killing of cancer cells (44). The activities of these steps were calculated using a single sample gene set enrichment analysis (ssGSEA) (43). The pan-cancer TIS, which could reflect the clinical response of Immune checkpoint blockade (ICB), was calculated using the T cell-inflamed score algorithm: TIS=∑(Coefi * Expri), here, i means the 18 genes (CCL5, CD27, CD274, CD276, CD8A, CMKLR1, CXCL9, CXCR6, HLA-DQA1, HLA-DRB1, HLA-E, IDO1, LAG3, NKG7, PDCD1LG2, PSMB10, STAT1 and TIGIT), Coefi respects the coefficient of each gene and Expri indicates the expression level of each gene (Table S2H) (45).





The association of Writer-score and therapeutic-specific signatures

Several gene signatures correlated with the clinical response to an anti-PD-L1 agent (atezolizumab) in BLCA were summarized from Mariathasan’s study (Table S2K) (36). A set of therapeutic signatures, such as chemotherapies targeting immune-inhibited oncogenic pathways, EGFR targeted therapies and radiotherapies, were collected from Hu J’s study (Table S2L) (46). The enrichment scores of these signatures were calculated using the “GSVA” R package. Additionally, we also collected some predictors (RB1, ATM, ERBB2, ERCC2, and FANCC), the mutation status of which can reflect the BLCA patients’ sensitivity to neoadjuvant chemotherapy (47). Finally, we assessed the predictive value of the RNA modification writer-related clusters (WriterScore) to these therapies.





Gene set variation analysis (GSVA) and functional annotation

GSVA enrichment analysis was conducted using “GSVA” R package to explore the differential biological function between distinct RNA modification writer-related clusters (WriterScore) (48). We downloaded the gene set c2.cp.kegg.v7.4.symbols.gmt, h.all.v2022.1.Hs.symbols.gmt and c6.all.v2022.1.Hs.symbols.gmt from the MSigDB database (https://www.gsea-msigdb.org/gsea/msigdb). False discovery rate (FDR) was corrected by Benjamini and Hochberg (BH) method and FDR < 0.05 was considered as signatures.





Statistical analysis

All statistical data analyses were conducted using R software (version 4.1.2). The level of significance was set at P < 0.05, and all statistical tests were two-sided. Correlation analysis was applied using Pearson or Spearman coefficients. T-test or the Mann-Whitney U test was performed to the comparison among groups. Chi-square and Fisher’s exact tests were used to ensure exact test. Kaplan-Meier (K-M) survival curves was plotted to assess prognostic value and the statistical significance was evaluated by log-rank test.






Results




Landscape of 26 RNA modification writers in TCGA- BLCA dataset

26 RNA modification writers were collected in the current study based on the recent studies (49, 50). In the TCGA-BLCA dataset, the somatic mutation frequency of 26 RNA modification writers were not very frequent in BLCA. Of the 412 BLCA samples, 121 (29.37%) had mutations of RNA modification writers (Figure 1A). Among them, the mutation frequency of PCF11, METTL3, ZC3H13 was the highest (4%). We then assessed the CNV alterations of RNA modification writers, and found that ADAR, ADARB2, CLP1 and VRMA had high frequency of CNV gain, while ZC3H13 and RBM15B had a high proportion of CNV loss (Figure 1B). Figures 1C, D showed that RNA modification writers with CNV gain have relatively higher expression levels in tumor samples compared the normal samples, suggesting that CNV may be an essential factor to writers’ expression. Moreover, we used the single-cell RNA sequence dataset (GSE145137) to verify the overexpression patterns of RNA modification writers on BLCA epithelial cells (Figure S1). Qualified single cells were distributed into T cells, Epothelial cells, Monocyte, Endothelial cells, Fibrobiasts and Tissue stem cells. A majority of RNA modification writers, such as ADAR, CLP1, CPSF1/2/3/4, CSTF1/2/3, METTL3, PABPN1, TRMT6 and TRMT61B, were overexpressed on BLCA epithelial cells. Principal component analysis (PCA) showed that the 26 RNA modification writers can effectively separate BLCA samples from normal samples (Figure 1E). Pearson correlation analysis revealed that the majority of writers have positive correlation with each other (Figures 1F, G). K-M curve revealed that ADARB1, CFI, CPSF2, CPSF3, CSTF1, CSTF2, TRMT61A, VIRMA and ZC3H13 were poor prognostic factors, while ADARB2, CPSF1, CPSF4, CSTF3, METTL14, PABPN1, PCF11 and WTAP were protective prognostic factors (Figure S2). The above results demonstrated that RNA modification writers were potential predictors for BLCA diagnosis and prognosis.




Figure 1 | Landscape of 26 RNA modification writers in TCGA- BLCA dataset. (A) The mutation profiles of 26 RNA modification writers in 412 samples. (B) The copy number variation frequency of 26 RNA modification writers. (C) Differential expression histogram of the 26 RNA modification writers between BLCA and normal samples in TCGA- BLCA dataset. (D) Differential expression histogram of the 26 RNA modification writers between BLCA and normal samples in clinical sample dataset. (E) PCA plot of the BLCA and normal samples based on 26 RNA modification writers. (F) The correlations between 26 RNA modification writers. (G) The interactions between 26 RNA modification writers and their prognostic value for BLCA. The circle size indicates the p value of the log-rank test, and the lines linking the 26 RNA modification writers indicate their interactions. TCGA, The Cancer Genome Atlas; BLCA, bladder cancer; CNV, copy number variant; PCA, Principal Component Analysis; N, normal samples; T, tumor samples. *p<0.05, **p<0.01, *** P<0.001, ns:p<o,05.







Unsupervised clustering based on 26 RNA modification writers

The patients in TCGA- BLCA dataset were divided into several clusters based on the expression of 26 RNA modification writers using unsupervised clustering. We found that the clustering algorithm achieve optimal result when the patients were classified into two clusters, including clusterA (n = 122) and clusterB (n = 284), and the patients in the two clusters have different prognosis (Figures S3A–H). The majority of 26 RNA modification writers were higher expressed in clusterA (Figures S3I, K). PCA analysis showed that the 26 RNA modification writers can effectively separate clusterA and clusterB group (Figure S3L). GSVA enrichment analysis was performed to investigate the biological function in different RNA modification patterns. ClusterB was markedly enriched in proliferation and apoptosis pathways, such as cell cycle, nucleotide excision repair, and mismatch repair pathways. ClusterA was mainly enriched in metabolism-related pathway, including metabolism of xenobiotics by cytochrome p450, drug metabolism cytochrome p450 and linoleic acid metabolism (Figure S3J; Table S3).





Developing the Writer-score scoring system

Among the two clusters, we subsequently identified 1525 RNA modification-related DEGs (Figures S4A, B; Table S4A), and enrichment analysis was performed based on the DEGs. GO enrichment analysis indicated that these genes were mainly associated to RNA transcription and translation processes (Figure S4C; Table S4B). KEGG enrichment analysis showed that were mainly enriched in proliferation and apoptosis pathways (Figure S4D; Table S4C). Next, 355 DEGs with significant prognostic value were selected (Table S4D). To further validate the different RNA modification patterns in TCGA-BLCA, unsupervised clustering was applied based on the expression of the 355 DEGs. We found that the patients were classified into three genomic phenotypes: geneClusterA, geneClusterB and geneClusterC, and the patients in geneClusterC had a poorer prognosis than patients in the other groups (Figures S5A–H). Figure S5I indicated that the majority of the 355 DEGs were higher expressed in geneClusterA group. Multivariable Cox analysis revealed that the RNA modification patterns was an independent prognostic factor for BLCA (Figure S5K; Table S10A). Subsequently, we developed a Writer-Score scoring system to quantify the RNA modification patterns. Firstly, we put the 355 DEGs into LASSO regression analysis and 18 genes were obtained (Figures S4E, 4F). Then, we put the 18 genes into the multivariate Cox regression analysis and achieved 10 genes to establish the Writer-Score scoring system. The coefficients of the 10 genes in the Writer-Score scoring system were used to calculate the Writer-Score of each patient (Table S4E). The patients in TCGA-BLCA dataset were divided in to high- or low writer-score groups according to an optimal cutoff value of the Writer-Score, and patients in high writer-score group have poor prognosis than the patients in low writer-score group (Figure S4G). The majority of the 26 RNA modification writers were higher expressed in low writer-score group (Figure S5J). The relationships among Cluster, geneCluster and Writer-Score were presented in Figures S4H–J. We found that the patients in ClusterB and geneClusterA, geneClusterC have higher Writer-Score. Furthermore, the hallmark pathways, KEGG pathways, oncogenic pathways and mutation profiles between high- and low writer-score group were compared using GSVA analysis. A majority of hallmark pathways such as MTORC1 signaling, hypoxia, epithelial mesenchymal transition and angiogenesis, oncogenic pathways including MTORUP.N4.V1_UP, HOXA9_DN.V1_DN and JAK2_DN.V1_DN were higher enriched in high writer-score group (Figures S6A, B; Tables S4F, G). Similarly, KEGG pathways related to proliferation and apoptosis such as cell cycle, nucleotide excision repair, and mismatch repair pathways were enriched in high writer-score group (Figure S6C; Table S4H). Previous research indicated that TP53 and RB1 mutations involved the malignant process of BLCA (51). In our study, we found that the mutation rates of TP53 (50% vs. 46%) and RB1 (18% vs. 16%) were higher in the high writer-score group than in the low writer-score group (Figure S6D, Figure 2C). The above results explained why the patients in high writer-score group had a poorer prognosis.




Figure 2 | RNA modification patterns accurately predicted classical molecular subtypes and therapeutic opportunities in the TCGA-BLCA dataset. (A, C) The correlations between Clusters, geneClusters, Writer-Score, and seven classical molecular subtype classifications. (B) The correlations between the Writer-Score and the enrichment scores of several therapeutic signatures, such as EGFR targeted therapy, radiotherapy, chemotherapies targeting immune-inhibited oncogenic pathways. TCGA, The Cancer Genome Atlas; BLCA, bladder cancer. *p<0.05, *** P<0.001.







RNA modification patterns predict classical molecular subtypes and therapeutic opportunities in BLCA

The relationships among Cluster, geneCluster, Writer-Score and seven classical molecular subtypes were displayed in Figures 2A, C, Figures S7A, B. The low writer-score group indicated the luminal subtype (Characterized by luminal differentiation, Ta pathway and urothelial differentiation), while high writer-score group represented the basal subtype (Characterized by immune differentiation, basal differentiation, interferon response, EMT differentiation and keratinization) (Table S5A). We also found that patients in the high writer-score group may be more benefit from EGFR targeted therapy and radiotherapy ​, while patients in low writer-score group may be more sensitive to chemotherapies targeting immune-inhibited oncogenic pathways (Figure 2B, Table S5B). Meanwhile, we successfully verified these results in meta-GEO dataset and E-MTAB-4321 dataset (Figures S9A–D; Table S5C–F). In summary, RNA modification patterns (Writer-Score) may be used to predict the classical molecular subtypes in BLCA.





RNA modification patterns predict immune phenotypes and clinical response of ICB in BLCA

A majority of immunomodulators and effector genes of several anticancer TIICs were overexpressed in Cluster A (Figures S8A, B; Tables S6A, B). The comprehensive performance of immunomodulators can directly determine the activities of cancer immunity cycles. Therefore, we can find that the majority of the steps in the cancer immunity cycle were activated in Cluster A (Figure 3A; Table S7A). We also Subsequently, we analyzed the relationships between RNA modification patterns and 22 inhibitory immune checkpoints, and found that most of the inhibitory immune checkpoints were overexpressed in ClusterA (Figure 4A; Table S7B). Meanwhile, the enrichment scores of 18 ICB response-related signatures were enriched in ClusterA (Figure 4B).




Figure 3 | RNA modification patterns (Writer-Score) predict immune phenotypes and clinical response of ICB in the TCGA-BLCA dataset. (A) The activities of cancer immunity cycles in different RNA modification patterns. (B) The correlation between the Writer-Score and the infiltration levels of TIICs. TCGA, The Cancer Genome Atlas; BLCA, bladder cancer; TIICs, tumor-infiltrating immune cells. *p<0.05, **p<0.01, *** P<0.001.






Figure 4 | RNA modification patterns (Writer-Score) predict clinical response of ICB in the TCGA-BLCA dataset. (A) Differential expression of 22 immune checkpoints in different RNA modification patterns. (B) Differential histogram of enrichment scores of positive ICB response-related signatures between RNA modification patterns. (C) The correlations between the Writer-Score and enrichment scores of positive ICB response-related signatures. TCGA, The Cancer Genome Atlas; BLCA, bladder cancer; ICB, Immune checkpoint blockade *p<0.05, **p<0.01, *** P<0.001.



Then, we explored the correlation between Writer-Score and anticancer immunity of the BLCA. Downregulation of the activity of these cycles will lead to decreased infiltration levels of many anticancer TIICs. Thus, the Writer-Score has negative correlation with most of anticancer TIICs (Figure 3B; Table S8A). Furthermore, we found that the Writer-Score negatively correlated with the enrichment scores of ICB response-related signatures (Figure 4C). Meanwhile, we successfully confirmed these results in meta-GEO dataset and E-MTAB-4321 dataset (Figures S10, S11; Table S9A–D). Moreover, an inflamed phenotype was not only infiltrated by more immune cells, but also more stromal cells (47). The enrichment scores of proliferation signature and four stromal signatures such as EMT1, EMT2, EMT3, and F-TBRS were higher enriched in ClusterA (low writer-score group) (Figures S8C–F). Therefore, these findings suggested that ClusterA (low writer-score group writer-score group) may be an inflamed phenotype and be more sensitive to ICB.





Validating the role of the Writer-Score in predicting immune phenotypes and clinical response to ICB in IMvigor210 dataset

In IMvigor210 dataset, K-M analysis reconfirmed that the patients in high writer-score group have poor prognosis (Figure S12A). Patients were classified into several groups according to the PD-L1 expression on immune cells (IC0 subgroup, IC1 subgroup, and IC2 subgroup) and the immune phenotype (deserted phenotype, excluded phenotype and inflamed phenotype) (36, 47). As expected, IC2 subgroup with highest PD-L1 expression on immune cells and inflamed phenotype have lowest Writer-Score (Figures S12B–D). In addition, Writer-Score negatively corrected to with the expression level of many inhibitory immune checkpoints and effector genes of anticancer TIICs (Figures S12E, F). These results confirmed that the low Writer-Score group may be an inflamed phenotype and be more sensitive to ICB.

Subsequently, we analyzed the relationships between the Writer-Score and ICB response in three distinct immune phenotypes. In the excluded phenotype and inflamed phenotype, the patients in low writer-score group have higher ICB response rate than the patients in high writer-score group (Figures S12H, I). Due to the higher ICB response rate, the patients in low writer-score group have better prognosis (Figures S12K, L). However, in the deserted phenotype, the patients in high writer-score group have higher ICB response rate and better prognosis than the patients in low writer-score group (Figures S12G, J).





Validating the roles of the Writer-Score in clinical sample dataset

In our own clinical sample dataset, we found that the low writer-score group indicated the luminal subtype, while high writer-score group represented the basal subtype (Figure 5A; Table S5G). It suggested that the Writer-Score could accurately predict luminal and basal subtypes. Meanwhile, the Writer-Score was negatively related to the activities of many anticancer immunity cycle steps (Figure 5C). Subsequently, the Writer-Score was also negatively correlated with the infiltration levels of many anticancer TIICs in seven independent algorithms (Figure 5E; Table S8B). Next, we found that Writer-Score have negative correlation with the expression level of inhibitory immune checkpoints and enrichment scores of ICB response-related signatures (Figures 5D, F). In addition, we also found that patients in the high writer-score group may be more benefit from EGFR targeted therapy and radiotherapy, while patients in low writer-score group may be more sensitive to chemotherapies targeting immune-inhibited oncogenic pathways (Figure 5B; Table S5H). These finding suggested that the Writer-Score could be used to guide treatments of BLCA.




Figure 5 | Validating the roles of the Writer-Score in clinical sample dataset. (A) The correlations between the Writer-Score and 12 classical molecular subtype-specific signatures. (B) The correlations between the Writer-Score and the enrichment scores of several therapeutic signatures, such as EGFR targeted therapy, radiotherapy, chemotherapies targeting immune-inhibited oncogenic pathways. (C) The correlations between the Writer-Score and cancer immunity cycles. (D) The correlations between the Writer-Score and enrichment scores of positive ICB response-related signatures.(E) The correlation between the Writer-Score and the infiltration levels of TIICs. (F) The correlations between the Writer-Score and 22 immune checkpoints. TIICs, tumor-infiltrating immune cells. *p<0.05, **p<0.01.







Pan-cancer analyses of the Writer-Score

We further assessed the role of the Writer-Score among the cancers and revealed that the Writer-Score was associated with prognosis of many cancers, including brain lower grade glioma (LGG), acute myeloid leukemia (LAML), Mesothelioma (MESO), ovarian serous cystadenocarcinoma (OV), pancreatic adenocarcinoma (PAAD), skin cutaneous melanoma (SKCM) and thyroid carcinoma (THCA) (Figure S13A; Table S10B). Accumulated evidence indicated that patients with high TMB, MSI and TIS are more sensitive to immunotherapy (35, 47). Here, we found that the Writer-Score was negatively collected with the TMB and MSI in many cancers (Figures S13B–D). In addition, we also revealed that the Writer-Score was negatively related to the expression of PD-1, PD-L1, LAG-3 and CTLA-4 in majority of cancers (Figures S13D–G). Therefore, the Writer-Score was closely related to many TME characteristics in pan-cancer, suggested that it may be an effective predictor of ICB treatment in cancers.





The Writer-Score was a valuable predictor to immunotherapy in multiple immunotherapy datasets

We validated the predictive performance of Writer-Score to the immunotherapy in multiple immunotherapy datasets collected from GEO or TIDE database. We found that the Writer-Score was negatively related to inhibitory immune checkpoints in these immunotherapy datasets (Figures S14, S15). Consistently, the patients in low writer-score group have higher ICB response rate than the patients in high writer-score group. Due to the higher ICB response rate, the patients in low writer-score group have better prognosis (Figures 6A–H). These results reconfirmed that the low Writer-Score group may be an inflamed phenotype and be more sensitive to ICB.




Figure 6 | Writer-Score as a valuable predictor to immunotherapy in multiple immunotherapy datasets. (A–H) Upper part showed the ICB response rate of patients in low- and high- Writer-Score groups; lower part indicated the prognosis of patients in low- and high- Writer-Score groups. ICB, Immune checkpoint blockade.








Discussion

Increasing evidence indicate that RNA modification writers play a critical role in tumor immunity. For example, Zhao J et al. (52) revealed that the elevated expression of m6A related genes including ENO1 and PGM1 was positively correlated with infiltration of M2 macrophages and their surface marker CD163, hence affecting the prognosis of BLCA patients. However, previous studies have concentrated on a single type of RNA modification writers, leaving the mutual relationships of multiple RNA modification writer types in BLCA remains unknown. In the present study, we systematically characterized the m1A, m6A, A-to-I and APA RNA editing enzymes at transcriptional and mutation profiles in BLCA. Then, we categorized two distinct clusters, three geneClusters related to RNA modifications based on the expression of 26 RNA modification writers, and constructed a Writer-Score scoring model to quantify all individuals with BLCA. The RNA modification patterns were closely related to prognosis, classical molecular subtypes, tumor immunity and therapeutic strategies in BLCA.

Here, we first systematically assessed the RNA expression profile and somatic mutant profile of 26 RNA modification writers in TCGA-BLCA patients and found that 121 out of 412 patients experienced mutations and that 19 RNA modification writers were abnormal expression in TCGA- BLCA patients. The frequency of mutations ranged from 4% to 1%, and PCF11, METTL3, ZC3H13 had the highest mutations of mutations among the 26 RNA modification writers. The CNV alteration of the 26 RNA modification writers could contribute to their dysregulation expression, and many writers have a significant prognostic value in BLCA. The above results suggested that RNA modification writers play an indispensable role in diagnosis and prognosis of BLCA. We then identified two distinct RNA modification and named them as Cluster A and Cluster B, respectively. Compared with Cluster B, Cluster A was positively corrected with immunological characteristics, such as many immunomodulators, cancer immunity cycles, inhibitory immune checkpoints, many anticancer TIICs and their effector genes. As expect, Cluster B had the poor prognosis in BLCA patients due to the suppression of tumor immunity. In addition, GSVA enrichment analysis indicated that Cluster B was highly enriched in proliferation and apoptosis pathways, such as cell cycle, nucleotide excision repair, and mismatch repair pathways, which explains its poor prognosis.

Furthermore, 1525 differentially expressed mRNA were selected between the two distinct RNA modification patterns. Among them, 355 genes with significant prognostic value were selected to develop a Writer-Score scoring system to quantify the RNA modification patterns of individual BLCA patients. Subsequently, two Writer-Score groups (high- and low writer-score groups) exhibited distinct immunological characteristics. That is, low Writer-Score group appeared to have positively correction with immunological characteristics. K-M analysis revealed that patients in a high Writer-Score group had poor clinical outcome compared with patients in low Writer-Score group. These findings suggested that the Writer-Score was a reliable scoring system for comprehensive clinical assessment of RNA modification patterns in individual BLCA patients, and the low Writer-Score group may be an inflamed phenotype and be more sensitive to ICB. Finally, we reconfirmed these results in multiple immunotherapy datasets and pan-cancer dataset.

More importantly, the low Writer-Score group indicated the luminal subtype, while high Writer-Score group represented the basal subtype. The RNA modification patterns (Writer-Score) also can be used to predict the sensitive to several therapeutic strategies, such as neoadjuvant chemotherapy, EGFR targeted therapy and radiotherapy, chemotherapies targeting immune-inhibited oncogenic pathways. The mutation rate of RB1 was significantly higher in the high Writer-Score group, suggested that the patients in high Writer-Score group (Cluster B) may achieve more benefits from neoadjuvant chemotherapy. In addition, we found that the high Writer-Score group (Cluster B) with hypoxia, cell_cycle, DNA_replication and EGFR_ligands enriched was more sensitive to EGFR targeted therapy and radiotherapy. However, the low Writer-Score group (Cluster A) with several immune-inhibited oncogenic pathways enriched, suggested that targeting these pathways may have advantages for patients in the low Writer-Score group. In summary, the widespread application of the Writer-Score may promote the development of precision medicine in BLCA.





Conclusions

Our discovery comprehensively analyzed four types of RNA modification writers and develop a reliable Writer-Score scoring model, revealing a novel regulatory mechanism by which they bring some potential implications for identifying molecular subtypes, and guiding therapeutic strategies for BLCA.
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Supplementary Figure 1 | Expression of 26 RNA modification writers for all cell types in GSE145137 dataset.

Supplementary Figure 2 | Prognostic value of 26 RNA modification writers in TCGA-BLCA dataset. TCGA, The Cancer Genome Atlas; BLCA, bladder cancer.

Supplementary Figure 3 | Unsupervised clustering based on 26 RNA modification writers in TCGA-BLCA dataset. (A-D) Consensus matrices of the TCGA-BLCA dataset for k = 2-5. (E-H) Survival analysis of different RNA modification patterns of the TCGA-BLCA dataset for k = 2-5. (I, K) Differential expression of the 26 RNA modification writers between two distinct RNA modification patterns. *P < 0.05; **P < 0.01; ***P < 0.001. (J) The differences in KEGG pathways two distinct RNA modification patterns. (L) PCA plot of the ClusterA and ClusterB based on 26 RNA modification writers. TCGA, The Cancer Genome Atlas; BLCA, bladder cancer; PCA, Principal Component Analysis; KEGG: Kyoto Encyclopedia of Genes and Genomes.

Supplementary Figure 4 | Developing the Writer-score scoring system in TCGA-BLCA dataset. (A, B) The volcano plot and venn plot showed the differentially expressed genes (DEGs) between two distinct RNA modification patterns. (C) Gene Ontology (GO) analysis of the DEGs. (D) Kyoto Encyclopedia of Genes and Genomes (KEGG) analysis of the DEGs. (E, F) LASSO regression was applied to establish the Writer-Score scoring system. (G) Survival analysis of the high- and low- Writer-Score groups. (H) The correlations between Clusters, geneClusters and Writer-Score. (I) The distribution diagram of Writer-Score in two distinct clusters. (J) The distribution diagram of Writer-Score in three distinct geneClusters. DEGs, differentially expressed genes; LASSO, Least Absolute Shrinkage and Selection Operator.

Supplementary Figure 5 | Unsupervised clustering based on DEGs with significant prognostic value. (A-D) Consensus matrices of the TCGA-BLCA dataset for k = 2-5. (E-H) Survival analysis of different geneClusters of the TCGA-BLCA dataset for k = 2-5. (I) Differential expression of DEGs with significant prognostic value between three geneClusters. (J) Differential expression of the 26 RNA modification writers between three geneClusters. *P < 0.05; **P < 0.01; ***P < 0.001. (K) The forest plot showed the results of multivariable Cox analysis. TCGA, The Cancer Genome Atlas; BLCA, bladder cancer.

Supplementary Figure 6 | Functional analyses of RNA modification patterns. (A) The differences in hallmark pathways between high- and low- Writer-Score groups. (B) The differences in oncogenic pathways between high- and low- Writer-Score groups. (C) The differences in KEGG pathways between high- and low- Writer-Score groups. (D) The differences in mutational profiles between high- and low- Writer-Score groups. KEGG: Kyoto Encyclopedia of Genes and Genomes.

Supplementary Figure 7 | (A) The proportions of every subgroup in different molecular subtype systems. (B) The distribution of Writer-Score among different subgroups in seven classical molecular subtypes.

Supplementary Figure 8 | Correlations between the RNA modification patterns, Writer-Score and immunological characteristics in the TCGA-BLCA cohort. (A) The differences in 122 immunomodulators between the RNA modification patterns and high- and low- Writer-Score groups. (B) The differences in the expression of effector genes between the RNA modification patterns and high- and low- Writer-Score groups. (C, D) The differences in four stromal signature enrichment scores between the RNA modification patterns and high- and low- Writer-Score groups. *P < 0.05; **P < 0.01; ***P < 0.001. (E, F) The differences in proliferation signature enrichment score between the RNA modification patterns and high- and low- Writer-Score groups. *P < 0.05; **P < 0.01; ***P < 0.001. TCGA, The Cancer Genome Atlas; BLCA, bladder cancer.

Supplementary Figure 9 | The Writer-Score accurately predicted molecular subtypes and therapeutic opportunities in two external validation BLCA cohorts. (A) The correlations between the Writer-Score and 12 classical molecular subtype-specific signatures in GEO BLCA meta-cohort (GSE48075, GSE32894). (B) The correlations between the Writer-Score and 12 classical molecular subtype-specific signatures in the E-MTAB-4321 dataset. (C) The correlations between the Writer-Score and the enrichment scores of several therapeutic signatures, such as EGFR targeted therapy, radiotherapy, chemotherapies targeting immune-inhibited oncogenic pathways in GEO BLCA meta-cohort (GSE48075, GSE32894). (D) The correlations between the Writer-Score and the enrichment scores of several therapeutic signatures, such as EGFR targeted therapy, radiotherapy, chemotherapies targeting immune-inhibited oncogenic pathways in the E-MTAB-4321 dataset. GEO, Gene Expression Omnibus; BLCA, bladder cancer.

Supplementary Figure 10 | Writer-Score predicts immune phenotypes and ICB response in the GEO BLCA meta-cohort (GSE48075, GSE32894). (A) Survival analysis of high- and low- Writer-Score groups. (B) The differences in 122 immunomodulators between high- and low- Writer-Score groups. (C) The differences in 122 immunomodulators between high- and low- Writer-Score groups. (D) The correlations between the Writer-Score and enrichment scores of positive ICB response-related signatures. (E) The correlations between the Writer-Score and 22 immune checkpoints. GEO, Gene Expression Omnibus; BLCA, bladder cancer.

Supplementary Figure 11 | Writer-Score predicts immune phenotypes and ICB response in the E-MTAB-4321 dataset. (A) Survival analysis of high- and low- Writer-Score groups. (B) The differences in 122 immunomodulators between high- and low- Writer-Score groups. (C) The differences in 122 immunomodulators between high- and low- Writer-Score groups. (D) The correlations between the Writer-Score and enrichment scores of positive ICB response-related signatures. ICB, Immune checkpoint blockade.

Supplementary Figure 12 | Writer-Score predicts immune phenotypes and clinical response of ICB in the IMvigor210 cohort. (A) Survival analysis of high- and low- Writer-Score groups. (B, C) The correlation between the Writer-Score and PD-L1 expression on immune cells. (D) The differences in the Writer-Score between the three immune phenotypes. (E) The correlations between the Writer-Score and 22 immune checkpoints. (F) The differences in the expression of effector genes between high- and low- Writer-Score groups. (G-I) The proportion of patients responding to ICB in the high- and low- Writer-Score groups in three different immune phenotypes. (J-L) Survival analysis of high- and low- Writer-Score groups in three different immune phenotypes. ICB, Immune checkpoint blockade.

Supplementary Figure 13 | Pan-cancer analyses of the Writer-Score. (A) The prognostic analyses of the Writer-Score across cancers using a univariate Cox regression model. (B-D) The correlations between the Writer-Score and TMB, TIS and MSI across cancers. (E-H) The correlations between the Writer-Score and four immune checkpoints, PD-1, PD-L1, LAG-3 and CTLA-4. (*P < 0.05; **P < 0.01; ***P < 0.001).

Supplementary Figure 14 | Correlations between the Writer-Score and 22 immune checkpoints in four immunotherapy datasets. (A) Gide2019 dataset. (B) GSE135222 dataset. (C) GSE78220 dataset. (D) GSE100797 dataset.

Supplementary Figure 15 | Correlations between the Writer-Score and 22 immune checkpoints in four immunotherapy datasets. (A) Nathanson2017_Post dataset. (B) Nathanson2017_ Pre dataset. (C) Riaz2017_Naive dataset. (D) Riaz2017_ Prog.

Supplementary Table 1 | A-P: (A) Datasets included in this study; (B) Basic information of TCGA-BLCA dataset; (C) Basic information of clinical sample dataset; (D) Basic information of E-MTAB-4321 dataset; (E) Basic information of GSE32894 dataset; (F) Basic information of GSE48075 dataset; (G) Basic information of IMvigor210 dataset; (H) Basic information of TCGA Pan-Cancer dataset; (I) Basic information of GSE78220 dataset; (J) Basic information of GSE135222 dataset; (K) Basic information of Nathanson2017 pre dataset; (L) Basic information of Nathanson2017 post dataset; (M) Basic information of Gide2019 dataset; (N) Basic information of GSE100797 dataset; (O) Basic information of Riaz2017_Naive dataset; (P) Basic information of Riaz2017_Prog dataset. TCGA, The Cancer Genome Atlas; BLCA, bladder cancer.

Supplementary Table 2 | A-L: (A) The classification of 25 RNA modification writers; (B) The seven classical molecular subtypes in TCGA-BLCA dataset; (C) Detailed information of classical molecular subtype-specific signatures; (D) 122 immunomodulators; (E) The effector genes of tumor associated immune cells; (F) The cancer-immunity cycle activity; (G) The stromal signatures; (H) The pan-cancer T cell inflamed score of TCGA BLCA patients; (I) 22 Immune checkpoints; (J) Infiltration level of TIICs in pan-cancer using the following algorithms: Cibersort-ABS, Cibersort, MCP-counter, TIMER, quanTIseq, TIP and xCell; (K) Detailed information of immunotherapy predicted signatures; (L) A set of therapeutic signatures, such as chemotherapies targeting immune-inhibited oncogenic pathways, EGFR targeted therapies and radiotherapies. TCGA, The Cancer Genome Atlas; BLCA, bladder cancer.

Supplementary Table 3 | GSVA enrichment analysis showing the activation states of biological pathways in distinct RNA modification patterns. GSVA, Gene set variation analysis.

Supplementary Table 4 | A-H: (A) 1525 RNA modification-related DEGs between clusterA and cluster; (B) GO analysis of 1525 RNA modification-related DEGs; (C) KEGG analysis of 1525 RNA modification-related DEGs; (D) 355 DEGs with significant prognostic value; (E) The coefficients of genes in the Writer-Score scoring system; (F) The differences in hallmark pathways between high- and low- Writer-Score groups; (G) The differences in oncogenic pathways between high- and low- Writer-Score groups; (H) The differences in KEGG pathways between high- and low- Writer-Score groups. DEGs, differentially expressed genes; GO, Gene Ontology; KEGG, Kyoto Encyclopedia of Genes and Genomes.

Supplementary Table 5 | A-H: (A) The Writer-Score accurately predicted molecular subtypes in TCGA-BLCA dataset; (B) The Writer-Score accurately predicted several therapeutic strategies in TCGA-BLCA dataset; (C) The Writer-Score accurately predicted molecular subtypes in meta-GEO dataset; (D) The Writer-Score accurately predicted several therapeutic strategies in meta-GEO dataset; (E) The Writer-Score accurately predicted molecular subtypes in E-MTAB-4321 dataset; (F) The Writer-Score accurately predicted several therapeutic strategies in E-MTAB-4321 dataset; (G) The Writer-Score accurately predicted molecular subtypes in clinical sample dataset; (H) The Writer-Score accurately predicted several therapeutic strategies in in clinical sample dataset. TCGA, The Cancer Genome Atlas; BLCA, bladder cancer; GEO, Gene Expression Omnibus.

Supplementary Table 6 | A-B: (A) A majority of immunomodulators were overexpressed in Cluster A compared with ClusterB in TCGA-BLCA dataset; (B) A majority of effector genes of several anticancer TIICs were overexpressed in Cluster A compared with ClusterB in TCGA-BLCA dataset. TCGA, The Cancer Genome Atlas; BLCA, bladder cancer.

Supplementary Table 7 | A-B: (A) The majority of the steps in the cancer immunity cycle were activated in Cluster A compared ClusterB; (B) The majority of the steps in the inhibitory immune checkpoints were activated in Cluster A compared ClusterB.

Supplementary Table 8 | A-B: (A) Writer-Score negatively correlated with most of anticancer TIICs in TCGA-BLCA dataset; (B) Writer-Score negatively correlated with some anticancer TIICs in clinical sample dataset. TCGA, The Cancer Genome Atlas; BLCA, bladder cancer.

Supplementary Table 9 | A-D: (A) A majority of immunomodulators were overexpressed in low writer-score group compared with high writer-score group in GEO meta- dataset; (B) A majority of effector genes of several anticancer TIICs were overexpressed in low writer-score group compared with high writer-score group in GEO meta- dataset; (C) A majority of immunomodulators were overexpressed in low writer-score group compared with high writer-score group in E-MTAB-4321 dataset; (D) A majority of effector genes of several anticancer TIICs were overexpressed in low writer-score group compared with high writer-score group in E-MTAB-4321 dataset. GEO, Gene Expression Omnibus; TIICs, tumor-infiltrating immune cells.

Supplementary Table 10 | A-B: (A) Multivariable Cox analysis revealed that the RNA modification pattern was an independent prognostic factor for BLCA; (B) The prognostic analyses of the Writer-Score across cancers using a univariate Cox regression model. BLCA, bladder cancer.
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Introduction

Immunogenic cell death (ICD) is a form of regulated cell death that activates an adaptive immune response in an immunocompetent host and is particularly sensitive to antigens from tumor cells. Kidney clear cell carcinoma (KIRC) is an immunogenic tumor with extensive tumor heterogeneity. However, no reliable predictive biomarkers have been identified to reflect the immune microenvironment and therapeutic response of KIRC.





Methods

Therefore, we used the CIBERSORT and ESTIMATE algorithms to define three ICD clusters based on the expression of ICD-related genes in 661 KIRC patients. Subsequently, we identified three different ICD gene clusters based on the overlap of differentially expressed genes (DEGs) within the ICD clusters. In addition, principal component analysis (PCA) was performed to calculate the ICD scores.





Results

The results showed that patients with reduced ICD scores had a poorer prognosis and reduced transcript levels of immune checkpoint genes regulated with T cell differentiation. Furthermore, the ICD score was negatively correlated with the tumor mutation burden (TMB) value of KICD. patients with higher ICD scores showed clinical benefits and advantages of immunotherapy, indicating that the ICD score is an accurate and valid predictor to assess the effect of immunotherapy.





Discussion

Overall, our study presents a comprehensive KICD immune-related ICD landscape that can provide guidance for current immunotherapy and predict patient prognosis to help physicians make judgments about the patient’s disease and treatment modalities, and can guide current research on immunotherapy strategies for KICD.





Keywords: immunogenic cell death, kidney clear cell carcinoma, immune, prognostic assessment, tumor mutation burden




1 Introduction

ICD is a form of regulated cell death that activates an adaptive immune response in immunocompetent hosts (1, 2). ICD can be caused by a variety of stimuli, including viral infections, chemotherapeutic agents, and radiation therapy, and is particularly sensitive to antigens derived from tumor cells (3). The concept of cancer immunotherapy is to use the immune system to trigger an anti-tumor immune response (4). As a result, ICD is now being used in several preclinical models for anticancer chemotherapy, and clinical evidence suggests that tumor-specific immune responses can help improve the efficacy of conventional chemotherapeutic agents (5, 6).

The incidence of kidney cancer is on the rise globally, especially in the younger population (7, 8). In 2020, there were more than 431,000 new cases of kidney cancer and 179,000 deaths worldwide (9). Kidney clear cell carcinoma (KIRC) is the most common histologic cluster, with extensive tumor heterogeneity (10). KIRC is frequently genetically altered, such as somatic mutations in VHL, PBRM1, SETD2, BAP1, KDM5C, and PI3K-AKT-mTOR pathway genes (11). Although nephrectomy has shown good efficacy in the treatment of localized KIRC, more than 30% of patients experience advanced disease progression and 25% eventually experience disease recurrence (12). As KIRC is considered an immunogenic tumor, many different immunotherapeutic approaches have been tried in the past (13). Despite being strongly infiltrated, immune dysfunction promotes renal tumor growth and evasion. The tumor-induced changes in Dendritic Cells (DC) cell differentiation and the induction of anergy-associated genes in T cells can partially explain the impaired antitumor response (14). In recent years, treatment options for advanced KIRC have changed dramatically with the advent of targeted agents and immune checkpoint inhibitors (PD-1). However, the fact remains that real-life clinical practice still faces the enormous challenge of optimizing individualized treatment strategies. It is well known that biomarkers and predictive models can be used to predict risk stratification and case selection for targeted therapies, immunotherapies and combination therapies (10). However, to date, no reliable predictive biomarkers have been identified to reflect the immune microenvironment and treatment response in KIRC (15). Therefore, a more detailed grouping of KIRCs has important implications for guiding treatment (16).

Therefore, in this study, we first explored the correlation between KIRC and ICD using relevant tools. Then, two computational algorithms, CIBERSORT and ESTIMATE, were used to analyze the expression of ICD-related genes in tumor samples. In addition, we classified KIRC into three clusters based on the differences in the expression of ICD-related genes. Finally, in this study, we identify ICD-related biomarkers in KIRC and develop an ICD scoring mechanism that allows for an overall evaluation of the immune microenvironment and prognosis of KIRC patients, as well as for assessing their response to immunotherapy. In the future, this technology could help physicians make important judgments about patient condition and treatment modalities.




2 Materials and methods



2.1 Data collection and pre-processing

A total of 621 transcriptome data samples of KIRC samples were collected from The Cancer Genome Atlas (TCGA) database and International Cancer Genome Consortium (ICGC) database. Transcripts Per Kilobase per Million mapped reads (TPM) of TCGA-KIRC and ICGC-KIRC was derived from the University of California Santa Cruz (UCSC) Xena browser (https://xenabrowser.net/datapages/). The dataset used R “Combat” algorithm to eliminate the batch effect from the non-biological technical biases of each dataset (16). In addition, samples of clinical information such as age, gender, tumor stage, and survival time were collected, too. Further, the immune cell infiltration and somatic mutation data were also collected.




2.2 Unsupervised clustering analysis of KIRC

We were used to quantifying the infiltration levels for distinct immune cells in KIRC with the R CIBERSORT package (17). The ESTIMATE algorithm was utilized to calculate the expression of CRG for each KIRC sample to classify the CRG pattern and the immune score was also analyzed (18). We executed hierarchical agglomerative clustering of KIRC based on each CRD pattern. “Consensu Cluster Plus” R package was used to determine the number of clusters and stability, which is based on the unsupervised clustering “Pam” method according to Euclidean and Ward’s linkage and 500 times repeats to confirm the clustering stability.




2.3 Identification of DEGs related to the ICD phenotype

KIRC samples were classified into different ICD clusters based on the expression of ICD -related genes. R “limma” package was used to identify the differentially expressed genes (DEGs) among ICD clusters and the cutoff criteria were determined as P< 0.05 (adjusted) and |Log fold-change| > 1 (19). Further, the pathways of the DEGs enriched were constructed by DAVID and reflected by R “clusterProfiler” package. The Gene Ontology (GO) and Kyoto Encyclopedia of Genes and Genomes (KEGG) pathways were analyzed.




2.4 ICD score construction

On the basis of unsupervised clustering of DEGs, the ICD score was computed to quantify the ICD model for each KIRC individual. The KIRC patients were classified into distinct ICD gene clusters based on overlapped DEGs. R Boruta algorithm was further utilized for reducing the dimensionality of the different ICD gene signatures (20) and principal component 1 was extracted as the signature score by employing the principal component analysis (PCA). Finally, we defined the ICD score for each patient by employing the gene expression grade index (21).

	




2.5 Somatic gene mutation in KIRC

The corresponding somatic mutation data of TCGA-KIRC and ICGC-KIRC was derived from the UCSC Xena browser, too. The tumor mutational burden (TMB) of each patient was counted by the total number of non-synonymous mutations in KIRC. To identify the correlation between somatic gene mutation and the ICD score, we grouped KIRC samples into low and high ICD score subgroups by “maftool” package of R software (22). Further, the top 20 driven mutation genes exploded.




2.6 Construction and validation of a predictive nomogram

For expanding the predictive ability of the ICD score, we built a nomogram according to the clinical information of TCGA-KIRC and ICGC-KIRC including, age, gender, and tumor stage. Further, a calibration method was used to verify the nomogram.




2.7 Statistical analysis

R version 4.0.5 was conducted for all statistical analyses. The two groups’ comparisons were carried out using the Wilcoxon test, and the Kruskal-Wallis test was employed for more than 3 groups. Kaplan-Meier (K-M) plot was conducted to generate survival differences with the log-rank test in patients with KIRC. Pearson correlation analysis was used to analyze the correlation coefficient. A P-value less than 0.05 indicates statistical significance. The analysis between ICD score subgroups and somatic mutation frequency was used a chi-square test analyzed the correlation, and the Pearson correlation analysis calculated the correlation coefficient. Two-tailed P< 0.05 was considered statistically significant.




2.8 Cell culture

KIRC cell line SW839 and renal epithelial cell line HEK-293T(RRID : CVCL_0063) were all obtained from American Type Culture Collection (ATCC, Rockville, MD, USA). Cells were cultured in RPMI-1640 containing 10% fetal bovine serum (FBS, Gibco, Carlsbad, CA, USA), 1% penicillin-streptomycin (HyClone, Logan, UT, USA), and then preserved in the atmosphere with 5% carbon dioxide (CO2) at 37°C.




2.9 Cell transfection

Plasmids were commercially purchased from Youze Biological Corporation. As per the manufacturer, cell transfection was performed using Lipofectamine 2000 (Invitrogen, Inc., CA, USA).




2.10 Quantitative real-time PCR analysis

The total RNA was extracted using TRIzol reagent. An equivalent of 1 µg of total RNA was subjected to reversed transcription into cDNA using PrimeScript™ RT reagent Kit (Takara, Kyoto, Japan) and Mir-X™ miRNA qRT-PCR SYBR® Kit (Takara, Kyoto, Japan). The mRNA expression of the target gene was determined by qRT-PCR conducted on the ABI-7900 system with SYBR Green (Takara, Kyoto, Japan). The expression of a target gene was normalized to that of GAPDH.




2.11 Transwell assay

A Transwell chamber (24-well) with Matrigel was applied to determine cell invasion following the manufacturer’s instructions. 200 µl transfected SW839 cells (1×105) were added in the upper chamber with RPMI1640 medium without FBS. 500 µl RPMI-1640 medium containing 10% FBS was added to the lower chamber. Cells were cultured for 24 h at 37 °C with 5% CO2. The cells were fixed with formaldehyde for 15 min and then stained with 0.1% crystal violet for 15 min. The invasive cell number was counted using a Zeiss Microscope (Nikon Corporation, Japan).




2.12 Cell counting kit

Cells were selected in the logarithmic growth phase and seeded in 96-well plates at 2 × 103 cells/well for 0h, 24h, 48h, and 72h. 10μL CCK8 solution (Dojindo, Japan) was added and the plate was incubated at 37°C for 2h in the dark. The absorbance was detected at 450 nm using a microplate reader (Thermo Fisher Scientific).




2.13 Wound healing assay

Cells were plated in 6-well plates and scratched vertical wounds with 10 μl tips after completely adherent. Cells were cultured in serum-free RPMI-1640 and photographed at 0h and 48h.





3 Results



3.1 ICD-related gene mutations associated with kidney cancer

First, the expression of ICD-related genes was compared in renal clear cell carcinoma tissues and normal tissues, and it was found that the expression of most ICD-related genes in renal clear cell carcinoma was significantly different from normal tissues (Figure 1A). Since the direct cause of the difference in expression is copy number variation and associated gene mutations, the copy number and mutations of ICD-related genes in the overall population were further investigated. ICD-related genes were localized in the chromosomes of the overall population (Figure 1B) and the associated copy mutation patterns were clarified (Figure 1C), where deletions of genes including MYD88, IFNGR1, and ATG5 were observed to be possibly associated with KIRC. Meanwhile, the specific mutation patterns and base substitution patterns of ICD-related genes in the population were specifically analyzed (Figure 1D), indicating that the high mutation rates of genes such as SP90AA1 and PIK3CA may be associated with KIRC. To further clarify the relationship between mutations in ICD-related genes and KIRC, one-way cox analysis and co-expression analysis of ICD-related genes showed that both the deletion and mutated genes just mentioned are oncogenes and have strong interactions with most other ICD-related genes associated with cancer (Figure 1E). Therefore, it is believed that there is a correlation between the degree of ICD-related gene expression and KIRC.




Figure 1 | ICD-related gene mutations associated with kidney cancer (A) Expression of ICD relative genes in normal and KICD tumor tissues in patients *P< 0.05, **P< 0.01 *** P< 0.001. (B) Chromosomal localization of ICD-related genes in the overall population. (C) Gain and Loss of ICD-associated genes in the overall population. (D) Specific mutation patterns and base substitution patterns of ICD-related genes in human populations. (E) Single-factor cox analysis and co-expression analysis of ICD-related genes. ns, no significance.






3.2 Differential ICD gene expression in KIRC

First, we used the ESTIMATE algorithm to quantify the expression levels of ICD-related genes in KIRC tumor tissues. Based on 621 tumor samples with ICD features (array expression database: TCGA & ICGC; The Cancer Genome Atlas TCGA-KIRC and ICGC-KIRC), unsupervised clustering using ConsesusClusterPlus with R software was used to classify KIDC patients into different clusters. We identified three independent ICD clusters with significant survival differences (log-rank test, p = 0.018; Figures S1, 2A). To verify the validity of the grouping, the three clusters were tested separately for survival, and the survival of clusters A and B was significantly better than that of cluster C (Figure 2B). Then, the three clusters were subjected to 3D compositional clustering analysis, and it was observed that although the correlation of ICD-related genes was higher, the clustering analysis of different clusters indicated that the genes within the group were more closely related and correlated (Figure 2C), which also indicated the existence of some scientific validity and reasonableness of the grouping. Next, different clusters of tumors were counted for immune cell infiltration, and although the overall trends were similar across subgroups, there were significant within-group differences in the majority of types of immune infiltrating cells, including myeloid-derived suppressor cells (MDSCs), CD8+ T cells, and monocytes (Figure 2D), suggesting that the grouping by this D, suggesting that the classification of KIDC into 3 clusters by this grouping has its own biological significance. To further understand the biological significance corresponding to these three clusters and their differences, the three clusters were grouped in two and their related pathways were analyzed and compared (Figures 2E–G). The comparison revealed that the differences were more obvious in the comparison of clusters A and C; clusters A and B showed differences in pathway enrichment despite similar survival curve trends; while clusters B and C, in contrast to A and B, had large differences in survival analysis while similar or identical possibilities existed in the pathways. Therefore, although these three clusters may have their corresponding biological significance, there are still problems such as similar pathways and insignificant differences in survival curves. Therefore, we believe that these three clusters can be further analyzed for further treatment.




Figure 2 | Differential ICD gene expression in KIRC (A) Unsupervised clustering of ICD-related genes in two independent KIRC cohorts. Rows represent ICD-related genes, and KIRC columns represent samples. (B) Kaplan-Meier curves for overall survival (OS) of all KIRC patients with ICD cluster classes. Log rank test showed an overall p< 0.001. (C) Three- dimensional diagram of principal component analysis (PCA) of ICD clusters. (D) The difference in the infiltration of 23 immune cells, immune score, and stromal score in three distinct ICD clusters. *P< 0.05, **P< 0.01 ***P< 0.001. (E-G) The pathways enriched by three ICD clusters using KEGG pathway enrichment analysis and identified by the “GSVA” R package. ns, no significance.






3.3 Reconstruction of tumor clusters

To further optimize the typing of tumor clusters and reduce noise and redundancy, we re-screened all ICD-related genes and selected 661 genes that were significantly different in all three clusters A, B and C for more accurate analysis. We extracted 661 ICD-related genes and then performed GO and KEGG analysis(Figure 3A). GO analysis showed that the red module was highly enriched in the biosynthesis of multiple viral infections and proteins(Figure 3B). Additionally, signaling pathway analysis suggested that the ICD-related genes were enriched in exogenous antigen, peptide antigen, and other antigen processing and presentation, RNA shearing and splicing, cell-matrix attachment, and other physiological aspects related to tumor antigen immunity (Figure 3C). After confirming that these 661 ICDs were associated with tumor immunity and other physiological activities, we subjected these 661 genes to further analysis. The 661 ICD-related gene expressions were downscaled using the Boruta algorithm, and the samples were reclassified into two groups according to these 661 gene expressions, and the heat map was drawn in this way (Figure 3D). Then, the two gene clusters were clustered using 3D cluster analysis, and it was found that the two gene clusters differed in clustering (Figure 3E). In addition, to explore the prognostic significance of the clusters, we integrated the ICD gene clusters with survival information, and the survival of group A was significantly better than that of group B (Figure 3F).




Figure 3 | Reconstruction of tumor clusters (A) Venn diagram illustrating the number of DEGs among the three ICD clusters. (B, C) Gene Ontology (GO) and KEGG enrichment analysis of the ICD-relevant signature genes. The size of the dot represents gene count, and the color of the dot represents (p. adjust-value); (D) Unsupervised clustering of common DEGs among three ICD cluster groups to classify patients into three groups: gene clusters (A–C, E) Two- dimensional diagram of principal component analysis (PCA) of gene clusters. (F) Kaplan-Meier curves for overall survival (OS) of all KIRC patients with gene clusters. Log rank test showed an overall p =0.002.






3.4 Construction of the ICD score

To obtain quantitative indicators of ICD status in KIRC patients, we used the principal-component analysis (PCA) to calculate specific scores for two groups: (1) ICD score A from ICD trait gene A, and (2) ICD score B from ICD trait gene B.We obtained the ICD score for each group by summing the score A and score B for each sample, and considered this score as the sum of individual scores. Finally, we defined the obtained score as the prognostic characteristics score of the ICD score. All patients were divided into two groups with high or low ICD scores by using the best cut-off values obtained with the “maftool” package of R software. The distribution of patients in the three gene clusters is shown in Figure 4A. To further ensure the reliability of the ICD scores, the two groups with high and low ICD scores were analyzed for survival (Figure 4B) and regression (Figure 4C), and it was clear that there was a significant survival difference(p<0.001). The gene set enrichment analysis (GSEA) test (Figure 4D) revealed that active pathways in the low ICD score group were associated with pro-tumor growth and positive regulation of mitosis, which positively explains the poor prognosis and regression of patients with low ICD scores. Also, in the high ICD score group, active reactive oxygen species metabolism and DNA repair pathways also represent better cellular activity and repair function, which implies a relatively high anti-tumor capacity of the organism. In addition, we generated correlation coefficient heat maps to visualize the prevailing landscape of immune cell interactions in ICD (Figure 4E). To further demonstrate the physiological significance of the scores, we performed expression analysis of 13 immune checkpoint-associated genes widely reported in the literature and found that although the expression trends of immune checkpoint-associated genes were the same across scores, there were still expression differences in eight genes, the vast majority of which were associated with regulation of T-cell differentiation (Figure 4F). Next, we substituted the scores into the three and two gene clusters in the previous section and observed statistically significant differences when the scores were substituted into the above gene clusters (Figure 4G), suggesting that the use of scores to represent patient conditions allows for a more detailed and specific evaluation of patient conditions than the use of genotyping alone.




Figure 4 | Construction of the ICD score (A) Sankey diagram shows the correlation between ICD cluster,gene cluster, ICD score, and status of KIRC patients. (B) Kaplan-Meier curve was used to predict the prognosis of the ICD score (log-rank test P< 0.001). (C) The regression of KICD patients with high ICD scores compared with KICD patients with low ICD scores (log-rank test (B) P=2.5*10-13). (D) KICD patients in the low and high ICD score subgroups. (E) Correlation of the ICD score with immune cellular. (F) The expression of immune-checkpoint genes and immune-activity genes in patients in the high and low ICD score subgroups. *P< 0.05, **P<0.01, ***P< 0.001. (G) ICD score distribution in gene cluster (G). ns, no significance.






3.5 Tumor mutational load correlates with ICD scores

There is substantial evidence that CD8+ T cells infiltrating tumor tissue can recognize and eliminate tumor cells with high mutational load (nonsynonymous variants). This means that tumor-loading mutations (TMBs) may determine an individual’s response to cancer immunotherapy. Studies have shown that increased TMB is associated with improved response to PD-1 blockade and prolonged progression-free survival. Considering the clinical importance of TMB, to further understand it, we performed survival analysis and regression statistics for patients with different TMB (Figures 5A, B), and the results showed that TMB may be associated with patient prognosis. We sought to explore the intrinsic correlation between TMB and ICD scores by fitting the two and demonstrating a negative correlation (Spearman’s coefficient: R = -0.16, p = 0.0028; Figure 5C) Considering the prognostic value of the TMB and ICD scores, we next evaluated the synergistic effect of these scores in the prognostic stratification of KIRC. Stratified survival analysis showed that TMB status did not interfere with predictions based on ICD scores and that ICD score clusters showed significant survival differences in the high and low TMB subgroups (log-rank test, high TMB and high ICD scores (HH) versus high TMB and low ICD scores (HL), p< 0.001; Figure 5D) Through the analysis, we learned that the higher the tumor mutational load, the lower the ICD score, and the worse the prognosis of tumor patients, which is consistent with the previous description. Overall, these findings suggest that ICD scores may serve as a potential predictor independent of TMB and a valid measure of response to immunotherapy, and also suggest the value of ICD for further analysis.




Figure 5 | Tumor mutational load correlates with ICD scores. (A) Kaplan-Meier curve for low and high TMB subgroups in the ICD score cohort (log-rank test P<0.001). (B) Patients with high ICD score had high TMB value (P = 0.00011). (C) positive correlation was observed between ICD score and TMB (R = -0.16; P = 0.0028). (D) Kaplan-Meier curve for different subgroups (log-rank test P<0.001). (E, F) Oncoprint visualization of the top ten most frequently mutated genes in ICD-low cluster (E), and ICD-high cluster (F).



In addition, we evaluated the distribution of somatic variants in KIRC driver genes between low and high ICD subgroups. The top 20 driver genes with the highest frequency of alteration were further analyzed, while their mutation patterns were shown (Figure 5D). Analysis of mutation annotation files from both databases revealed significant differences in the frequency of alterations between low and high ICD score groups for PBRM1, TTN, SETD2, BAP1, MTOR, KDM5C, MUC16, HMCN1, ATM, LRP2, SPEN, ARID1A, ANK3, PTEN, FLG and KMT2C (Figure 5E). Overall, patients with higher ICD scores had fewer overall tumor mutations, while the opposite was true for patients with lower ICD scores. These results may provide new ideas for studying the mechanisms of tumor ICD composition and gene mutations in immune checkpoint blockade therapy.




3.6 Significance of ICD score for patient prognosis and immunotherapy

The analysis above has clarified the existence of ICD scores for both their prognostic as well as immunotherapeutic implications. Therefore, to further relate to clinical practice, we used ICD score analysis including patients’ gender, age and their tumor staging, stage, metastasis and other clinical judgment indicators to understand the accuracy of ICD score in determining patients’ prognosis. By analysis we obtained that ICD scores were associated with age, gender, N fraction, and M fraction in patients with KIRC tumors (p<0.05; Figures 6A–F). In a subsequent analysis, we examined the utility of ICD scores in inferring patient treatment. For this purpose, the analysis was performed in the TCGA-ICGC cohort for patients receiving PD-L1 and CLTA4 immunotherapy in high versus low ICD scores. Notably, the objective remission rate (objective response) of anti-PD-L1 therapy was higher in the high ICD score group than in the low ICD group (p = 0.01; Figure 6H). And, the objective remission rate of anti-CLTA4 treatment was higher in the high ICD score group than in the low ICD group (p<0.005; Figure 6I). In addition, the same was observed in patients receiving both PD-L1 and CLTA4 immunotherapy (p<0.005; Figure 6J). Therefore, the ICD score can be used to determine the prognosis of immunotherapy in either patients receiving PD-L1 or CLTA4 immunotherapy alone or in patients receiving both PD-L1 and CLTA4 immunotherapy. Overall, these data suggest that ICD scores may correlate with response to immunotherapy. In addition, the ICD score remains a guide to prognosis for patients who do not receive both immunotherapies (p<0.005; Figure 6G).




Figure 6 | Significance of ICD score for patient prognosis and immunotherapy (A) The correlation between the T stage and ICD scores (Wilcoxon test, P = 3.7*10-10). (B) The association between the N stage and ICD scores (Wilcoxon test, P = 0.00061). (C) The association between the M stage and ICD scores (Wilcoxon test, P = 9.3*10-8). (D) The association between the grade and ICD scores (Wilcoxon test, P = 3.4*10-14). (E) The association between the M stage and ICD scores (Wilcoxon test, P = 0.033). (F) laterality parameters have no significant correlation with the ICI score. (G) Patients with a low ICI score have a better immune response to the IPS-CTLA4-neg-PD1-neg immunotherapy (log-rank test P = 0.0068). (H) Patients with a low ICI score have a better immune response to the IPS-CTLA4-neg-PD1-pos immunotherapy (log-rank test P = 0.001). (I) Patients with a low ICI score have a better immune response to the IPS-CTLA4-pos-PD1-neg immunotherapy (log-rank test P = 9.1*10-7). (J) Patients with a low ICI score have a better immune response to the IPS-CTLA4-pos-PD1-pos immunotherapy (log-rank test P = 0.00013).



A nomogram based on clinical features was constructed using the “rms” R package to determine the prognostic value of the ICD score. Each parameter (ICD score, age, stage, and M stage) was assigned a point, and the total points were computed. Based on the total score, 1-, 3- and 5-year BCR- free survival rates were predicted (Figure 7A). The calibration plot validated that the nomograms couldpredict the prognosis of patients based on IC scores (Figures 7B–D).




Figure 7 | Construction of nomogram for ICD sroce. (A) The nomogram was based on ICD score, age, M stage, and T stage to predict the prognosis of 1, 3, and 5 years. (B–D) The 1-year (B), 3-year (C), and 5-year (D) calibration curves of the nomogram.






3.7 RNF38 has an oncogenic effect in KIRC

We selected RNF38, a gene with significant differences among the three groups, to validate the rationality of the scoring system. The expression level of RNF38 in tumor samples was significantly lower than that in normal tissue (Figure 8A). In addition, the expression of RNF38 decreased with the progression of the tumor stage (Figures 8B–D). By qPCR technique, we found lower expression of RNF38 in SW839 cells compared to HEK-293T cells (Figure 8E). We overexpressed RNF38 in SW839 cells and found that the proliferation (Figure 8F), invasion abilities (Figures 8G, I), and migration (Figures 8H, J) of the transfected cells were reduced. At the same time, knocking down RNF38 results in an increase in the above capabilities (Figures 8F–J). The above results corroborate the rationality of the grouping.




Figure 8 | RNF38 has an oncogenic effect in KIRC (A) Expression of RNF38 in KIRC based on Sample types. **P<0.01. (B) Expression of RNF38 in KIRC based on individual cancer stages. **P< 0.01. (C) Expression of RNF38 in KIRC based on nodal metastasis status. **P< 0.01. (D) Expression of RNF38 in KIRC based on tumor grade. **P< 0.01. (E) Difference of RNF38 expression between 293T and SW839. **P< 0.01. (F) Comparison of the proliferation ability of normal SW839 cells, SW839 cells knocking down RNF38 and SW839 cells overexpressing RNF38. (G, I) Comparison of the invasive ability of normal SW839 cells, SW839 cells knocking down RNF38 and SW839 cells overexpressing RNF38.**P< 0.01. (H, J) Comparison of the migration ability of normal SW839 cells, SW839 cells knocking down RNF38 and SW839 cells overexpressing RNF38. **P< 0.01, ***p<0.001.







4 Discussion

Early clinical trials of immunotherapy have demonstrated its efficacy in treating low-risk and intermediate-risk KIRC and in extending progression-free survival in patients. However, an important limitation of immunotherapy is that only a small number of patients benefit from it. The KIRC guidelines for immunotherapy published by the Society for Immunotherapy of Cancer also emphasize that patients suitable for immunotherapy and their appropriate drug classes should be identified as early as possible (23). In this study, we established a method to quantify ICD associated gene mutations within tumors in KIRC. Our findings suggest that the ICD score is a valid prognostic biomarker and predictive indicator for assessing response to immunotherapy. There is growing evidence that immune prototype cell death within the KIRC affects immune cells and promotes tumor immunosuppression, leading to associated tumor survival and progression. In this study, we analyzed 621 KIRC samples for ICD-related genes, classified KIRC into three different clusters, and analyzed the scores found to correlate with patient prognosis. This emphasizes that preexisting immune responses have antitumor effects and positively influence the response to immunotherapy. Several seminal clinical and genomic studies have reported that KIRC is one of the tumor types that are highly infiltrated with immune cells. However, only some patients with KIRC respond to immunotherapy compared to patients with other tumor types with lower immune infiltration. This suggests that even the immune phenotype in the tumor does not absolutely predict response to immunotherapy. Thus, genetic analysis of KIRC has identified a series of mutations in ICD-related genes whose mutational status directly affects the expression of these genes, and changes in the expression of the genes involved may disrupt intercellular communication between infiltrating immune cells, thus shifting the balance between immune tolerance and sensitivity.

In the current study, we hypothesized that the combined characterization of ICD profiles and immune-related gene expression patterns would be a novel approach to develop patient-specific therapeutic strategies. We focused on ICD immune prototype-related genes of practical significance that can modulate the immune system, so we screened all ICD immune prototype-related genes into new ICD gene clusters to obtain immune-related genes. anti-tumor immune responses in ICD gene cluster A are associated with a good prognosis, and we hypothesized that patients in ICD gene cluster A might benefit from immunotherapy from immunotherapy. The results of our analysis are consistent with previous studies and suggest that the gene clusters in the current study may lead to the development of more precise immunotherapies.

Considering the individual heterogeneity of the immune environment, there is an urgent need to quantify the ICD patterns of individual tumors. Individual models based on tumor cluster-specific biomarkers have been well used in breast and colorectal cancers to improve prognosis (24–26). In the current study, with the help of Boruta algorithm, we built an individual-based model to improve outcome prediction. In the current study, with the help of the Boruta algorithm, we obtained potential “cluster biomarkers” and established an ICD score to quantify the ICD pattern. Through GSEA, we identified relevant physiological phenomena involved in immunosuppression, such as regulation of exogenous antigen, peptide antigen, and other antigen processing and presentation, RNA shearing and splicing, and cell-matrix attachment, and these genes were clearly enriched in the low ICD score group. Recently, preclinical reports have identified the relationship between gene mutations and response or tolerance the relationship between gene mutations and response or tolerance to immunotherapy (27, 28). The combined ICD scores at the genomic level showed significant differences in variant frequency between multiple genes with high and low ICD scores, and few of these genes were clearly associated with sensitivity or resistance.

By evaluating patients receiving immunotherapy, we found that ICD scores were significantly higher in patients who responded to immunotherapy, which validates its predictive value. Overall, this suggests that immunotherapy may be beneficial for patients with high ICD scores. Considering the activity of the TGF-b signaling pathway in the low ICD score cluster, TGF-b inhibition coupled with immune checkpoint blockade may be beneficial in patients with low ICD scores (29, 30). In addition, previous clinical studies have confirmed that synergistic treatment with TGF-b inhibitors and immune checkpoint inhibitors is more effective than single agent immunotherapy for solid tumors. In addition, there is an ongoing phase 1b/2 clinical trial (ClinicalTrials.gov: NCT02423343) testing the therapeutic efficacy of the combination of TGF-b and nivolumab in advanced solid tumors. Therefore, we consider the ICD score as a way to determine the prognosis of KIRC patients for immunotherapy. However, the results of the current study need to be validated in a larger cohort of KIRC receiving immunotherapy based on clinical trials.

In summary, we have comprehensively analyzed the ICD profile of KIRC to provide a clear picture of the regulation of anti/pro-tumor immune responses in KIRC. In response regulation in KIRC, differences in ICD patterns were found to correlate with tumor heterogeneity and therapeutic complexity. Therefore, this study is of clinical importance for the systematic assessment of tumor ICD patterns. At the same time, it allows the identification of ideal candidates with which to tailor the optimal immunotherapy strategy.
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Supplementary Figure 1 | ICD cluster clustering analysis grouping (A–F) The consensus matrix of all KICD samples for each k (k=2-5), showing the cluster stability for 1000 iterations of hierarchical clustering, for the ICD cluster (A–D). The cluster stability of 1000 iterations of hierarchical clustering, and its Delta area (E), the consensus CDF (F).

Supplementary Figure 2 | Gene cluster clustering analysis grouping (A–F) The consensus matrix of all KICD samples for each k (k=2-5), showing the cluster stability for 1000 iterations of hierarchical clustering, for the gene cluster (A–D). The cluster stability of 1000 iterations of hierarchical clustering, and its Delta area (E), the consensus CDF (F).

Supplementary Figure 3 | Mutations in ICD-related genes (A) Mutation status of the TOP 30 ICD-related genes. (B) Statistics of specific mutation patterns of ICD-related genes. (C) Co-expression of high mutation-expressing ICD-related genes.
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Objective

Whether neutrophil-lymphocyte ratio (NLR) is an applicative predictor of poor prognosis in patients with hepatocellular carcinoma (HCC) remains controversial. In response to the current conflicting data, this meta-analysis was conducted to gain a comprehensive and systematic understanding of prognostic value of NLR in HCC.





Methods

Several English databases, including PubMed, EMBASE, and the Cochrane Library, with an update date of February 25, 2023, were systematically searched. We set the inclusion criteria to include randomized controlled trial (RCT) studies that reported the prognostic value of serum NLR levels in patients with HCC receiving treatment. Both the combined ratio (OR) and the diagnosis ratio (DOR) were used to assess the prognostic performance of NLR. Additionally, we completed the risk of bias assessment by Cochrane Risk of Bias Assessment Tool.





Results

This meta-analysis ultimately included 16 studies with a total of 4654 patients with HCC. The results showed that high baseline NLR was significantly associated with poor prognosis or recurrence of HCC. The sensitivity of 0.67 (95% confidence interval [CI]. 0.59-0.73); specificity of 0.723 (95% CI: 0.64-0.78) and DOR of 5.0 (95% CI: 4.0-7.0) were pooled estimated from patient-based analyses. Subsequently, the combined positive likelihood ratio (PLR) and negative likelihood ratio (NLHR) were calculated with the results of 2.4 (95% CI: 1.9-3.0) and 0.46 (95% CI: 0.39-0.56), respectively. In addition, area under the curve (AUC) of the summary receiver operating characteristic (SROC) reflecting prognostic accuracy was calculated to be 0.75 (95% CI: 0.71-0.78). The results of subgroup analysis suggested that high NLR was an effective predictive factor of poor prognosis in HCC in mainland China as well as in the northern region.





Conclusion

Our findings suggest that high baseline NLR is an excellent predictor of poor prognosis or relapse in patients with HCC, especially those from high-incidence East Asian populations.





Systematic review registration

https://www.crd.york.ac.uk/prospero/#recordDetails, identifier CRD42023440640.
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Introduction

Hepatocellular carcinoma (HCC) is a malignant tumor that seriously endangers human health, and its pathogenesis is still unclear (1, 2). According to global cancer statistics released in 2022, there were about 906,000 new cases of primary liver cancer and 830,000 deaths worldwide, with China accounting for 42.5% of these cases (3). Unfortunately, 70% to 80% of patients with HCC are in the middle to late stage when diagnosed and have lost the chance of surgical operation (4). Although surgical treatment, chemotherapy, local ablation, molecular targeted therapy and other treatments have been significantly improved, the average survival time of patients with HCC is still very short due to insidious symptoms, rapid development and aggressiveness in early stage (5–7). Therefore, there is an urgent need for sensitive prognostic predictors to help guide the development of treatment plans, improve prognosis, and prolong patient survival.

East Asia is a region with a high prevalence of viral hepatitis B and primary liver cancer (5). Most liver cancers occur after cirrhosis triggered by chronic inflammation, and the interaction between inflammation and tumor is particularly pronounced (8, 9). Systemic inflammation not only plays an important role in tumor development, but also helps to determine the prognosis of patients with HCC (10). The tumor microenvironment of HCC consists mainly of cellular components such as hepatocellular carcinoma cells and inflammatory cells, and non-cellular components such as secreted chemokines and inflammatory factors (11). Some studies have reported that tumor-associated neutrophils can accelerate the proliferation and inhibit the apoptosis of hepatocellular carcinoma cells, promote angiogenesis, and further induce the progression of HCC (12, 13). However, their specific regulation and mechanism of action in HCC are unclear (14). Therefore, whether neutrophil-lymphocyte ratio (NLR), a commonly used clinical index of inflammatory response, can be directly used to discriminate the prognosis of patients with HCC remains to be tested.

More recently, there is growing evidence that increased systemic inflammation in a wide range of cancers is associated with poor cancer-specific survival (15). Both elevated levels of both c-reactive protein (CRP) and NLR can be used to detect the presence of a systemic inflammatory response (16, 17). Although high levels of preoperative serum CRP have been reported to be associated with early recurrence of HCC and poorer survival after hepatectomy, in many hospitals CRP levels are not routinely tested and show non-specific changes after treatment (18). In addition, NLR has an advantage over CRP in terms of inflammatory mechanisms (19). Except for HCC, the expression level of NLRs is closely related to tumor progression, metastasis and prognosis. However, inconsistent data have been generated regarding the predictive power of NLRs for disease progression and overall survival (OS) in HCC (20, 21). Therefore, it is necessary to carry out a meta-analysis to provide a systematic and comprehensive understanding of the predictive value of NLR in HCC.

In this study, we aimed to evaluate the predictive value of high NLR in predicting prognosis and recurrence in patients with HCC. In addition, we considered several sub-analyses to determine the differences in predictive outcomes across countries or regions and dimensional divisions.





Materials and methods




Data sources and searches

Several English-language databases were systematically searched, including PubMed, EMBASE and the Cochrane Library, from creation to 25 February 2023. The following search terms were used (Supplementary material 1): (“hepatocellular carcinoma” [Mesh], or “liver cancer” [Mesh], or “hepatoma” [Mesh], or “hepatic carcinoma” [Mesh]), and (“inflammatory markers” [Title/Abstract], OR “neutrophil-to-lymphocyte ratio” [Title/Abstract], OR “neutrophil lymphocyte ratio” [Title/Abstract], OR “neutrophil to lymphocyte ratio” [Title/Abstract]). The summary with full results section was included in the present study. The bibliographies of the retrieved articles were checked manually for additional references. This meta-analysis was conducted based on PRISMA statements (Preferred Reporting Items for Systematic Reviews and Meta-Analyses) (22, 23). This present meta-analysis has been submitted to PROSPERO (ID 440640).





Study selection

All citations are reviewed in order. Search for full text of potentially relevant articles by title or abstract, and two investigators (Chunhua Xu and Shan Lin) independently reviewed to identify eligible studies. Disagreements about eligibility were resolved through discussions with the arbitrator (Fenfang Wu). Studies that explicitly met the following inclusion criteria were considered for inclusion: (1) serum NLR levels were measured prior to formal treatment; (2) participants in human studies were ≥18 years old; (3) sample size was >20; (4) randomized controlled trials (RCTs) are observational; and (5) false positive (FP), sufficient true positive (TP), false negative (FN), as well as true negative (TN) data were provided to calculate the predictive power of NLR in patients with HCC. Studies meeting the following exclusion criteria were excluded. (1) lack of information on the prognostic accuracy of the control or experimental groups; (2) animal or in vitro studies only; (3) presence of duplicate data or insufficient information; and (4) article type of review, poster, commentary, editorial or supplemental question.





Extraction of data

The data of each experiment were collected by Xu Chunhua and Lin Shan respectively. All disagreements or differences among the reviewers were discussed and evaluated by a third-party reviewer (Lailing Du) until a consensus was reached. Pre-specified data for each study included a request to record and recalculate the following variables: first author, country or region, publication year, study design, entry time, sample size (male), median age (years), area under the curve (AUC; 95% confidence interval [CI]), sensitivity, specificity, and baseline NLR cutoff value.





Quality assessment

In this study, we applied the Cochrane Risk of Bias Assessment Tool with 2 independent reviewers (Chunhua Xu and Shan Lin) to assess the quality of the articles (24). The tool includes six domains: allocation concealment, random sequence generation, blinding, incomplete outcome data, outcome reporting options and other bias resources. All six domains were assessed as “risk of bias” and “applicability issues”, and each item was judged as “yes”, “no” or “unclear”.

Additionally, eligible studies were assessed using the Newcastle-Ottawa scale (NOS) (25). Estimates of study quality were based on comparability, selection and exposure by a star system of up to 9 stars. The quality of each trial was defined as 0-3 stars as poor, 4-6 stars as fair and 7-9 stars as good. Finally, the quality assessment of the NOS was based on previous studies with some modifications (26).





Statistical analysis

In this study, we used Stata version 12.0 (StataCorp, College Station, TX, USA) software for all statistical analyses of TN, TP, FP and FN rates for each study, as well as diagnostic odd ratio (DOR) sensitivity, specificity, positive likelihood ratio (PLR), as well as negative likelihood ratios (NLHR) were fully assessed. P-values <0.05 for the Q statistic as well as I2 values >50% for the I2 statistic were all considered to be statistically significant heterogeneity (27). When heterogeneity was high (I2 > 50%), a random effects model was applied (28). Hardy-Weinberg equilibrium (HWE) of each study in the control group was considered statistically significant by Pearson’s χ2 test with p- value <0.05 (29).

In addition, to evaluate the predictive performance of NLR in patients with HCC, we performed pooled receiver characteristics (SROC) curves and pooled sensitivity and specificity forest plots by assessing AUC as a summary metric (30). Then, subgroup analyses were also carried out on a geographic or regional basis. Finally, we detected possible publication bias using Begg’s and Egger’s tests, and considered statistically significant with a p-value < 0.05 (31, 32).






Results




Literature search

Initially, a search of an electronic database yielded 698 potentially relevant papers, but after culling the duplicates, 315 papers were eliminated. From the title and abstract, 112 studies were obviously irrelevant and were therefore excluded. After the remaining 271 papers were reviewed, 185 papers were rejected and 70 papers were rejected. In the end, 16 papers were selected. Through 16 literatures, including 4654 cases, the role of NLR in the prognosis of HCC was evaluated by using the Meta method. Figure 1 details the step-by-step screening procedure for the included trials.




Figure 1 | The process of selecting studies for inclusion in this meta-analysis.







The characteristics and quality of the included studies

All 16 papers are written in English. To assess the quality of the included trials, basic data were extracted, as shown in Table 1. Of the 16 trials, 15 were in East Asia and the remaining 1 was in West Africa (43), including 11 in mainland China (34, 37, 39–41, 44, 46–50), 1 in South Korea (38), 2 in Taiwan (33, 51), and 1 in Japan (36). All studies are from single-center clinical trials between 2012 and 2022. All the 16 observational studies included 4654 HCC patients, including 3986 in mainland China, 213 in Korea, 40 in Japan, 311 in Taiwan, and 104 in mainland China. Table 2 summarizes the predictive power of NLR in the prognosis of patients with HCC. The AUC is between 0.602 and 0.855, and the threshold is between 1.505 and 3.290. In addition, sensitivities and specificities were calculated or given for the included tests in the ranges 0.301 to 0.840 and 0.440 to 0.887, respectively.


Table 1 | Main characteristics of the enrolled studies.




Table 2 | The predictive value of NLR for poor prognosis of hepatocellular carcinoma.







Assessment of methodological quality and publication bias

In this study, all trials had detailed inclusion criteria and excluded patients. Second, the quality of each included study (all with a Cochrane score of 10 or above) was assessed using the Cochrane risk of bias tool (Cochrane). In addition, the overall quality of the included studies was average. Figure 2 shows the results of the Cochrane evaluation.




Figure 2 | Quality assessment of included eligible studies by the Cochrane Risk of Bias Assessment Tool.



Moreover, the probability of publication bias was evaluated by Begg’s and Egger’s funnel plot, and the results were shown in Figures 3 and  4, respectively. It was suggested that there appears to be publication bias in the present study. Even though the overall risk of bias seemed low, the results do not appear to be significantly changed by studies that have not yet been published.




Figure 3 | The Begg’s funnel plot for testing publication bias.






Figure 4 | The Egger’s funnel plot for testing publication bias.







NLR for predicting prognosis in patients with HCC

Sixteen data sets were extracted from 16 qualified literatures (Table 2), including AUC, 95% CI, optimal cut-off value of NLR, sensitivity, specificity, and TP, FP, FN, TN, etc. 16 studies examined the predictive value of NLR as a biomarker of prognosis in HCC patients with a total population of 4654. Table 2 summarizes the combined data from these trials. For the evaluation of the efficacy of NLR, it had a pooled sensitivity of 0.68 (95% CI: 0.58-0.77) (Figure 5A), specificity of 0.73 (95% CI: 0.61-0.82) (Figure 5B), and PLR of 2.5 (95% CI: 1.8-3.6), as well as NLHR of 0.43 (95% CI: 0.33-0.57). Subsequently, it had a pooled DOR of 6.347 (95% CI: 5.450-7.391) according to a random effects model.




Figure 5 | Forest plot of sensitivity and specificity of high NLR predicting HCC prognosis. (A) Sensitivity. (B) Specificity.



In addition, forest plot of AUC of high NLR predicting HCC prognosis was carried out and shown in Figure 6. It was suggested that no “shoulder arm” pattern was seen in the SROC space, indicating the absence of a threshold effect. Furthermore, the AUC for the prognostic accuracy of SROC prediction was calculated as 0.76 (95% CI: 0.72-0.80). Moreover, the predictive value of NLR for prognosis of patients with HCC is summarized in Figure 7. Therefore, it is not difficult to conclude from the results that high baseline NLR is significantly associated with poor prognosis of HCC.




Figure 6 | Forest plot of AUC of high NLR predicting HCC prognosis.






Figure 7 | Forest plot of the predictive value of high NLR on the prognosis of HCC patients.







Subgroup analysis

To further understand the differences in the predictive value of high NLR for recurrence and poor prognosis of HCC in populations from different countries (or regions) and in populations with different dimensional gradations, we performed a systematic subgroup analysis, and the results were shown in Table 3. There were significant differences in the prognostic value of NLR in patients with HCC according to the comparison of DOR and AUC. In the subgroup regional analysis, the DOR and AUC of NLRs in mainland China were higher than those in Korea (DOR, 5; AUC, 0.75 vs. DOR, 3; AUC, 0.64), and Côte d’Ivoire (DOR, 5; AUC, 0.75 vs. DOR, 4; AUC, 0.68), but significantly lower than those in Japan (DOR, 5; AUC, 0.75 vs. DOR, 12; AUC, 0.75), suggesting that the prognostic value of high NLR in mainland Chinese patients with HCC for HCC recurrence and poor prognosis value was superior to that of patients with HCC in Korea and Côte d’Ivoire, but inferior to Japan. In the subgroup latitude analysis, the prognostic value of high NLR for HCC recurrence and poor prognosis was better in patients with HCC at high latitudes than in patients with HCC at low latitudes (DOR, 7; AUC, 0.79 vs. DOR, 4; AUC, 0.71). Interestingly, combining the results of the above subgroup analyses, the prognostic predictive value for NLR was quite high in the high latitudes of East Asia, which may be related to the high incidence of HCC in this region.


Table 3 | Subgroup analysis for regions and latitude distribution.



Generally, the optimal cut-off value of NLR was determined by using receiver operating characteristic (ROC) curves. For the subgroup analysis of method of NLR cutoff identification (Table 3), the method of ROC showed DOR and AUC of 5(4–7) and 0.74(0.70-0.78), respectively. For the subgroup analysis of age, the group of median age ≤55 showed similar DOR and AUC to the group of median age >55 (DOR, 5(3–8); AUC, 0.74(0.70-0.78) vs. DOR, 5(4-8); AUC, 0.75(0.71-0.79)). Additionally, for the subgroup analysis of gender, the group of male >200 showed significantly higher DOR and AUC compared with the group of male ≤200 (DOR, 7(4-13); AUC, 0.79(0.75-0.82) vs. DOR, 4(3-5); AUC, 0.70(0.66-0.74)).





Analysis of sensitivity and heterogeneity

Each study included in the meta-analysis was removed each time to investigate the impact of a single data set on the combined OR. The results of the sensitivity analysis demonstrate the robustness of the findings in this study (data not shown).

In addition, possible explanations for heterogeneity were evaluated by meta-regression and subgroup analyses. The factor of high-latitude (I2 = 88.2%, P = 0.000) and mainland China (I2 = 87.8%, P ≤ 0.001) may be the main source of heterogeneity, while the factor of low-latitude (I2 = 18.0%, P = 0.287) may not be a source of heterogeneity in the predictive value of NLR. For subgroup analysis with heterogeneity, the random effects model was used to combine the effect size. For subgroup analyses without heterogeneity, fixed-effect models were used to combine effect sizes.






Discussion

Factors affecting the prognosis of patients with primary HCC include tumor-related factors (such as the volume and load of the tumor) and patient-related factors (52). In addition, the inflammatory response plays an important role in the development of tumorigenesis, not only participating in the proliferation and metastasis of tumor cells, but also promoting the immune escape of tumors and affecting the responsiveness to treatment (53, 54). Here, in this meta-analysis of 16 studies comprising 4654 patients with HCC, the results showed that high baseline NLR was significantly associated with poor prognosis or recurrence of HCC, which suggested that NLR is an excellent predictor of poor prognosis or relapse in patients with HCC. In subgroups stratified by regions and latitude distribution, high NLR had better predictive value for poor prognosis of HCC in mainland China as well as in northern regions.

Systemic inflammatory responses are associated with the recurrence of certain tumors (55). The interaction of different types of immune cells leads to tumor immune escape and subsequently promotes tumor progression (56). Among the systemic inflammatory indicators, NLR and PLR are hot spots in the prognostic studies of various tumors (57). Neutrophils are involved in the progression of cancer in multiple stages and aspects (58). On the one hand, neutrophils directly promote tumor growth by secreting chemokines and cytokines and actively recruiting other tumor-supporting cells (59). On the other hand, tumor-associated neutrophils are involved in mediating the angiogenic switch and promoting tumor angiogenesis (60). At the same time, enzymes that degrade and modify the extracellular matrix are secreted to promote tumor cell invasion (61). In addition, lymphocytes reflect the body’s anti-tumor immunity, and changes in the ratio of the two are associated with an imbalance between the two types of cells, which reflects a disruption of the dynamic balance between the immune state and tumor inflammation (62).

In recent years, some simple indicators of inflammation have been used to predict tumor recurrence and metastasis with good practical value (63). NLR can be used to evaluate systemic inflammatory changes and can reflect the possible balance between preneutrophil neoplastic inflammation and lymphocyte-dependent antitumor immunity (64). Unfortunately, the specific mechanisms underlying the relationship between NLR and tumor recurrence and survival of tumor patients are not well understood, but the results of some basic studies may partially explain the mechanisms (65). One plausible explanation is that elevated neutrophils lead to the production of more inflammatory mediators, which in turn affect the tumor microenvironment and promote tumor recurrence and metastasis (66). Similarly, the role of neutrophils in tumourigenesis is to secrete high levels of vascular endothelial growth factor, IL-1 and IL-6, which in turn promote the production of tumor blood vessels, leading to tumor growth, development and metastasis (67). An increase in NLR indicates a relative increase in neutrophils or a relative decrease in lymphocytes, leading to a shift in the dynamic balance of inflammation towards tumor promotion. As suggested by the results of the present study, an increase in the NLR ratio favors the inflammatory response of the tumor, suggesting a propensity for malignancy to develop, proliferate and metastasize. Conversely, a weakening of the index reflects an increased antitumor function.

Recently, several studies showed that the NLR may be correlated with the prognosis of patients with HCC, but most of them were initially treated by liver transplantation (LT) (21, 45, 68). The findings obtained by Xiao et al. on 3094 patients showed that high NLR was associated with poor overall survival (OS) and disease free survival (DFS) in HCC initially treated by LT (21). Furthermore, Xu et al. conducted a study on 1936 patients and showed that elevated pretransplant NLR may be used as a new prognostic predictor after LT for HCC (68). Additionally, Sun et al. conducted a meta-analysis on 1687 patients and suggested that elevated preoperative NLR is associated with poor prognosis in HCC patients treated with LT (45). In the present study, the scope of the study was not limited to LT, which not only had a larger clinical sample size with 4654 patients, but also reflected the correlation between NLR and HCC prognosis more comprehensively.

Intriguingly, it is worth mentioning that there were other biomarkers not only inflammatory ones, such as APRI and CRP. It is reported that high APRI levels are associated with poor OS and DFS in the patients with HCC, and pretreatment APRI can be used as an independent prognostic factor, but it is necessary to incorporate other predictive prognostic systems to ensure accuracy (69). Furthermore, the significance of CRP has been demonstrated as a predictor of survival in HCC, but the current opinion on the prognostic role of CRP in HCC is still controversial (70). Therefore, even though it has been reported that APRI and CRP might be candidates as prognostic biomarkers in HCC, the clinical value of them in HCC were still inconsistent and debatable for many reasons, such as limited sample sizes. In this present study, an adequate sample size was included to evaluate the predictive value of high NLR in predicting prognosis and recurrence in patients with HCC, which could gain a comprehensive understanding of prognostic value of NLR in HCC.

There are some limitations in this study. First, the included studies were retrospective, and patients had different late treatment regimens, which may have had an impact on patient prognosis. Second, the levels of preoperative neutrophil and lymphocyte counts are susceptible to a variety of factors, such as hepatitis and the degree of cirrhosis. Furthermore, it was shown that there is low level of publication bias. Even though the overall risk of bias may be low, it can be avoided by including more published articles to inflate the sample size in the future. In addition, most of the original studies demonstrated an association between high baseline NLR and poor prognosis of HCC, which may be due to the ease of publication of positive results, ultimately making it difficult to find more controversial studies. Finally, the cutoff value for defining high NLR differed in studies, and it is essential that they be unified before high NLR can be utilized in clinical prognostication for HCC.





Conclusion

A high level of NLR is an excellent prognostic indicator for HCC and can be used to predict early relapse, late relapse and long-term survival of HCC. It can be an effective reference indicator for clinicians to judge the prognosis of patients and adjust the treatment in a timely manner. Even so, larger and better-designed investigations are needed to further fully elucidate the predictive value of NLR for the prognosis of HCC patients.
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Objective

Our study aimed to assess the predictive value of the preoperative neutrophil-to-lymphocyte ratio(NLR) in distinguishing sarcomatoid renal cell carcinoma (SRCC) from clear cell renal cell carcinoma(CCRCC) and to developing a nomogram based on the preoperative NLR and other factors to distinguish SRCC from CCRCC.





Materials and methods

The database involved 280 patients, including 46 SRCC and 234 CCRCC. logistic analysis was conducted to select the variables associated with identifying SRCC preoperatively, and subgroup analysis was used to further validate the ability of NLR with preoperative identification of SRCC.In addition, The data were randomly separated into a training cohort(n=195) and a validation cohort(n=85). And an NLR-based nomogram was plotted based on the logistic analysis results. The nomogram was evaluated according to its discrimination, consistency, and clinical benefits.





Results

Multivariate analysis indicated that NLR, flank pain, tumor size, and total cholesterol(TC) were independent risk factors for identifying SRCC. The results of subgroup analysis showed that higher NLR was associated with a higher probability of SRCC in most subgroups. The area under the curve(AUC) of the training and validation cohorts were 0.801 and 0.738, respectively. The results of the calibration curve show high consistency between predicted and actual results. Decision Curve Analysis(DCA) showed clinical intervention based on the model was beneficial over most of the threshold risk range.





Conclusion

NLR is a potential indicator for preoperative differentiation of SRCC and CCRCC, and the predictive model constructed based on NLR has a good predictive ability. The new model could provide suggestions for the early identification of SRCC.
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Background

Renal cell carcinoma (RCC) is reported to account for about 4% of all human malignancies. About 180,000 people die from RCC worldwide yearly, with more than 400,000 new cases diagnosed in 2018 (1, 2). RCC includes several pathological types, the majority of which, 70% to 80% of cases, are clear cell carcinoma (3, 4). Sarcomatoid renal cell carcinoma(SRCC) refers to RCC that occurs with sarcomatoid differentiation and can occur in all subtypes of RCC (5). SRCC is uncommon, with an average incidence of 5% to 7% (6), but it is highly aggressive, accounting for about 10% to 20% of advanced RCC (7, 8). Compared to CCRCC, SRCC has a poorer prognosis (7). The International Society of Urological Pathology (ISUP) classifies RCC as grade IV when sarcomatoid differentiation occurs (9). The treatment strategy for SRCC is different from that for CCRCC. Shuch et al. reported that there might be no clear survival benefit of cytoreductive nephrectomy in patients with SRCC and recommended that patients with preoperatively determined SRCC receive upfront systemic therapy (10). Crispen et al. recommended lymph node dissection during radical nephrectomy for SRCC (11). Unfortunately, there is currently no reliable method to differentiate between SRCC and CCRCC preoperatively. Previous studies have shown that risk factors such as a large necrotic area (12), a large tumor size (12, 13), and an increased number and volume of neovascularization around tumors (12, 13) are all associated with a preoperative diagnosis of SRCC. However, most studies focused only on imaging features and ignored hematological indicators and clinical factors of patients. Therefore, a new predictive model is needed to identify SRCC preoperatively.

The neutrophil-to-lymphocyte ratio(NLR) as an inflammatory marker represents two responses of the body to cancer. Neutrophils reveal the systemic inflammatory response, and lymphocytes reflect the immune profile of the body. NLR has been frequently used to distinguish between benign and malignant tumors and categorize the tumor aggressiveness level (14–16). However, no previous studies have used NLR as a predictor for preoperative identification of SRCC and CCRCC, and the relationship between them has not been validated.

In this study, we aimed to assess whether NLR is a potential preoperative predictor of SRCC and to develop a predictive model for preoperative differentiation between SRCC and CCRCC by including the patient’s NLR.





Materials and methods




Data collection

From 2013 to 2019, the clinical data from patients treated with radical or partial nephrectomy and were pathologically diagnosed with SRCC or CCRCC were retrospectively analyzed. The following were the inclusion requirements: (1) No history of cancer; (2) No hematologic diseases to avoid interference with hematologic indicators; (3) Complete postoperative pathology results; (4) Complete clinical data; (5) No evidence of extrarenal metastasis. (6) Tumor size>4 cm.





Risk factors

We collected the following clinical information from the patient’s medical charts: age, sex, symptoms (flank pain, haematuria, proteinuria), past medical history(hypertension, diabetes), types of nephrectomy, pathological features, tumor size, and preoperative peripheral blood indicators(white blood cell count, neutrophils count, lymphocyte count, cholesterol, blood urea nitrogen, creatinine, triglycerides). NLR is obtained by calculating(neutrophils count/lymphocyte count). The patient’s past medical history and symptoms were obtained from the admission records. All pathological features were according to the postoperative pathology report. Tumor size depends on the longest tumor diameter. A sample of peripheral blood is obtained within 14 days before surgery.





Statistical analysis

The continuous data were described as mean with standard deviation (SD) and median with range and tested with the Mann-Whitney U test and student t-tests. The categorical data were described as frequencies and tested with the χ2 test. Use ROC curves to determine the cut-off values of continuous variables. Correlation analysis used the Spearman rank correlation coefficient. We used logistic analyses to screen for predictive variables and incorporate those variables that were statistically significant into the predictive model. The participants are assigned into training and validation cohorts in a 7:3 ratio using the createDataPartition function in the “Caret” package in R (version 3.4.0), with no statistically significant changes in any of the characteristics between the two cohorts. The model is presented as a dynamic nomogram, and summing each patient’s score on each predictive factor allows the calculation of the patient’s total score and calculates the patient’s risk of the outcome event. To evaluate the model’s capacity for prediction, we employed calibration curves and receiver operating characteristic (ROC) analysis. The net benefits of clinical interventions based on the model have been evaluated using decision curve analysis (DCA).

Statistical analyses were performed using SPSS software (version 26.0, US), R software (version 3.4.0, US), and GraphPad Prism(9.0). P<0.05 indicates a statistically significant difference.






Results




Patient characteristics

After the screening, 280 patients were enrolled (Table 1), including 234 CCRCC and 46 SRCC. There were 187 males and 93 females. The median age of patients was 57 years (25~85), and the median tumor size was 6cm (4.2~17.5cm). 57 patients (20.4%) had flank pain on admission and 245 patients (87.5%) underwent radical nephrectomy. Median NLR and total cholesterol (TC) were 2.27 (0.65~16.71) and 4.38 (1.03~6.75), respectively. The mean NLR for the SRCC cohort was 3.36 ± 1.85, higher than the 2.43 ± 1.52 for the CCRCC cohort, and we plotted ROC curves based on NLR levels for all patients, which showed an AUC value of 0.704 (Supplementary Figure 1).


Table 1 | Baseline characteristics of 280 RCC patients in this study.







Univariable and multivariable analyses of variables

Univariate analysis suggested that flank pain (P=0.003), tumor size (P=0.001), NLR (P=0.004), TC (P=0.001), T stage (P=0.001), and haematuria (P=0.026) were statistically significant risk factors. Multivariate analysis showed that flank pain (HR: 2.84, 95% CI: 1.30~6.22, P=0.009), tumor size (HR: 1.25, 95% CI: 1.06~1.47, P=0.009), NLR (HR: 1.27. 95% CI: 1.06~1.52, P=0.008) and TC (HR: 0.52, 95% CI: 0.34~0.79, P=0.003) were independent risk factors for predicting SRCC. Haematuria (HR: 1.54, 95% CI: 0.54~4.43, P=0.420) and T stage (HR: 2.20, 95% CI: 1.00~4.83, P=0.051) was not an independent risk factor (Table 2).


Table 2 | Univariate and multivariate logistic analyses for the risk of SRCC.







Relationship between NLR and clinical characteristics

We also investigated the correlation between NLR and the clinical characteristics of RCC patients (Table 3). Cut-off values for continuous variables were determined using ROC curves: Age (60 y); tumor size (5.9 cm); TC (3.7 mmol/l); BUN (5.2mmol/l); Cr (82.5mmol/l); TG (1.1mmol/L). The results showed that NLR level correlated with age (P=0.040), sex (P=0.003), proteinuria (P=0.003), T stage (P=0.001), tumor size (P=0.013), TC (P<0.001), and TG (P<0.001) (Figure 1). We further assessed the correlation between NLR and age, tumor size, TC, and TG using linear correlation analysis. The results showed that NLR did not correlate with age (P=0.08) and TG (P=0.07) and correlated weakly with tumor size (r=0.23) and TC (r=0.24) (Supplementary Figure 2).


Table 3 | Relationship between NLR and clinical characteristics.






Figure 1 | The differences in NLR level in different groups of RCC patients. (A) Age; (B) Sex; (C) Proteinuria; (D) T stage; (E) Size; (F) TC; (G) TG; Abbreviations: NLR, neutrophil-to-lymphocyte ratio; Pro, Proteinuria; nPro, no Proteinuria; TC, total cholesterol; TG, triglycerides; *P<005; ***P<0.001; ****P<0.0001.







Subgroup analysis

We divided NLR into a high NLR group and a low NLR group according to the cut-off value (2.1) of NLR. and performed subgroup analysis (Figure 2). The results showed that in most subgroups, the high NLR group was associated with a higher probability of SRCC.




Figure 2 | Comparison of the difference in risk of SRCC between the high NLR group and low NLR group in different subgroups.







Dynamic nomogram development

The training and validation cohorts had no statistical differences in clinical factors, hematological indicators, or pathological features after random grouping, according to 7:3 (Supplementary Table 1). In the training group, both univariate and multivariate logistic analyses for the four predictors mentioned above were statistically significant (Supplementary Table 2). We incorporated the above four predictors into the predictive model and generated the dynamic nomogram(https://nomogramsrcc.shinyapps.io/DynNomappSrcc/) (Figure 3). In the dynamic nomogram, each predictor value corresponds to a score, and the four scores for each patient are summed to obtain the total score. The risk of SRCC can be estimated by finding the risk rate corresponding to the total score.




Figure 3 | Screenshot of the dynamic nomogram for distinguishing sarcomatoid renal cell carcinoma from clear cell renal cell carcinoma. The figure shows the probability of predicting SRCC with an input NLR of 3, TC of 4, size of 6, and no flank pain. NLR neutrophil-to-lymphocyte ratio, TC total cholesterol.







Nomogram validation

We used ROC, calibration, and DCA curves to assess the discrimination, consistency, and clinical benefit of the model, respectively. The ROC curve results showed an AUC value of 0.801 for the training cohort and 0.738 for the validation cohort (Figures 4A, B). We also compared the AUC values of the nomogram with the AUC values of each predictive factor(Supplementary Table 3). The findings demonstrated that the nomogram’s AUC values were higher than any single predictor’s. The above results suggested that the predictive model had good discrimination. The calibration curve results showed that the curves of the two cohorts had a high overlap with the diagonal line, indicating that the model’s projected probability and the actual probability agreed rather well (Figures 4C, D). The DCA curve results suggested a net clinical benefit for clinical decisions based on the predictive model for most of the threshold probability range in the training and validation cohorts (Figures 4E, F).




Figure 4 | The ability of the model to discriminate SRCC was validated using ROC, calibration, and DCA curves. ROC curves (A), calibration curves (C), and DCA curves (E) of the training cohort. ROC curves (B), calibration curves (D), and DCA curves (F) of the validation cohort. ROC, receiver operating characteristic; AUC, area under the curve; DCA, Decision Curve Analysis.







Stratifying risk based on nomogram

We used ROC curves to determine the cut-off value (74.9) of the predicted score for the training cohort and divided the training and validation cohorts into a high-risk group (≥74.9) and a low-risk group (<74.9) based on this value. The results showed that the number of high-risk and low-risk patients in the training cohort was 94 and 101 (Figure 5A). The number of high-risk and low-risk patients in the validation cohort was 46 and 39 (Figure 5B). The median predicted probabilities for the high-risk and low-risk groups in the training cohort were 22.7% and 5.8%(P<0.0001) (Figure 5C). The median predicted probabilities for the high-risk and low-risk groups in the validation cohort were 23.7% and 4.6%(P<0.0001) (Figure 5D). The number of SRCC patients in the high-risk and low-risk groups in the training cohort was 29 (30.9%) and 4 (4.0%)(P<0.001) (Figure 5E). The number of SRCC patients in the validation cohort in the high-risk and low-risk groups was 11 (23.9%) and 2 (5.1%) (P=0.016) (Figure 5F).




Figure 5 | The number of patients in the high-risk and low-risk groups in the training (A) and validation cohorts (B). Comparison of the probability of predicting SRCC in high-risk and low-risk groups in the training (C) and validation cohorts (D). The proportion of SRCC distribution in high-risk and low-risk groups for the training (E) and validation cohorts (F). ****P<0.0001.



In addition, since SRCC and CCRCC were considered to have different disease progression, we divided patients into two subgroups(T≤II and T≥III) based on T-staging and further validated the predictive ability of the model. The results showed that the number of high-risk and low-risk patients in the T≤II subgroup was 100 and 116 (Figure 6A). The number of high-risk and low-risk patients in the T≥III subgroup was 40 and 24(Figure 6B). The median predicted probabilities for the high-risk and low-risk groups in the T≤II subgroup were 22.9% and 5.8%(P<0.0001) (Figure 6C). The median predicted probabilities for the high-risk and low-risk groups in the T≥III subgroup were 30.4% and 5.4%(P<0.0001) (Figure 6D). The number of SRCC patients in T≤II subgroup in the high-risk and low-risk groups was 21 (21.0%) and 5 (4.3%)(P<0.001) (Figure 6E). The number of SRCC patients in the T≥III subgroup in the high-risk and low-risk groups was 19 (47.5%) and 1 (4.2%)(P<0.001) (Figure 6F).




Figure 6 | The number of patients in the high-risk and low-risk groups in the T≤II (A) and T≥III cohorts (B). Comparison of the probability of predicting SRCC in high-risk and low-risk groups in the T≤II (C) and T≥III cohorts (D). The proportion of SRCC distribution in high-risk and low-risk groups for the T≤II (E) and T≥III cohorts (F). ****P<0.0001.



In conclusion, the results suggest that patients in the high-risk group are more likely to develop SRCC than low-risk group patients.






Discussion

SRCC is the RCC that occurs with sarcomatoid dedifferentiation and can be found in all subtypes (5). SRCC progresses rapidly, with a median survival of 6-13 months (17), and has the worst prognosis of RCC (18). SRCC is treated differently from CCRCC, and preoperative systemic therapy and intraoperative lymph node dissection can improve the prognosis of patients (7, 10, 11). A reliable predictive model is needed to identify SRCC in a timely manner. In this study, we included for the first time preoperative hematological indicators and clinical factors in patients and constructed the first predictive model (including NLR, flank pain, tumor size, and TC) to distinguish preoperatively between SRCC and CCRCC based on patients’ preoperative NLR levels. We also investigated the correlation between NLR level and clinical characteristics of RCC patients.

NLR is an indicator of inflammation closely associated with tumor proliferation, invasion, and metastasis by affecting the tumor microenvironment (19, 20). Neutrophils participate in tumor initiation by producing reactive oxygen species(ROS), reactive nitrogen species (RNS), and proteases (21). Neutrophils recruited to tumor sites mainly promote cancer progression by increasing DNA damage, angiogenesis, and immunosuppression (22). Furthermore, neutrophil extracellular traps (NETs) are a new mechanism of cell death that has been shown to play a role in promoting the formation of tumor-associated thrombus and tumor progression (23). Lymphocytes also play an essential role in tumor immunity. Decreased lymphocytes decrease the immune response to tumor cells and increase the immune escape of tumor cells (5, 24). NLR has been widely used as an indicator for the differentiation of various benign and malignant tumors and for the poor prognosis of tumors (25). Viers et al. found that preoperative NLR values in RCC patients correlated with the pathological type of the tumor (26). Higher preoperative NLR in RCC patients might predict a more malignant histological subtype and larger tumor size. Unfortunately, this study did not include SRCC. Our study shows that higher NLR levels of SRCC compared to CCRCC are an independent risk factor for preoperative diagnosis. Higher NLR creates a worse tumor microenvironment, making the tumor more aggressive. Meng et al. found that the frequency of venous thrombosis and peritumor neovascularization was higher in SRCC compared to CCRCC (8). The possible reason was that at higher NLR levels, there are more inflammatory and immune cells in the tumor tissue, and these cells release more angiogenic factors in the hypoxic microenvironment (27).

We also evaluated the factors that may influence NLR. Using ROC to determine the cut-off values of continuous variables, we found that NLR levels in RCC patients correlated with age (P=0.040), gender(P=0.003), proteinuria(P=0.003), T stage(P=0.001), tumor size(P=0.013), TC(P<0.001), and TG(P<0.001). Further correlation analysis showed that NLR did not correlate with age(P=0.08) and TG(p=0.07) and only a weak correlation with tumor size(r=0.23) and TC(r=0.24). The results of subgroup analysis showed that SRCC was more likely in the high NLR group in all subgroups. The above results support that elevated NLR was a potential predictor for identifying SRCC.

Serum TC is an indicator of the patient’s caloric reserve and can reflect the patient’s nutritional status (28). The active metabolism of malignancy can cause cachexia and hypocholesterolemia (29). TC has been shown to be involved in the progression of RCC (30, 31), and the possible mechanism is the depletion of blood cholesterol by highly active LDL receptor-mediated endocytosis in cancer patients (32). In addition, lower cholesterol reduces monocytes’ antigen-presenting function and the number of circulating lymphocytes (28, 33). A multicenter study that included 3064 patients with RCC showed that preoperative TC levels were significantly lower in patients with SRCC (33). Our study showed that preoperative serum TC was lower in patients with SRCC compared to CCRCC, which may be due to the more aggressive nature of SRCC and faster tumor growth, resulting in a poorer nutritional status of patients. One report has shown that 23% of SRCC patients already had weight loss at the time of first diagnosis (17).

Previous studies have shown that tumor size and flank pain are associated with the diagnosis of SRCC (12, 13, 17). Approximately 90% of patients with SRCC are symptomatic at the time of presentation, with 52.3% presenting with flank pain at the time of first diagnosis. In comparison, more than 50% of all patients with CCRCC are asymptomatic (17, 34). These are consistent with our findings. In our research, patients with SRCC had larger tumor sizes and were more likely to present with flank pain. Compression by a larger tumor may be the main cause of flank pain.

Nomograms are already widely used in many cancers and are often more accurate in their predictive power than traditional methods. This study constructed a predictive model based on NLR, flank pain, tumor size, and TC for the preoperative differentiation between SRCC and CCRCC. As a predictive model incorporating 4 non-invasive indicators, it has a high clinical application in the preoperative diagnosis of SRCC. For example, a patient presented with flank pain and a large renal tumor. Hematological tests suggesting higher NLR and lower TC values indicate that the patient was at higher risk for SRCC. Using our predictive model (https://nomogramsrcc.shinyapps.io/DynNomappSrcc/), we could predict the probability of SRCC more accurately and provide patients with timely treatment recommendations. Notably, in the nomogram, we did not take cut-off values for continuous variables to make them categorical variables. Reaching a consensus on cut-off values for different study populations can be challenging. Using continuous variables can better score patients for risk. The results of the model’s ROC curves, calibration curves, and DCA curves supported the model’s good predictive power and clinical applicability. In addition, the data in our model are easily accessible and allow the timely identification of SRCC patients.

In this study, the included SRCC and CCRCC patients had tumor sizes > 4 cm. This was because when we collected case data from SRCC patients, we found only 2 cases of SRCC patients had sizes ≤ 4 cm. In order to make the predictive model more accurate, this exclusion criterion was eventually established.

This study also includes several limitations. (1) Retrospective studies were biased. We reduced this interference by setting strict exclusion criteria for inclusion. (2) Even though we randomly divided the data into training and control cohorts, the data came from a single center. (3) All patients in the study underwent partial or radical nephrectomy to ensure pathological accuracy and had tumors > 4 cm in size. Inevitably, there is a selection bias.





Conclusion

In summary, this study suggested that NLR was a potential predictor for the preoperative identification of SRCC and CCRCC. The nomogram we constructed, including NLR, flank pain, tumor size, and TC, had excellent predictive ability and can provide clinicians with timely recommendations for identifying SRCC patients.
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Primary urethral carcinoma (PUC) has a low incidence, but with high aggressiveness. Most of the patients are found in late stage, with poor prognosis. At present, chemotherapy is still the main treatment for metastatic PUC, but it has limited effect. Here, we report a case of metastatic PUC with low HER2 expression that developed disease progression after multiline therapy including chemotherapy, programmed death-1 (PD-1) inhibitors and multi-targeted receptor tyrosine kinase (RTK) inhibitor. After receiving Disitamab Vedotin(a novel antibody drug conjugate, ADC) and toripalimab (a PD-1 inhibitor), the patient achieved persistent PR, and the PFS exceeded 12 months up to now. Our report indicates that, despite the patient of metastatic PUC has low expression of HER2, it is still possible to benefit from Disitamab Vedotin combined with PD-1 inhibitor, which may reverse the drug resistance of PD-1 inhibitor and chemotherapy to a certain extent. But larger sample studies are needed to determine the efficacy of this treatment strategy and its impact on survival.
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Introduction

Primary urethral carcinoma (PUC) is a rare malignancy, accounting for less than 1% of all malignancies (1). Primary female urethral cancer is even rarer, accounting for less than 0.02% of all female malignancies (2, 3). According to the European Association of Urological Surgery (EAU) Guidelines for Primary urethral cancer, a PUC is defined as first carcinoma in the urinary tract that originates from the urethra (4). The main pathological types include squamous cell carcinoma, transitional cell carcinoma, adenocarcinoma and other rare pathological types (3, 5, 6). Metastatic PUC has a poor prognosis. The reported 5-year survival rate for female primary urethral cancer ranged from 32% to 54% (7–9). Due to the low incidence of PUCs, no statistics on survival of metastatic PUCs are available. Metastatic PUC lacks optimal treatment strategies based on current study data, chemotherapy is the main treatment, and multi-mode therapy is recommended (10, 11). The efficacy of various therapeutic strategies, including immunotherapy and targeted therapy, has only been reported in a few individual cases. New effective therapeutic drugs and strategies need to be further explored. Disitamab Vedotin is a novel antibody drug conjugate (ADC) independently developed in China. It has been approved for use in patients with locally advanced or metastatic uroepithelial carcinoma who have received platinum-containing chemotherapy in the past and have overexpression of HER2 (HER2 immunohistochemical results are 2+ or 3+) (12).

In this article, we report the efficacy of Disitamab Vedotin in combination with toripalimab (anti-PD-1 antibody) in metastatic primary female urethral cancer with disease progression after multiline therapy. The patient had low expression of HER2 and received chemotherapy, anti-PD-1 monoclonal antibody and targeted therapy, but disease progression occurred after these treatments. The treatment regimen of Disitamab Vedotin combined with toripalimab enabled the patient to obtain persistent PR. So far, the patient has not experienced disease progression, and the PFS has exceeded 12 months.





Case report

A 54-year-old female was admitted with intermittent urethral bleeding and urinary tract ultrasonography revealed urethral tumor. Puncture biopsy for urethral tumor was performed. And pathology examination revealed malignant tumor of urethra (poorly differentiated carcinoma) supported by immunohistochemical staining as follows: CK7 (+), GATA-3 (+), CK5/6 (+), P63 (-), CK20 (-), DX-2 (-), ER (-), PR (-), Uroplakint2 (-), Uroplakin-3 (-), HPV (-) (Figure 1). Due to the low differentiation of tumors, it is difficult to further determine the direction of differentiation. The patient underwent radical urethrotomy (R1 resection). Intraoperative findings: new organisms were found in the outer orifice of the urethra, the anterior wall of the vagina was stiff, the tumor invaded the bulbocavernosum muscle, the posterior urethra and part of the anterior wall of the vagina, and no tumors were found in the walls of the bladder and trigone. After surgery, the patient received 7 cycles of adjuvant chemotherapy with GP regimen (gemcitabine 1000mg/m2 day1,8 q3w and cisplatin 75mg/m2 day1 q3w) and VMAT technology radiotherapy (60Gy/30f) for the urethral stump tumor bed.




Figure 1 | Immunohistochemical staining of primary tumor: urethral carcinoma. (A) Hematoxylin-eosin staining of urethral carcinoma. Tumor cells were positive for CK5/6 (B), CK7 (C) and GATA-3 (D) and negative for CK20 (E), P63 (F), Uroplakint-2 (G) and Uroplakint-3 (H).



Bilateral inguinal lymph node metastases were observed 5 months after completion of adjuvant treatment. The patient underwent bilateral inguinal lymph node dissection. A total of five lymph nodes showed cancer metastasis, and the immunohistochemical results were as follows: MLH1 (+), MSH2 (+), MSH6 (+), PMS2 (+), HER2 (1+, referring to the evaluation criteria of breast cancer HER2), Ki-67 (+, 80%) (Figure 2). The patient received radiotherapy (60.2Gy/28f) in the inguinal region. The pan-cancer 1021 gene detection of solid tumors showed 7 somatic mutations and 0 germline mutation. The results of immune checkpoint inhibitor molecular markers showed BRCA2 mutations and CHEK2 mutations, which may be related to the benefit of PD/PD-L1 inhibitors. Tumor mutation burden was 2.88 Muts/Mb (TMB-L). PD-L1 expression in the tumor cell and tumor vasculature was TPS<1%, CPS 2-3. Immunotherapy with tislelizumab (200mg ivgtt q3w) was used as second-line treatment. After 3 cycles and 7 cycles, the efficacy was evaluated as stable disease (SD). After 12 cycles, enhanced CT showed new multiple metastases in bilateral lungs, neck, abdominal and pelvic lymph nodes. The efficacy was evaluated as progression disease (PD). The patient then volunteered to participate in a phase 1 clinical trial for ICP-033 (1mg po qd), a novel multitargeted receptor tyrosine kinase (RTK) inhibitor. Three months after the patient took ICP-033 orally, all lesions increased or enlarged. The comprehensive efficacy evaluation was PD. And the patient had significant pelvic pain. The patient had a BRCA2 mutation but had experienced a grade IV myelosuppression during previous chemotherapy, so PARP (poly ADP-ribose polymerase) inhibitors that could cause severe myelosuppression were excluded during treatment selection.




Figure 2 | Immunohistochemical staining 20X (A), 40X (B) depicted HER2 (1+) in tumor cells.



Disitamab Vedotin combined with toripalimab (toripalimab 135mg, ivgtt+ Disitamab Vedotin 90mg, ivgtt, day 1, every 2 weeks) was used as fourth line treatment. Pelvic pain symptoms were significantly relieved after the first cycle of treatment. After 3 cycles of combined treatment, bilateral lung and neck, abdominal and pelvic lymph nodes were significantly reduced, and the comprehensive efficacy was evaluated as partial response (PR). To date, the patient has received Disitamab Vedotin combined with toripalimab 19 cycles and had an ongoing response for more than 12 months (Figure 3). Most importantly, minor adverse events, including grade II leukopenia and grade I neurotoxicity, were observed during the treatment. No other treatment-related adverse events such as infusion reaction, cardiotoxicity, pulmonary toxicity and hepatic toxicity occurred during treatment. These symptoms were improved after symptomatic treatment. The patient’s treatment process is shown in Figure 4.




Figure 3 | Computed tomography scan before and after Disitamab vedotin combined with toripalimab treatment. (A-E) Lung, pelvic lymph node and left supraclavicular lymph nodemetastases before treatment with Disitamab vedotin in combination with toripalimab. (F-J) All lesions were significantly reduced after 18 cycles of combined treatment. The red arrows indicate the lesions.






Figure 4 | Timeline scheme of major clinical event of the patient since diagnosis.







Discussion

As a rare tumor type, there is no standard of optimal treatment for patients with advanced primary urethral carcinoma. Currently, based on limited evidence and different focal locations or pathological features, multi-mode therapy (including high-quality surgery, chemotherapy, radiotherapy and the above combined therapy) is the main treatment strategy for primary urethral cancer, especially for patients with advance stage (4, 13). Several studies have reported that different pathologic types of primary urothelial carcinoma have different sensitivities to different therapies. Son et al. retrospectively analyzed the survival outcomes of 2614 patients with urethral cancer. It has been found that for patients with advanced PUC, non-adenocarcinoma or transitional cell carcinoma may benefit from surgery combined with radiation therapy as a treatment strategy (14). Peyton et al. reported that multi-mode therapy did not significantly improve the survival rate of primary female urethral cancer, but this may be related to the small sample size of this study (10).

Currently, immunotherapy, especially programmed death receptor-1 (PD-1)/programmed death ligand (PD-L1) blockers, have shown encouraging results in the treatment of a variety of advanced solid tumors. PD-1/PD-L1 blockers have been approved for second-line treatment of metastatic urothelial carcinoma after first-line platinum-based therapy has failed. Results from KEYNOTE-045 showed that Pembrolizumab achieved a longer median survival time and a higher response rate in advanced patients who progressed after platinum-based therapy compared to chemotherapy. For patients with PD-L1(+) who are not suitable for cisplatin, pembrolizumab or atezolizumab can be selected as first-line therapy. However, the evidence is for metastatic urothelial carcinoma, including bladder, upper urinary tract, and urethral cancers. Immunotherapy for PUCs has only been reported in a small number of cases. However, for patients with advanced PUC after advanced multiline therapy, immunotherapy be an alternative strategy to try.

Antibody drug conjugate (ADC) is a class of targeted biological drugs composed of highly targeted monoclonal antibody, junction head and cytotoxic drugs. Using monoclonal antibody as a carrier, small molecule cytotoxic drugs can be efficiently transported to the target tumor cells to play an anti-tumor role (15). ADC has both targeting and drug toxicity. Currently, a number of ADC drugs have been approved and marketed for antitumor therapy, among which Enfortumab vedotin (EV), Sacituzumab govitecan-hziy (SG) and Disitamab Vedotin are used for uroepithelial carcinoma. Disitamab Vedotin targets HER-2 and consists of Hertuzumab (a novel anti-HER2 monoclonal antibody) coupled to monomethyl auristatin E (MMAE, a cytotoxic drug) via a lysable link (16, 17). Results from the Phase II RC48-C009 study showed an objective response rate (ORR) of 50.0% treated with Disitamab Vedotin in locally advanced or metastatic uroepithelial carcinoma with HER-2 overexpression that had failed previous chemotherapy (12). Results of a Phase I clinical study showed that antitumor response of Disitamab Vedotin in patients with gastric cancer with low HER2 expression (IHC2+/FISH-) was similar to that of HER2 IHC2+/FISH + and IHC3+. Significant tumor shrinkage was achieved in 72.7%, 60.0% and 52.6% of patients, respectively (18). Results from a single-arm Phase II clinical study (NCT04073602) showed an objective response rate (ORR) of 26.3% and a disease control rate (DCR) of 94.7% in uroepithelial carcinoma patients who had previously received at least one systemic therapy with low HER2 expression (IHC 0 or 1+).

A preclinical study found that in a hHER-2 transgenic mouse model, Disitamab Vedotin combined with PD-1/PD-L1 immune checkpoint inhibitors could significantly enhance T-cell-related anti-tumor immunity, enhance tumor suppression, and also contribute to the formation of immune memory (19). At present, some clinical studies have also been carried out on the combination therapy of Disitamab Vedotin and immunotherapy. Li et al. presented clinical study data of NCT04264936 at the 2022 ASCO annual meeting. In patients with locally advanced or metastatic urothelial carcinoma with HER2 (+/-), Disitamab Vedotin in combination with toripalimab had an ORR of 75% in confirmed investigator assessments at study cut-off. The ORR was 66.7% for HER2 (1+), and 50% for HER2 (0) respectively (20). A retrospective study showed that patients with locally advanced or metastatic uroepithelial carcinoma may benefit from the use of Disitamab Vedotin combination immunotherapy (21).

Based on these evidences, the strategy of combination of Disitamab Vedotin and toripalimab was selected for this patient. The treatment results showed that the lung and neck, abdominal and pelvic lymph nodes was significantly reduced and the disease was under control, and the duration was long. Throughout the treatment, patients were well tolerated. The patient reported in this case had low expression of HER2, had used PD-1 inhibitor and chemotherapy in the past, and was defined as refractory. However, the two-drug combination regimen still showed good efficacy, suggesting that this combination therapy may improve the efficacy of patients with metastatic PUC, despite of low expression of HER2, and may reverse the drug resistance of PD-1 inhibitors and chemotherapy to a certain extent. Further studies are warranted to confirm the effectiveness of Disitamab Vedotin combination with PD-1 inhibitor for patients with metastatic PUC.
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Variables UTUC (N = 131) UCB (N = 118)

Diagnosis age 66 [36, 86] 66 [19, 87]

Gender

Male 79 92 <0.01
Female 52 26

Smoker

Yes 20 25 0.28
No 23 17

NA 88 76

Tumor site

Renal pelvis 74 NA NA
Ureter 57 NA

Clinical stage

1 47 32 0.17
/v 84 84

NA 0 2

UTUC, upper tract urothelial carcinoma; UCB, urothelial carcinoma of the bladder; TMB, tumor mutation burden; Bold represented there was a statistical significance; NA, not

applicable.
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CGA (

GEO (%)

Total n=537 n=39
Age at diagnosis 60.6 (26-90) 61.4 (21-78)
‘ Survival status Living 360(67.0) 23(60.0)
Dead 177(33) 16(40.0)
‘ Sex Female 191(35.6) 15(38.5)
Male 346(64.4) 24(61.5)
Histologic grade Gl 14(2.6) 12.5)
G2 230(42.8) 12(30.8)
G3 207(38.6) 11(28.2)
G4 78(14.6) 15(38.5)
GX 5(0.9) =
Unknow 3(0.5) -
‘ Stage I 269(50.1) 12(30.8)
‘ I 57(10.6) 6(15.4)
I 125(23.3) 19(48.7)
v 83(15.5) 2(5.1)
Unknow 3(0.5) -
T classification T1 275(51.2) 11(28.2)
T2 69(12.9) 5(12.8)
T3 182(33.9) 22(56.5)
T4 11(2.0) 125)
M classification Mo 426(79.4) 25(64.0)
M1 79(14.7) 14(36.0)
MX 30(5.6) -
Unknow 2(0.3) -
N classification NO 240(44.7) 31(79.5)
N1 17(3.2) 5(12.8)
NX 280(52.1) 3(7.7)
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Sequence ( )

SLC40A1 Forward Primer CTACTTGGGGAGATCGGATGT 60.4
Reverse Primer CTGGGCCACTTTAAGTCTAGC 60.1
VSIG4 Forward Primer GGGGCACCTAACAGTGGAC 62.0
Reverse Primer GTCTGAGCCACGTTGTACCAG 62.6
FUCA1 Forward Primer GAAGCCAAGTTCGGGGTGTT 62.7
Reverse Primer GGGTAGTTGTCGCGCATGA 62.4
LIPA Forward Primer TCTGGACCCTGCATTCTGAG 61.0
Reverse Primer CACTAGGGAATCCCCAGTAAGAG 60.9
CRYBBI Forward Primer GTGCTCAAATCTGGCAGACC 61.0
Reverse Primer GGAAGTTGGACTGCTCAAAGG 60.8
TMEM144 Forward Primer TATGGTTGGTTGCCTTGGTTG 60.8
Reverse Primer GTTCCCTGTTGCCCAAATGC 622
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Mechanism of Action Patients

enrolled/
estimated
enrolling
NCT04503278 = BNT211 CLDN6 CAR-T 1 22 (13
@ testicular
cancer)/96
NCT05028933  IMC001 EpCAM CAR-T 1 7/48
(101)
NCT03953235 =~ GRT-C903 Version 1 (V1) neoantigens from KRAS, TP53, b-catenin, | Vaccine-targeted therapy 111 26 (expected
(102) GRT-R904 and BRAF. +/- checkpoint inhibitors 144)
Version 2: only targeted KRAS neoantigens (G12C/D/V,
Q61H).
NCT04044859 = ADP- MAGE-A4 T-cell receptor T-cell therapy +/- checkpoint 1 29/90
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Gender Stage Coding sequence

UTUC
MUTYH 1 10 c.C790T p-Q264X
1 69 Male v
PALB2 16 9 ¢.G2968T p.E990X
I CDKN2A 9 2 c.C364T p-R122X
2 72 Male
MSH2 2 12 c.C1861T pR621X
BAX 19 3 c.C386A p-S129X
3 57 Female 11
ERCC4 16 8 c.1441_1444del p-K481fs
VHL 3 1 c.115dupG p.S38fs
4 83 Female 1T
VHL 3 i €.120_126del p-P40fs
5 36 Male juss SDHA 5 1 cAlG pMI1V
6 51 Male I BRCAI 17 10 ¢.3407delC p-P1136fs
7 54 Male 111 ERCC5 12 23 c.4753delA p-N1585fs
8 54 Male I FANCL 2. I 13 €.1066_1067del Pp.S356fs
9 57 Male v EPCAM 2 NA :A?;?(E;S(;ZS:};GTGCTGGT p-Met115ThrfsTer17
10 60 Male v CHEK2 22 11 c.C1111T pH371Y
11 69 Male v PALB2 16 5 ] €.2192dupT p.L731fs
12 76 Male 111 MSH6 2 1 c.C194A Pp-S65X
13 83 Male i ASXL1 20 11 c.C1564T p.Q522X
14 33 Female v BRCA2 13 20 ¢.8529_8530del p-N2843fs
15 39 Female v MSH2 2 13 c.C2038T p-R680OX
16 56 Female v ERCC3 2 1 cAlG pM1V
17 64 Female v RAD5IC 17 8 €.1022_1026del pI34difs
18 72 Female v BAX 19 4 €.260dupC p.S87fs
19 73 Female v CHEK2 22 11 c.Cl111T p.H371Y
ucB
20 42 Male it BRIP1 17 17 c.C2392T pR798X
21 50 Male v PMS1 2 3 c.C163T pR55X
22 59 Male 111 BRCAI 17 23 ¢.5470_5477del pI1824fs
23 62 Male v BRCA2 13 11 c.G5416T p.E1806X
24 63 Male v BRCA1 17 10 c.T938G p.L313X
25 66 Male v ERCC5 13 19 €.3821_3827del p-H1274fs
26 67 Male v RADS54L il 19 €.2081_2082del p-P694fs
27 67 Male v RECQL4 8 21 €.3430delC p-R1144fs
28 63 Female I CHEK2 22 11 c.C1111T pH371Y

Chr, chromosome; UTUC, upper tract urothelial carcinoma; UCB, urothelial carcinoma of the bladder; Bold, patients with two germline P/PL variants; NA, not applicable.
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Variables enal pelvis (N = 74)

Diagnosis age 64 (36, 84] 66 (36, 86] 0.34
Gender

Male ‘ 46 33 0.72
Female 28 24

Smoker

Yes 9 11 0.07
No 17 6

NA 48 40

Clinical stage

i3 28 19 0.71
/v 46 38

UTUC, upper tract urothelial carcinoma; NA, not applicable.
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95% ClI Associated Sensitivity (%) Specificity (%)

criterion

miR-1-3p 0.647 0.0010 0.569-0.720 <115 87.80 4512
miR-124-3p 0.633 0.0026 0.554-0.706 <1.04 82.93 45.12
miR-129-5p 0.743 <0.001 0.669-0.808 <0.92 71.95 ‘ 70.73
miR-155-5p 0.647 " 00009 0.568-0.720 >1.03 64.63 . 67.09
miR-200b-3p 0.747 <0.001 ' 0.674-0.812 <0.98 87.80 5244
miR-224-5p 0.730 <0.001 0.655-0.796 >1.1 69.51 70.73
four-miRNA panel 0.903 <0.001 0.847-0.944 >0.62787 75.61 . 93.67
AUC, area under curve; Cl, confidence interval.
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Training phase Validation phase (i

=60)
RCC
Total number 30 30 82 82
Age at diagnosis p=0.67 p=0.36
51.8 £13.7 533 127 50.0 £ 11.8 522 £ 18.6
Gender p=0.45 p=0.21
Male ‘ 14 (46.7%) 17(56.7%) 50 (61.0%) 42 (51.2%)
Female 16 (53.3%) 13(43.3%) 32 (39.0%) 40 (48.8%)
Location
Left [ 18 (60.0%) [ 41 (50.0%)
Right 12 (40.0%) 41 (50.0%)

Fuhrman grade

Grade T 4 (13.3%) 11 (13.4%)
Grade 11 15 (50.0%) 49 (59.8%)
Grade 11T 10 (33.3%) 18 (22.0%)
Grade IV 1(3.3%) 4 (4.9%)

AJCC clinical stage

Stage T 20 (66.7%) 68 (82.9%)
Stage 1T 7 (23.3%) 9 (11.0%)
Stage 11T 2 (6.7%) 3 (3.7%)
Stage IV 1(3.3%) 2 (2.4%)

Between the training phase and validation phase, there was no significant difference between RCC and NCs in age and gender. Parameters were shown as number (percentage).
Statistical contrast was exerted through the Wilcoxon-Mann-Whitney test.
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Altered in 133 (63.03%) of 211 samples. Altered in 80 (41.24%) of 194 samples.
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PRISMA 2020 flow diagram for new systematic reviews which included searches of databases and registers only
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Altered in 121 (29.37%) of 412 samples.
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Study

subjects

Conclusion

Bacterial Groups with
Clinically Beneficial
Expression

Bacterial Groups without
1Clinically Beneficial Expression

Research

Reference
drug

Derosa (59) Nivolumab
Salgia (55) Nivolumab

or

Nivolumab

plus

Ipilimumab
Routy (70) PD-1/PD-L1

mAb
Dizman (71)  VEGE-TKI

69 advanced
renal cell
carcinoma

patients.

31 patients
with kidney
cancer
receiving
medication.

100 patients
with non-
small cell
lung cancer
(n=60) and
renal cancer
(n=40) who
received PD-
1 inhibitors.

21 patients
with
metastatic
renal cell
carcinoma.

The composition of microbiota
is influenced by TKIs and ATBs,
which in turn affect the efficacy
of ICIs.

There is a correlation between
higher microbial diversity and
better treatment outcomes

ICIs resistance may be

associated with dysbiosis of gut
microbiota, and the use of ATB
can impact treatment outcomes.

Dietary interventions can
influence the gut microbiota of
patients with mRCC receiving
VEGEF-TKI therapy, and the
composition of the gut
microbiota can serve as a
predictor of the clinical benefit
level in mRCC patients
undergoing VEGF-TKI
treatment.

A.muciniphila; Bacteroides
salyersiae; Eubacterium siraeum

Bifidobacterium adolescentis;
Barnesiella intestinihominis;
Odoribacter splanchnicus;
Bacteroides eggerthii; Akkermansia
muciniphila(relative abundance
increases)

Akkermansia muciniphila;
Firmicutes;Eubacterium
sp.CAG:146; Lachnospiraceae;
Erysipelotrichaceae bacterium 5-2-
54FAA; Cloacibacillus porcorum

Akkermansia muciniphila;
Faecalibacterium prausnitziil;
Bacteroides caccae; Barnesiella
intestinihominis; Eubacterium sp
CAG 251; Roseburia faecis;
Anaerostipes hadrus; Streptococcus
salivarius; Streptococcus
parasanguinis; Blautia coccoides ;
Phascolarctobacterium faecium

E.bacterium 2-2-44A; C.hathewayi;
Clostridium clostridioforme

Bacteroides ovatus; Eggerthella lenta;
Fusicatenibacter saccharivorans;
Flavonifractor_plautii

Parabacteroides distasonis; Bacteroides
nordi; Blautia; Bacteroides clarus;
Clostnidiales bacterium VE202-14;
Firmicutes bactenum CAG 227

Bacteroides vulgatus; Bifidobacterium
longum; Lactobacillus vaginalis;
Acidaminococcus intestine; Flavonifractor
plautii; Actinomyces graevenitzii;
Clostridium saccharolyticum;
Bifidobacterium adolescentis; Bacteroides
ovatus; Ruminococcus bicirculans;
Eubacterium callanderi; Eubacterium
eligens; Megasphaera sp MJR8396C;
Acutalibacter muris
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Univariate analysis Multivariate analysis

Parameters HR (95%Cl) HR (95%Cl) p value
Gender 0.930(0.672, 1.287) 0.663 0.865(0.624, 1.200) 0387
‘ Stage 1.899(1.656, 2.178) <0.001 1.566(1.333, 1.838) <0.001
‘ Grade 2.434(1.959, 3.024) <0.001 1.354(1.052, 1.742) 0.019
‘ Age 1.774(1.285, 2.448) <0.001 1.813(1.303, 2.520) <0.001
‘ CRGSig 6.800(4.322, 10.698) <0.001 3.534(2.043, 6.111) <0.001
‘ NAC 1.868(0.952, 3.665) 0.069 0.993(0.623, 1.201) 0985
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Subgroup Hazard Ratio(95%CI) P value
Overall 5.203(2.236-12.105) <0.001
Age(years)

>60 3.378(1.183-9.644) 0.023
<60 8.396(1.851-38.071) 0.006
Sex

Male 5.097(1.698-15.293) 0.004
Female 5.778(1.522-21.935) 0.010
Hypertension

Yes 6.682(1.431-31.191) 0.016
No 4.610(1.674-12.695) 0.003
Diabetes

Yes 3.824(0.397-36.833) 0.246
No 5.449(2.193-13.540) <0.001
Flank Pain

Yes 9.167(1.848-45.472) 0.007
No 4.241(1.554-11.573) 0.005
Haematuria

Yes 9.474(1.104-81.280) 0.040
No 4.324(1.711-10.925) 0.002
Proteinuria

Yes 4.200(0.459-38.445) 0.204
No 5.333(2.137-13.310) <0.001
T stage

I 2.891(1.161-7.198) 0.023
>111 NA NA
Size(cm)

>5.9 3.799(1.482-9.742) 0.005
<5.9 8.896(1.058-74.793) 0.044
TC(mmol/L)

>3.7 4.213(1.512-11.738) 0.006
<37 3.793(0.758-18.990) 0.105
BUN(mmol/L)

>5.2 10.526(2.281-48.578) 0.003
<5.2 3.492(1.258-9.693) 0.016
Cr(u mol)

>82.5 11.500(1.405-94.136) 0.023
<82.5 4.032(1.580-10.291) 0.004
LDH(u/L)

>214 4.130(1.039-16.426) 0.044
<214 5.000(1.649-15.163) 0.004
TG(mmol/L)

= | 2.846(0.852-9.511) 0.089
<1.1 6.732(1.915-23.663 0.003

1 2 3 4
log2(Hazard Ratio(95%CI))
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Regions 11 China 0.65(0.56-0.74) 0.74 (0.65-0.81) 2.5(1.9-33) 0.47(0.37-0.60) 5(3-8) 0.75 (0.71-0.79)
1 Korea 0.775 0.486 No result No result 3(2-6) 0.64
2 Taiwan No result No result No result No result 5(3-7) No result
1 Japan 0.81 0.77 No result No result 12(3-57) 0.75
I 1 Cote d’'Ivoire 0.53 0.75 No result No result 4(2-8) 0.68
Cutoff identification 12 ROC 0.68(0.63-0.73) 0.70(0.62-0.77) 2.3(1.8-2.8) 0.45(0.40-0.52) 5(4-7) 0.74(0.70-0.78)
Age 10 Median ag <55 0.63(0.53-0.73) 0.74(0.64-0.82) 2.5(1.8-3.4) 0.49(0.38-0.64) 5(3-8) 0.74(0.70-0.78)
6 Median age >55 0.71(0.66-0.76) 0.68(0.57-0.77) 2.2(1.7-2.9) 0.42(0.36-0.50) 5(4-8) 0.75(0.71-0.79)
Gender 10 Male <200 0.64(0.56-0.72) 0.68(0.57-0.77) 2.0(1.6-2.5) 0.53(0.46-0.60) 4(3-5) 0.70(0.66-0.74)
6 Male >200 0.69(0.58-0.78) 0.76(0.67-0.83) 2.9(2.0-4.2) 0.41(0.29-0.58) 7(4-13) 0.79(0.75-0.82)
Latitude distribution 8 | High-latitude 0.72(0.63-0.79) 0.74 (0.65-0.81) 2.7 (2.0-3.8) 0.39(0.29-0.52) 7(4-12) 0.79 (0.75-0.82)
) Low-latitude 0.62 (0.51-0.72) | 0.70 (0.58-0.80)  2.1(1.6-2.6) | 0.54 (0.47-0.63)  4(3-5) 0.71 (0.66-0.74)
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AUC 95% Cl  Cut-off value(ng/mL)  Sensitivity(%) = Specificity(%)  Number of patients

TP FP FEN TN

Chen et al. (2012) (33) 0.630 0.520-0.720 2.400 0.730 0.470 59 41 22 36
Dai et al. (2019) (34) 0.650 0.545-0.755 2.000 0.750 0.440 52 71 17 55
Du et al. (2019) (35) 0.625 ‘ 0.527-0.732 2270 0.639 0.653 57 49 32 92
Eso et al. (2021) (36) 0.746 No result 3.210 0.808 ; 0.769 ‘ 12 6 3 18

| Gao et al. (2015) (37) 0.811 No result 2.700 0.662 0.848 220 75 112 418
Hu et al. (2016) (38) 0.643 No result 1.505 0.775 0.486 93 48 27 45
Li et al. (2014) (39) 0.824 No result 2.140 0.780 0.690 143 100 40 223
Liu et al. (2016) (40) 0.606 No result 2.750 0.301 0.887 16 19 37 | 151
Liu et al. (2017) (41) 0.664 0.630-0.698 2.200 0.752 0.545 393 108 129 130
Lo et al. (2021) (42) 0.762 0.682-0.841 2.400 0.628 0.844 57 10 33 53
Mahassadi et al. (2021) (43) 0.680 No result 2.500 0.530 0.750 21 16 18 49
Qu et al. (2022) (44) 0.602 No result 3.290 0.595 0.730 49 36 33 97
Sun et al. (2019) (45) 0.681 No result 3.090 0.670 0.730 14 7 7 19
Tan et al. (2018) (46) 0.855 No result 2.200 0.840 0.860 210 21 40 131
‘Wang et al. (2019) (50) 0.630 0.560-0.710 2.92 0.510 0.780 53 30 51 105
Wu et al. (2018) (47) 0.634 No result 2.15 0.488 0.769 55 54 57 178
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Author (Year of publica Regions (City) Sample size (male) Enrollment period Median age

Chen et al. (2012) (33) Taiwan (Taipei) 158 (95) 2003.07-2010.12 65.7 (31.8-82.8) 8
Dai et al. (2019) (34) China (Guangzhou) 195 (174) 2005.03-2013.05 51(42-59) 8
Du et al. (2019) (35) China (Xi'an) 230 (174) 2000.01-2012.12 44(20-66) 7
Eso et al. (2021) (36) Japan (Kyoto) 40 (35) 2020.10-2021.08 70.5(53-82) 7
Gao et al. (2015) (37) China (Beijing) 825 (690) 2008.10-2012.05 54.5(25-75) 8
Hu et al. (2016) (38) Korea (Suwon) 213 (166) 2001.03-2011.12 53(20-79) 8
Li et al. (2014) (39) China (Beijing) 506 (420) 2005.04-2014.04 59.2(28-85) 8
Liu et al. (2016) (40) China (Nanjing) 223 (189) 2004.07-2011.04 54(21-82) 7
Liu et al. (2017) (41) China (Chengdu) 760 (643) 2007.01-2013.12 56.5(19-89) 7
Lo et al. (2021) (42) Taiwan (Taipei) 153 (114) 2007.12-2018.08 64(56-74) 8
Mabhassadi et al. (2021) (43) Cote d’Ivoire (Abidjan) 104 (61) 2012.01-2015.12 49.5(24-86) 7
Qu et al. (2022) (44) China (Changzhou) 215 (178) 2010.01-2018.08 59.1 7
Sun et al. (2019) (45) China (Beijing) 47 (44) 2008-2017 40(30-44) 7
Tan et al. (2018) (46) China (Qingdao) 402 (299) 2008.09-2017.05 51.7(18-92) 8
Wang et al. (2019) (14) China (Changsha) 239 (200) 2012-2015 50.14(38-62) 8
Wu et al. (2018) (47) China (Beijing) 344 (292) 2010.05-2014.04 54 (19-84) 8

NR, no result; NOS, Newcastle-Ottawa Scale.
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Study

Chen (2012)
Dai (2019)
Du (2019)
Eso (2021)
Gao (2015)
Hu (2016)

Li (2014)

Liu (2016)
Liu (2017)
Lo (2020)
Mahassadi (2021)
Qu (2022)
Sun (2019)
Tan (2018)
Wang (2019)
Wu (2018)

Overall (lI-squared = 84.1%, p = 0.000)

OR (95% ClI)
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Baseline characteristic CN VS NO CN Heterogeneity I° (%) p value
Age WMD (95% CI) -2.50(-4.94 to -0.05) 80 0.05
Clear cell OR (95% CI) 1.79(0.86 to 3.74) 71 0.12
Metastatic sites: bone (95% CI) 1.19(0.64 to 2.24) 78 0.58
Metastatic sites: lung (95% CI) 1.18(0.91 to 1.52) 0 0.21
Metastatic sites: liver (95% CI) [ 0.51(0.28 to 0.90) 35 0.02

CN, cytoreductive nephrectomy.
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Number of sites of

Metastatic sites

CN No CN
Lymph node: 41;
Lung: 82; Liver: 25;
Bone: 53; CNS: 12;
Muscle: 2; Other

Reference
Lymph node: 60;
Lung: 150; Liver:

Favorable: 4;
22; Bone: 72; CNS:

One: 115;
2 or more:

Type of immunotherapy

metastasis
No CN

No CN CN
Ipilimumab and
Nivolumab,
Nivolumabs First-
line: 47; Second
line: 34; Third line
or later: 151

Ipilimumab and
Nivolumab,
Nivolumab; First-
line: 56; Second
line: 30; Third
line or later: 49

CN

One: 47; 2
or more:
103; 82;
Unknown:  Unknown:
6

Favorable: 13;
Intermediate:  Intermediate:
Gross
178; Poor: 38; | 89; Poor: 40; 5; Muscle: 6; Other
Missing: 3 Missing: 2 kidney: 1; Others: kidney: 3; Others: 14
57 36
One: 52; 2 One: 39; 2
Favorable: 18;  Favorable: 1; o:emo e o:emore
Bk Intermediate:  Intermediate: bone, brain, or bone, brain, or liver 171.r : 155 ) combination of nivolumab and
ey 143; Poor: 39;  78; Poor: 88;  liver metastases: 87 metastases: 120 i i ipilimumab as first-line therapy
. - Unknown: Unknown:
Missing: 34 Missing: 36
11 9
Favorable: & ble: 2: Nivolumab; Nivolumab;
. 127; ANORah bone metastases: Second line: 333; Second line: 51;
Rebuzzi . Intermediate: bone metastases: 30 NA e o
Intermediate: 46; Poor: 18 331 Third line: 106; Third line: 12;
312; Poor: 51 ) ) further line: 51 further line: 3
One: 8; 2 One: 3; 2
R Intermediate: Intermediate: ) ) ORnore; ormore: combination of nivolumab and
Yoshino 14: Poor: 7 4 Posits Liver: 3; Bone: 7; Liver: 1; Bone: 0; 135 10; ipiliiiiab, asfisst-line therd
3 : ’ . Unknown:  Unknown: fptimu ! 24
11 9
Pavorable: 82; Intermediate Lymph node: 128; Lung: 122; Liver: 33 Ipiimumab and Nivolumab, Nivolumab;
Stellato Bone: 84; brain: 12; gland: 37; peritoneum: NA Second line: 195; Third line: 73; further
176; Poor: 29 .
14 line: 19
One: 131; One: 82; 2
Lung: 147; Liver: Lung: 100; Liver: 2 or more: or more:
Singla NA 17; Bone: 73; brain:  34; Bone: 17; brain: 55; 58; Ipilimumab and Nivolumab
14 62 Unknown:  Unknown:
35 30
Lymph node: 11; Lymph node: 18;
Lung: 33; Liver: 5, Lung: 34; Liver: 4
Other abdominal: Other abdominal:
Mickisch NA NA interfe alfe
el 4 Skin: 2; Bone: 9 5 Skin: 2; Bone: 1 interteron alfa
Central nervous Central nervous
system: 0 system: 1
Only I Only |
RYINOE S NA interferon alfa
metastases: 81

NA
metastases:79

Flanigan
CN, cytoreductive nephrectomy; IMDC, International Metastatic Renal Cell Carcinoma Database Consortium.
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Hazard Ratio

Bakouny 2022 -049 02 358% 0.61[0.41,091]
Gross 2022 -1.66 038 26.0% 0.19[0.09, 0.40)
Yoshino 2022 -0.25 015 38.2% 0.78[0.58, 1.04)
Total (95% CI) 100.0% 0.50[0.27,0.92]

Heterogeneity: Tau®= 0.24; Chi*= 11.95, df= 2 (P = 0.003); F= 83%
Test for overall effect: Z=2.23 (P = 0.03)

Hazard Ratio
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Variables

BMI
NLR
PLR
SIt

AUC

0.425
0.693
0.631
0.702

95%CIL

0.338-0.512
0.610-0.775
0.549-0.713
0.620-0.783

Youden index

0.008
0.356
0.233
0373

Cutoft value

17.642
2.110
129.140
51447322

p-value

0.098
< 0.001
0.004
< 0.001

ROC, Receiver Operating Characteristic Curve; BMI, Body Mass Index; BCG, Bacillus Calmette-Guerin; AUC, Area under the ROC curve; NLR, Neutrophilic Lymphocyte Ratio; PLR,
Platelet Lymphocyte Ratio; SII, Systemic Immune-Inflammation Index.
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Subject characteristics

Age (<70 years, >=70 years)
Sex (female, male)

Smoking (no, yes)

Drinking (no, yes)
Hypertension (no, yes)
Diabetes (no, yes)

Grade (low, high)

CIS (no, yes)

T stage (Ta, T1)

Tumor number (single, multiple)
Tumor diameter (<3cm, >3cm)
Sarcopenia (no, yes)

STI (low, high)

RFS, relapse-free survival; CIS, Carcinoma in Situ; BMI, Body Mass Index; SII, Systemic Immune-Inflammation Index.

Univariate
HR (95% CI)

1.190 (0.745-1.923)
1.132 (0.656-1.949)
1.560 (0.942-2.525)
0.744 (0.445-1.259)
1.226 (0.747-2.036)
1.038 (0.529-2.028)
2.164 (1.280-3.690)
3.773 (2.105-7.142)
4739 (2.463-8.849)
2.816 (1.639-5.00)
3.030 (1.886-4.901)
3.225 (1.960-5.263)
2.631 (1.666-4.166)

P value

0.468
0.667
0.085
0.275
0.410
0.923
0.004
<0.001
<0.001
<0.001
<0.001
<0.001
<0.001

Multivariate

HR (95% CI)

0.862 (0.515-1.449)

2.040 (1.149-3.371)
2.040 (1.075-3.571)
3.030 (1.666-6.666)
3.125 (1.754-5.555)
1.785 (1.334-3.030)
2.040 (1.250-3.333)
2.127 (1.298-3.571)

P value

0.566

0.015
0.030
0.001
< 0.001
0.036
0.005
0.003
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a. Radical Prostatectomy (RP) Grades Stratified by Different Germline Variants

RP Grades VUS/LB/B PV/LPV HRR+ BRCA2/1/ATM+
p value 0.971 0.837 0.307

343 11 » 1 1 0

3+4 126 7 6 3

4+3 123 2 2 0

8 43 1 1 1

9-10 168 6 5 5
Unknown 29 2 2 1

b. RP Grades Stratified by Biopsy Gleason Scores

Biopsy GS (%) 343 3+4 443 | 8 9-10 Unknown
RP GS

343 10 (15.2) 1(07) 0 (0) 0(0) | 0(0) 1(27)
344 33 (50) 65 (47.8) 24 (21.8) 4(5.8) 6(5.9) 127)
443 13 (19.7) 40 (29.4) | 50 (45.5) 13 (18.8) 7(69) 2(5.4)

8 2(30) 5(37) 9(82) 10 (14.5) 9 (89) 9(24.3)
9-10 3(46) 21 (15.4) 24 (21.8) 34 (49.3) 71 (703) 21 (56.8)
Unknown 5(7.6) 4(29) 327) 8 (11.6) 8(7.9) 3(8.1)

Total 66 (100) 136 (100) 110 (100) 69 (100) 101 (100) 37 (100)
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a. Radical Prostatectomy (RP) Grades Stratified by Different Somatic Variants.

RP Grades Without PV/LPV HRR+ BRCA2/1/ATM+ PTEN+
PV/LPV

p value 0.006* 0.028* 0.029* 0.013* 0.777

3+3 ‘ 4 0 0 0 0 0

3+4 55 4 2 0 1 1

443 60 5 0 0 1 3

8 9 3 0 1 1 0

9-10 34 10 2 2 5 0

Unknown 11 1 0 0 0 1

b. RP Grades Stratified by Biopsy Gleason Scores

Biopsy GS 343 ‘ 3+4 [ 443 8 9-10 Unknown

RP GS

343 4(14.3) 0(0) 0 (0) ‘ 0(0) 0(0) 0(0)

3+4 12 (42.9) 33 (57.9) 9 (16.1) 2(74) 2(8) 1(333)
| 4+3 7 (25) 18 (31.6) 32 (57.1) 5(18.5) 2(8) 1(333)

8 0(0) 1(18) 4(7.01) 4(148) 2(8) 1(333)

9-10 1(3.6) 5(8.8) 10 (17.9) 11 (40.7) 17 (68) 0(0)

Unknown 4(14.3) 0(0) 1(1.8) 5(18.5) 2(8) 0(0)

Total 28 (100) 57 (100) 56 (100) 27 (100) 25 (100) 3 (100)
*p < 0.05.

Unknown RP grade is due to neoadjuvant reasons.
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Total LB/B (%) PV/LPV (%) HRR+ (%) BRCA2/1/ATM+ (%)
(%)
Number of patients 714 (100) 684 (95.8) 30 (4.2) 28 (3.9) 17 (2.4)
Birthplace
North part
Beijing 243 (34) 234 (34.2) 9 (30) 8(28.6) 5 (29.4)
Gansu 2(03) 2(03) 0(0) 0(0) 0(0)
Hebei 106 (14.8) 104 (15.2) 2(67) 2(7.1) 2(11.8)
Henan 28 (39) 26 (3.8) 2(67) 2(7.1) 1(59)
Heilongjiang 25 (3.5) 25(3.7) 0(0) 0(0) 0(0)
Jilin 13 (1.8) 10 (1.5) 3(10) 2(7.1) 1(59)
Liaoning 44 (62) 42(6.1) 2(67) 2(7.1) 2(11.8)
Inner Mongolia 38 (5.3) 36 (5.3) 2(6.7) 2(7.1) 2 (11.8)
Ningxia 3(04) 2(03) 1(33) 1(3.6) 1(5.9)
Shandong 58 (8.1) 53 (7.7) 5(16.7) 5(17.9) 1(59)
Shanxi 32 (4.5) 31(4.5) 1(33) 1(3.6) 0(0)
Shaanxi 11 (1.5) 11 (1.6) 0(0) 0(0) 0(0)
Tianjin 7(1) 7(1) 0(0) 0 (0) 0(0)
Xinjiang 4(0.6) 4(0.6) 0(0) 0(0) 0(0)
South part
Anhui 16 (2.2) 15 (2.2) 1(3.3) 1(3.6) 1(59)
Fujian 3 (0.4) 3(0.4) 0(0) 0 (0) 0(0)
Guangdong 3(0.4) 3(04) 0(0) 0(0) 0(0)
Guangxi 3(04) 3(04) 0(0) 0(0) 0(0)
Guizhou 2(03) 2(03) 0(0) 0(0) 0(0)
Hubei 6(0.8) 6(09) 0(0) 0(0) 0(0)
Hunan 9(1.3) 8(12) 1(3.3) 1(3.6) 0(0)
Jiangsu 20 (2.8) 19 (2.8) 1(3.3) 1(3.6) 1(59)
Jiangxi 6(0.8) 6(0.9) 0(0) 0(0) 0(0)
Shanghai 6(0.8) 6(0.9) 0(0) 0(0) 0(0)
Sichuan 8 (1.1) 8(12) 0(0) 0 (0) 0(0)
Yunnan 3(04) 3(0.4) 0(0) 0(0) 0(0)
Zhejiang 11(1.5) 11 (1.6) 0(0) 0(0) 0(0)
Chongqing 4(0.6) 4(0.6) 0(0) 0(0) 0(0)
Ethnicity
Han 697 (97.6) 668 (97.7) 29 (96.7) 28 (100) 17 (100)
Other 17 (24) 16 (2.3) 1(3.3) 0 (0) 0(0)
Age of onset, y, p value 0.620 ‘ 0.487 0.030%
<60 142 (19.9) 135 (19.7) 7(23) 7(25) 7 (41.2)
>=60 572 (80.1) 549 (80.3) 23 (77) 21 (75) 10 (58.8)
PSA at diagnosis, ng/ml, p value 0.642 ‘ 0.574 0.038*
0-10 214 (30) 206 (30) 8 (26.7) 7 (25) 1(6)
11-20 171 (23.9) 164 (24) 7(23.3) 7(25) 6(35.3)
21-100 243 (34) 231 (33.8) 12 (40) 11 (39.3) 7 (412)
>100 67 (9.4) 64 (9.4) 3(10) 3(10.7) 3(17.6)
Unknown 19 (2.7) 19 (2.8) 0(0) 0 (0) 0(0)
GS at biopsy, p value 0.329 0.208 0.041*
3+3 69 (9.7) 66 (9.6) 3(10) 2(7.1) 0(0)
3+4 142 (19.9) 137 (20) 5(16.7) 5(17.9) 2(118)
4+3 121 (16.9) 117 (17.1) 4(133) 4(14.3) 3(17.6)
8 103 (14.4) 99 (14.5) 4(133) 3(10.7) 2(11.8)
9-10 225 (31.5) 212 (3) 13 (43.3) 13 (46.4) 9 (529)
Unknown 54 (7.6) 53(7.7) 1(33) 1(3.6) 1(59)
Risk group at time of diagnosis, p value 0.612 0.379 0.065
Low to intermediate | 105 (14.7) 98 (14.3) | 7(23.3) i 6(21.4) 1(5.9)
High to very high 411 (57.6) 400 (58.5) 11 (36.7) 10 (35.7) 8 (47.1)
Regional 66 (9.2) 62 (9.1) 4(133) 4(143) 3(17.6)
Metastatic 126 (17.6) 118 (17.3) 8 (26.7) 8(28.6) 5 (29.4)
Unknown 6(0.8) 6(0.9) 0(0) 0(0) 0(0)
*p < 0.05.

VUS, variants of uncertain significance; LB, likely benign; B, benign. LP, likely pathogenic; P, pathogenic. All in accordance to American College of Medical Genetics and Genomics (ACMG)
laboratory guideline. HRR, homologous recombinant repair. GS, Gleason score.

Gleason score in accordance to 2014 International Society of Urological Pathology (ISUP) Consensus Conference on Gleason Grading of Prostatic Carcinoma.

Risk Group: High to very high: T3-T4 OR, Gleason score > 8 OR, PSA >20 ng/mL; Regional: Any T, N1, M0; Metastatic: Any T, Any N, ML.
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Total Wi PV/LPV  PV/LPV (%) HRR+ BRCA2/1/ATM+ (%) TP53+ (%) PTEN+ (%)
(%) (%) (%)
Number of patients 200 (100) 174 (87) 26 (13) 6(3) 3(15) 10 (5) 5(25)
Birthplace
North part
Beijing 80 (40) 74 (42.5) 6(23.1) 3 (50) 1(33.3) 3 (30) 0(0)
Hebei 29 (14.5) 25 (14.4) 4(154) 1(167) 1(33.3) 1(10) 1(20)
Henan 4(2) 3(17) 1(3.8) 0(0) 0(0) 0(0) 1(20)
Heilongjiang 6(3) 6(3.4) 0(0) 0(0) 0(0) 0(0) 0(0)
Jilin 6(3) 6(34) 0(0) 0(0) 0(0) 0(0) 0(0)
Liaoning 9 (45) 6(34) 3(115) 1(167) 1(33.3) 1(10) 0(0)
Inner Mongolia 8 (4) 6(4) 2(7.7) 0(0) 0(0) 0 (0) 0 (0)
Shandong 19 (95) 16 (92) 3(115) 1(167) 0(0) 2(20) 0(0)
Shanxi 8 (4) 5(29) 3(115) 0(0) 0(0) 1(10) 1(20)
Shaanxi 4(2) 3(17) 1(3.8) 0(0) 0(0) 0(0) 1(20)
South Part
Anhui [ 3(15) | 3(17) 0(0) [ 0(0) 0(0) [ 0(0) 0 (0)
Fujian 1(05) 1(0.6) 0(0) 0(0) 0(0) 0(0) 0(0)
Guangdong 2(1) 1(0.6) 1(3.8) 0(0) 0(0) 1(10) 0 (0)
Guizhou 1(05) 1(0.6) 0(0) 0(0) 0(0) 0(0) 0(0)
Hubei 3(15) 2(L1) 1(3.8) 0(0) 0(0) 1(10) 0(0)
Hunan 3(15) 3(17) 0(0) 0(0) 0(0) 0(0) 0(0)
Jiangsu 6(3) 5(29) 1(3.8) 0(0) 0(0) 0(0) 1(20)
Jiangxi 1(0.5) 1(0.6) 0(0) 0(0) 0(0) 0 (0) 0(0)
Zhejiang 5(2.5) 5(2.9) 0(0) 0(0) 0(0) 0(0) 0(0)
Chongqing 2(1) 2(1.1) 0(0) 0(0) 0(0) 0(0) 0(0)
Ethnicity
Han 192 (96) 166 (95.4) 26 (100) 6 (100) 3 (100) 10 (100) 5 (100)
Other 8(4) 8 (4.6) 0(0) 0(0) 0(0) 0 (0) 0(0)
Age of onset, y, p value 0.781 0214 ‘ 0.379 ‘ 0.485 0.299
<60 ‘ 42 (21) 36 (20.7) 6(23.1) 0(0) 0(0) 6 (60) 2 (40)
>=60 158 (79) 138 (79.3) 20 (76.9) 6 (100) 3 (100) 4 (40) 3 (60)
PSA at diagnosis, ng/ml, p value 0.104 0.902 ‘ 0.108 ‘ 0.691 0.370
0-10 83 (41.5) 76 (43.7) 7(269) 3 (50) 0(0) 3 (30) 1(20)
11-20 56 (28) 47 (27) 9 (34.6) 1(16.7) 1(33.3) 5 (50) 2 (40)
21-100 56 (28) 48 (27.6) 8(30.8) 2(333) 2 (66.7) 1(10) 2 (40)
>100 5(25) 3(17) 2(7.7) 0(0) 0(0) 1(10) 0(0)
GS at biopsy, p value 0.003* 0.873 0.152 0.027* 0.454
343 27 (13.5) 27 (15.5) 0(0) 0(0) 0(0) ‘ 0(0) | 0(0)
3+4 57 (28.5) 49 (28.1) 8(308) 1(66.7) 1(33.3) 2(20) 2 (40)
443 55 (27.5) 51 (29.3) 4(154) 0(0) 0(0) 3(30) 1(20)
8 28 (14) 26 (14.9) 2(77) 0(0) 0(0) 1(10) 1(20)
9-10 28 (14) 17 (9.8) 11 (42.3) 2(33.3) 2(66.7) 4(40) 1(20)
Unknown 5(2.5) 4(23) 1(38) 0(0) 0(0) 0 (0) 0(0)
Risk group at time of diagnosis, 0.002* 0.447 0.112 ‘ 0.099 0.112
p value
Low to intermediate 47 (23.5) 45 (25.9) 3(115) 3 (50) 0(0) 1(10) 0(0)
High to very high 133 (66.5) 118 (67.8) 15 (57.7) 2(33.3) 2(66.7) 7 (70) 4(80)
Regional 15 (7.5) 9(52) 5(19.2) 1(16.7) 1(33.3) 1(10) 1(20)
Metastatic 5(2.5) 2(L1) 3(11.5) 0(0) 0(0) 1(10) 0(0)
*p < 0.05.

LP, likely pathogenic. P, pathogenic. HRR, homologous recombinant repair. GS, Gleason score.
Gleason score in accordance to 2014 International Society of Urological Pathology (ISUP) Consensus Conference on Gleason Grading of Prostatic Carcinoma.
Risk Group: High to very high: T3-T4 OR, Gleason score > 8 OR, PSA >20 ng/mL; Regional: Any T, N1, M0; Metastatic: Any T, Any N, ML.
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Clinical character LR (Mean + S P-value

Age (years) 0.040
260 121 (43.2%) 2.74 (1.76)
<60 159 (56.8%) 2.47 (1.49)

Sex 0.003
Male 187 (66.8%) 2.73 (1.66)
Female 93 (33.2%) 2.29 (148)

Hypertension 0.407
Yes 102 (36.4%) 2.56 (1.86)
No 178 (63.6%) 2.60 (1.46)

Diabetes 0.753
Yes 36 (12.9%) 2.53 (1.16)
No 244 (87.1%) 2.59 (1.67)

Flank Pain 0.776
Yes 57 (20.4%) 2.49 (1.04)
No 223 (79.6%) 2,61 (1.73)

Haematuria » 0.075
Yes 47 (19.4%) 2.70 (1.07)
No 223 (80.6%) 2.56 (1.71)

Proteinuria 0.003
Yes 40 (16.9%) 3.47 (2.80)
No 240 (83.1%) 243 (127)

T stage 0.001
11 216 (77.1%) 2.48 (1.64)
21T 64 (22.9%) 2.93 (1.51)

Size (cm) 0.013
259 163 (58.2%) 2.67 (1.35)
<59 117 (41.8%) 2.47 (1.93)

TC (mmol/L) <0.001
237 218 (77.9%) 2.43 (1.56)
<37 62 (22.1%) 3.13 (1.70)

BUN (mmol/L) 0.874
25.2 106 (37.9%) 2.78 (2.26)
<52 174 (62.1%) 2.46 (1.03)

Cr (u mol) 0.059
>82.5 66 (23.6%) 2,90 (2.12)
<82.5 214 (76.4%) 2.48 (1.42)

TG (mmol/L) <0.001
21.1 153 (54.6%) 2.32(1.29)
<Ll 127 (45.3%) 2.90 (1.90)

NLR, neutrophil-to-lymphocyte ratio; TC, total cholesterol; BUN, blood urea nitrogen; Cr, creatinine; TG, triglycerides.
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Parameters Univariate analysis P value Multivariate analysis P value

HR (95%Cl) HR (95%Cl)
Age 1.03 (1.00~1.06) 0.064
Sex 0.92 (0.47~1.79) 0.805
Hypertension 0.92 (0.47~1.78) 0.800
Diabetes 1.02 (0.40~2.61) 0.967
Flank Pain 2.84 (1.43~5.66) 0.003 2.84 (1.30~6.22) 0.009
Haematuria 2.32(1.11~4.85) 0.026 1.42 (0.60~3.36) 0.431
Proteinuria 1.33 (0.57~3.11) 0.511
T stage 3.32 (1.70~6.48) 0.001 2.20 (1.00~4.83) 0.051
Size 1.36 (1.18~1.56) 0.001 1.25 (1.06~1.47) 0.009
NLR 1.32 (1.09~1.60) 0.004 1.27 (1.06~1.52) 0.008
TC 0.51 (0.35~0.75) 0.001 0.52 (0.34~0.79) 0.003
BUN 0.86 (0.67~1.10) 0.239
Cr 1.00 (0.99~1.02) 0.843
TG 1.04 (0.97~1.12) 0.233

NLR, neutrophil-to-lymphocyte ratio; TC, total cholesterol; BUN, blood urea nitrogen; Cr, creatinine; TG, triglycerides; HR, hazard ratio; Cl, confidence interval.
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Overall (

Age (years)
Mean (SD) 57.0 (10.6) 56.5 (10.4) 597 (11.3)
Median [Min,MAX] 57.0 [25.85] 57.0 [31.85] 62.0 28,76]
Sex
Male 187 (66.3%) 157 (67.1%) 30 (65.2%)
Female 93 (33.7%) 77 (32.9%) 16 (34.8%)

Hypertension

Yes 102 (36.4%) 86 (36.8%) 16 (34.8%)

No 178 (63.6%) 148 (63.2%) 30 (65.2%)
Diabetes

Yes 36 (12.9%) 30 (12.8%) 6 (13.0%)

No 244 (87.1%) 204 (87.2%) 40 (87.0%)
Flank Pain

Yes 57 (20.4%) 40 (17.1%) 17 (37.0%)

No 223 (79.6%) 194 (82.9%) 29 (63.0%)
Haematuria

Yes 47 (16.8%) 34 (14.5%) 13 (28.3%)

No 233 (83.2%) 200 (85.5%) 33 (71.7%)

Preoperative proteinuria

Yes 40 (14.3%) 32 (13.7%) 8 (17.4%)

No 240 (85.7%) 202 (86.3%) 38 (82.6%)
T stage

<I 216 (77.1%) 190 (81.2%) 26 (56.5%)

=111 64 (22.9%) 44 (18.8%) 20 (43.5%)
Size (cm)

Mean (SD) 6.6 (2.1) 63 (1.8) 79 (29)

Median [Min,MAX 6.0 [4.2,17.5] 6.0 [4.2,14] 7.0 [42,17.5]

White blood cell count

Mean (SD) 632 (1.73) 6.19 (1.71) 696 (1.71)

Median [Min,MAX] 6.07 [2.60,14.78] 590 [2.60,14.78] 6.71 [2.85,10.85]
Neutrophils count (10°/L)

Mean (SD) 400 (1.50) 385 (1.46) 470 (1.50)

Median [Min,MAX] 3.82[0.96,12.87] 3.62 [0.96,12.87] 4.81 [1.68,7.97]

Lymphocyte count (10°/L)

Mean (SD) 171 (0.52) 174 (0.52) 157 (0.50)

Median [Min,MAX] 1.66 [0.53,3.36] 1.68 [0.68,3.36] 149 [0.53,2.70]
NLR

Mean (SD) 258 (1.62) 243 (1.52) 336 (1.85)

Median [Min,MAX] 227 (0.65,16.71] 212 [0.65,16.71] 290 [0.79,10.53]

TC (mmol/L)
Mean (SD) 439 (0.8 447 (0.88) 398 (0.77)
Median [Min,MAX] 438 [1.03,6.75] 445 [1.03,6.75) 388 [2.3,6.05]

BUN (mmol/L)

Mean (SD) 496 (1.35) 5.00 (1.32) 474 (1.45)

Median [Min,MAX] 480 (2.259.8] 481 [2.30,9.34] 437 [2.25,9.80]
Cr (umol)

Mean (SD) 714 (16.4) 713 (1655) 718 (16.1)

Median [Min,MAX] 69 (38,129] 69 [38,129] 70 (38,103]

TG (mmol/L)

Mean (SD) 1.29 (0.60) 1.34 (0.61) 1.06 (0.51)

Median [Min,MAX 1.14 [0.32,3.62] 1.20 [0.32,3.62] 0.91 [0.49,2.76]
Type of nephrectomy
Partial 35 (12.5%) 32 (13.7%) 3 (6.5%)

Radical 245 (87.5%) 202 (86.3%) 43 (93.5%)

CCRCC, clear cell renal cell carcinoma; SRCC, sarcomatoid renal cell carcinoma; NLR, neutrophil-to-lymphocyte ratio; TC, total cholesterol; BUN, blood urea nitrogen; Cr, creatinine; TG: triglycerides.
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Characteristics

Age (median (IQR), years)
BMI (mean + SD, kg/m?)
SII (median (IQR) x 10°/L)
n (%)

Age (years)

<65

265

Gender

Male

Female

Smoking history

No

Yes

Pathological T stage

Tis
Pathological N stage
NO
N1

Grade

Low

High

Variant histology

No

Yes

Concomitant CIS

No

Yes

Positive surgical margins
No

Yes

Peripheral nerve invasion
No

Yes

Lymphovascular invasion
No

Yes

Tumor diameter

<3cm

=3cm

Tumor number
Unifocal

Multifocal

Neoadjuvant therapy
No

Yes

Adjuvant therapy

None

Radiotherapy
Chemotherapy
Radio+Chemo
Operation method
Laparoscopic RC

Open RC

Robot-assisted RC
Urinary diversion

Tleal Conduit

Cutaneous Ureterostomy
Orthotopic Neobladder
Pelvic lymph node dissection
No

Yes

High blood pressure
No

Yes

Diabetes mellitus

No

Yes

Overall (n = 725)

65.00 (59.00-72.00)

2325+272

424.13 (282.55-714.84)

344 (47.45%)
381 (52.55%)

621 (85.66%)
104 (14.34%)

324 (44.69%)
399 (55.03%)

27 (3.72%)
216 (29.79%)
163 (22.48%)
212 (29.24%)
105 (14.48%)

2(0.28%)

348 (48.00%)
42 (5.79%)
79 (10.90%)
2(0.28%)

254 (35.03%)

78 (11.13%)
623 (88.87%)

520 (73.45%)
188 (26.55%)

705 (97.24%)
20 (2.76%)

667 (92.00%)
58 (8.00%)

639 (88.38%)
84 (11.62%)

567 (78.21%)
158 (21.79%)

93 (12.83%)
632 (87.17%)

418 (57.66%)
307 (42.34%)

678 (93.91%)
44 (6.09%)

615 (85.30%)
25 (3.47%)
72 (9.99%)
9 (1.25%)

286 (39.50%)
412 (56.91%)
26 (3.59%)

626 (86.58%)
78 (10.79%)
19 (2.63%)

254 (35.03%)
471 (64.97%)

516 (71.27%)
208 (28.73%)

621 (85.77%)
103 (14.23%)

Low (n = 467)

65.00 (58.00-71.50)

2330 £2.72

323.55 (237.36-411.25)

232 (49.68%)
235 (50.32%)

396 (84.80%)
71 (15.20%)

205 (43.99%)
261 (56.01%)

18 (3.85%)
160 (34.26%)
117 (25.05%)
115 (24.63%)
55 (11.78%)

2 (0.43%)

234 (50.11%)
22 (4.71%)
40 (8.57%)

1(0.21%)

170 (36.40%)

54 (11.95%)
398 (88.05%)

348 (76.15%)
109 (23.85%)

455 (97.43%)
12 (2.57%)

427 (91.43%)
40 (8.57%)

416 (89.46%)
49 (10.54%)

372 (79.66%)
95 (20.34%)

72 (15.42%)
395 (84.58%)

257 (55.03%)
210 (44.97%)

436 (93.76%)
29 (6.24%)

392 (84.48%)
13 (2.80%)

52 (11.21%)
7 (1.51%)

197 (42.27%)
249 (53.43%)
19 (4.28%)

405 (86.91%)
50 (10.73%)
11 (2.36%)

170 (36.40%)
297 (63.60%)

332 (71.09%)
135 (28.91%)

402 (86.08%)
65 (13.92%)

SII
High (n = 258)

66.00 (60.00-72.00)
23.16 +2.72
830.76 (681.95-1236.50)

112 (43.41%)
146 (56.59%)

225 (87.21%)
33 (12.79%)

119 (46.30%)
138 (53.70%)

9 (3.49%)
56 (21.71%)
46 (17.83%)
97 (37.60%)
50 (19.38%)

0 (0.00%)

114 (44.19%)
20 (7.75%)

39 (15.12%)
1(0.39%)

84 (32.56%)

24 (9.64%)
225 (90.36%)

172 (68.53%)
79 (31.47%)

250 (96.90%)
8 (3.10%)

240 (93.02%)
18 (6.98%)

223 (86.43%)
35 (13.57%)

195 (75.58%)
63 (24.42%)

21 (8.14%)
237 (91.86%)

161 (62.40%)
97 (37.60%)

242 (94.16%)
15 (5.84%)

223 (86.77%)
2 (4.67%)
20 (7.78%)
2 (0.78%)

89 (34.50%)
163 (63.18%)
6 (2.33%)

221 (85.99%)
28 (10.89%)
8 (3.11%)

84 (32.56%)
174 (67.44%)

184 (71.60%)
73 (28.40%)

219 (85.21%)
38 (14.79%)

IQR, interquartile range; SD, standard deviation; BMI, body mass index; SII, systemic immune-inflammation index; CIS, carcinoma in situ.

P value

0213

0.490

<0.001

0.106

0375

0.550

<0.001

0.023

0352

0.028

0.676

0.450

0.223

0.203

0.005

0.054

0.830

0.220

0.062

0.828

0.299

0.886

0.749
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oS RFS

HR (95% CI) P value HR (95% CI) P value
Age (years) 1.02 (1.01, 1.03) <0.0001 1.01 (1.00, 1.02) 0.0364
Age (years)
<65 1.0 1.0
265 145 (1.17, 1.78) 0.0005 1.34 (1.08, 1.66) 0.0079
BMI (kg/mz) 0.99 (0.95, 1.03) 0.6851 0.99 (0.95, 1.03) 0.5125
Pathological T stage
TO 1.0 1.0
TK 1.84 (0.74, 4.56) 0.1890 4.24 (1.04, 17.36) 0.0442
T2 3.04 (1.23,7.51) 0.0162 7.34 (1.80, 29.94) 0.0054
T3 6.08 (249, 14.84) <0.0001 13.17 (3.26, 53.24) 0.0003
T4 6.83 (276, 16.93) <0.0001 17.22 (4.23, 70.19) <0.0001
Pathological N stage
NO 1.0 1.0
N1 4.53 (3.11, 6.62) <0.0001 3.72 (2,51, 5.54) <0.0001
N2 437 (3.24, 5.89) <0.0001 4.01 (2.96, 5.43) <0.0001
N3 9.20 (2.26, 37.45) 0.0019 6.85 (1.68, 27.88) 0.0072
Nx 1.62 (1.27, 2.06) 0.0001 1.50 (1.17, 1.93) 0.0015
Grade
Low 1.0 1.0
High 2.94 (1.87, 4.61) <0.0001 343 (2.04, 5.76) <0.0001
Variant histology
No 1.0 1.0
Yes 1.55 (1.24, 1.94) 0.0001 1.48 (1.17, 1.86) 0.0010
Concomitant CIS
No 1.0 1.0
Yes 0.83 (0.41, 1.68) 0.6097 0.69 (0.33, 1.46) 0.3354
Tumor diameter
<3 cm 1.0 1.0
23 cm 1.37 (0.98, 1.92) 0.0661 1.34 (0.95, 1.89) 0.0980
Tumor number
Unifocal 1.0 1.0
Multifocal 0.87 (0.71, 1.07) 0.1985 0.84 (0.68, 1.04) 0.1152
Positive surgical margins
No 1.0 1.0
Yes 1.91 (1.39, 2.64) <0.0001 1.77 (1.27, 2.48) 0.0008
Peripheral nerve invasion
No 1.0 1.0
Yes 1.91 (1.44, 2.54) <0.0001 1.93 (1.45, 2.58) <0.0001
Lymphovascular invasion
No 1.0 1.0
Yes 2.08 (1.66, 2.61) <0.0001 2.01 (1.60, 2.54) <0.0001
Neoadjuvant therapy
No 1.0 1.0
Yes 0.71 (0.42, 1.19) 0.1929 0.81 (0.49, 1.31) 0.3862
Adjuvant therapy
None 1.0 1.0
Radiotherapy 1.29 (0.77, 2.17) 0.3317 1.63 (0.97, 2.75) 0.0650
Chemotherapy 1.49 (1.10, 2.02) 0.0108 2.13 (1.59, 2.86) <0.0001
Radio+Chemo 1.78 (0.79, 3.99) 0.1635 2.22 (0.99, 4.99) 0.0535
Operation method
Laparoscopic RC 10 10
Open RC 1.20 (0.96, 1.50) 0.1026 1.29 (1.03, 1.62) 0.0274
Robot-assisted RC 1.01 (0.53, 1.93) 0.9690 0.9690 1.04 (0.54, 1.98) 0.9062
Urinary diversion
Ileal conduit 10 1.0
Cutaneous Ureterostomy 1.80 (1.32, 2.45) 0.0002 1.31 (0.94, 1.82) 0.1138
Orthotopic neobladder 0.74 (0.38, 1.43) 0.3649 0.65 (031, 1.37) 0.2530
Pelvic lymph node dissection
No 1.0 1.0
Yes 0.95 (0.77, 1.18) 0.6550 1.00 (0.80, 1.25) 0.9845
Smoking history
No 10 1.0
Yes 0.88 (0.72, 1.08) 0.2300 0.85 (0.69, 1.06) 0.1432
High blood pressure
No 10 10
Yes 0.90 (0.71, 1.13) 0.3687 0.93 (0.73, 1.18) 0.5370
Diabetes mellitus
No 10 1.0
Yes 0.65 (0.47, 0.90) 0.0094 0.76 (0.55, 1.06) 0.1039
SII
Low Lo 10
High 1.38 (1.12, 1.71) 0.0025 1.42 (1.14, 1.76) 0.0015

BMI, body mass index; SII, systemic immune-inflammation index; CIS, carcinoma in situ; HR, hazards ratio; CI, confidence interval.
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os*

Total

Pathological T stage
TOTisTaT1

2T2

RFS”

Total

Pathological T stage
TOTisTaT1

2T2

Adjusted HR (95% CI)

1.14 (0.91, 1.42)

1.69 (1.02, 2.81)
1.10 (0.87, 1.40)

1.18 (0.94, 1.48)

1.88 (1.09, 3.24)
1.17 (0.91, 1.49)

0.93 (0.70, 1.22)
2.1 (1.34, 3.30)

1.04 (0.82, 1.34)
3.76 (1.73, 8.15)

111 (0.87, 1.41)
2.05 (0.83, 5.03)

1.32 (1.04, 1.69)
0.79 (0.42, 1.49)

P value

0.2484

0.0436
043

0.1488

0.0229
0.2168

0.5876
0.0012

0.7296
0.0008

0.4022
0.1188

0.0238
0.4724

P for interaction

0.1695

0.1755

0.0024

0.014

0.0411

0.0241

SII, systemic immune-inflammation index; HBP, high blood pressure; DM, diabetes mellitus; PSM, positive surgical margins; PNI, peripheral nerve invasion; HR, hazards ratio; CI,

confidence interval.

“Adjusted for age, pT stage, pN stage, gender, adjuvant therapy, PSM, LVI.
“Adjusted for age, gender, adjuvant therapy, pT, pN, PSM.
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1175 patients with
bladder cancer and
underwent RC

859 patients with
bladder cancer and
underwent RC

725 patients finally
included in this study

Exclude:

1) 15 patients whose preoperative blood
examination data were unavailable

2) 303 patients who did not receive post-
operative follow-up at our institutions

Exclude:

1) 105 patients missing pT stage

2) 1 patients with metastasis before
surgery

3) 26 patients with main non-urothelium
histology
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PFS HR

(95%Cl)

OS HR
(95%Cl)

Predictive value

Atezolizumab plus bevacizumab Ventana PD-L1 (SP142) <1% 0:93(0-75- - gradient of increasing PFS benefit with (47)
vs sunitinib 1.15) increasing PD-LI expression
1%- 0-78(0-57-
4% 1.06)
5%- 0-69(0-38-
9% 122)
210% 0-56(0-26-
119)
Pembrolizumab plus Axitinib vs THC 22C3 pharmDx <1% 0.87 (0.62- 0.59 (0.34- not recommended as a biomarker (56)
Sunitinib 1.23) 1.03)
21% 0.62 (0.47- 0.54 (0.35-
0.80) 0.84)
Avelumab plus Axitinib vs Ventana PD-L1 (SP263) <1% 0.83 (0.60- 0.72 (0.45- not recommended as a biomarker (12)
Sunitinib 1.16) 1.17)
21% 0.64 (0.51- 0.85 (0.61-
0.80) 1.8)
Lenvatinib plus Pembrolizumab THC 22C3 pharmDx <1% 0.39 (0.26- - not recommended as a biomarker (57)
vs Sunitinib 0.59)
21% 0.40 (0.27-
0.58)
Nivolumab plus Cabozantinib vs | Dako PD-L1 IHC 28-8 | <1%  0.52(0.40-0.67) 0.51(0.34- OS benefit was uncertain (36)
Sunitinib pharmDx 0.75)
>1%  0.49(0.32-0.73) 0.80(0.48-
1.34)
Nivolumab plus Ipilimumab vs Dako PD-L1 THC 28-8 <1% 1.00(0.80-1.26) 0.73(0.56- not recommended as a biomarker (53)
Sunitinib pharmDx 0.96)
21% 0.46(0.31-0.67) 0.45(0.29-
0.71)

HR, hazard ratio; CI, confidence interval; PD-L1, programmed cell death-ligand 1; exp, expression; Refs, References; OS, overall survival; PES, progression-free survival.
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Frist-line Therapy For Metastatic Renal Cell Carcinoma

Risk

Favorable-Risk Group

Intermediate-Risk Group

Poor-Risk Group

Preferred Regimens

Axitinib+ Pembrolizumab
Cabozantinib+Nivolumab
Lenvatinib+Pembrolizumab

Axitinib+ Pembrolizumab
Cabozantinib+Nivolumab
Lenvatinib+Pembrolizumab
Ipilimumab+ Nivolumab
Cabozantinib

Axitinib+ Pembrolizumab
Cabozantinib+Nivolumab
Lenvatinib+Pembrolizumab
Ipilimumab +Nivolumab
Cabozantinib

Other Recommended Regimens

Axitinib+ Avelumab
Cabozantinib
Ipilimumab+ Nivolumab
Pazopanib

Sunitinib

Axitinib+ Avelumab

Pazopanib
Sunitinib

Axitinib+ Avelumab
Pazopanib
Sunitinib

Subsequent Therapy For Metastatic Renal Cell Carcinoma

Preferred Regimens

Other Recommended Regimens

Useful in Certain Circumstances Treatments

Axitinib
High-Dose IL-2

Axitinib
High-Dose IL-2
Temsirolimus

Axitinib
High-Dose IL-2
Temsirolimus

Useful in Certain Circumstances Treatments

Cabozantinib
Lenvatinib+Everolimus
Nivolumab

Axitinib

Axitinib+ Pembrolizumab
Cabozantinib+Nivolumab
Ipilimumab+Nivolumab
Lenvatinib+Pembrolizumab
Pazopanib

Sunitinib

Tivozanib
Axitinib+Avelumab

Everolimus
Bevacizumab
High-Dose IL-2
Sorafenib
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Gene symbol Forward primer (5°-3°) Reverse primer (5°-3°)

FREM2 ACTCAGTTCACACAAGCTGACA TCCATGCCCAATTCAGACGA
B-actin CCTGGCACCCAGCACAAT GGGCCGGACTCGTCATAC
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Data of 445 NIMBC patients were
collected from the Affiliated Hospital
of Xuzhou Medical University

Data from 299 NMINC patients
were eventually included in the
training cohort

Model Establishment

Model evaluation

Exclusion

(1) Received adjuvant therapy
other than IVI before or
after TURBT (22 cases)

(2) Tumor recurrence,
progression, or death
occurred within one
month(37 cases)

Loss to follow-up or absence

of clinical and laboratory
data (87 cases)

Data of 117 NIMBC patients from
the First Affiliated Hospital of
Guangxi Medical University were
collected as an external validation
cohort based on the same inclusion

and exclusion criteria
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Adverse Effect Patients (%)

TRAE 23 (92)
G3-4 TRAE 4 (16)
IRAE 16 (64)
G3-4 IRAE 2(8)
Hematologic 7 (28)
G3-4 3(12)
Neutropenia 6 (24)
G3-4 3(12)
Thrombocytopenia 2(8)
G3-4 0(0)
Hypothyroidism 11 (44)
G3-4 2(8)
Radiation proctitis 12 (48)
G3-4 0(0)
Radiation cystitis 16 (64)
G3-4 1(4)
Pruritus and Erythra 6(24)
G3-4 0(0)
Elevated liver enzymes 5 (20)
G3-4 0(0)
fatigue 6 (24)

G3-4 0(0)
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Variable Univariate Analysis Objective Response

1-year OS rate (%) P-value 1-year DFS rate (%) P-value CR PR P-value
Total 96 92 23 (92%) 2(8%)
Age, years
<65 923 92.3 12 1
>65 100 0337 917 0.903 11 1 0953
BMI
<24.61 923 84.6 11 2
>24.61 100 0337 100 0.226 12 0 0.157
T Stage
VTZ 100 [ [ 100 21 0
T3 75.0 0.022 50 0.081 2 2 0.001
Sex
| Male 95.2 90.5 19 2
Female 100 0.663 100 0.433 1 0 0520

PD-L1 Expression
PD-L1 CPS<1 or unknown 100 100 4 0

PD-L1 CPS= 1 952 0.663 90.5 0.433 19 2 0.52

Histological Grade

High 94.1 94.1 16 1

Low 100 0.493 87.5 0.574 7 1 0.569
Chemotherapy

Yes 94.1 88.2 15 2

No 100 0.493 100 0.254 8 0 0312
ICI 7 7 7

Tislelizumab 100 94.7 v 18 5

Toripalimab 833 0.075 833 0.737 1 1 0.369

Efficacy Evaluation

CR 100 100

PR 50 0.001 0 0.000
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Variable Number (%)

Total 25 (100)
Median Age (y) 65
Median BMI 24.61
Sex

Male 21 (84.0)
Female 4 (16.0)
PS

0 16 (64)
1 9 (36)
T Stage

T2 21 (84.0)
T3 4 (16.0)

PD-L1 Expression

Unknown 1 (4.0)

PD-L1 CPS<1 3(12.0)
PD-L1 CPS=1-9 11 (44.0)
PD-L1 CPS$>10 10 (40.0)

Histological Grade

High 17 (68.0)
Low 8(32.0)
Median ICI Cycle 8

ICI

Tislelizumab 19 (76.0)
Toripalimab 6 (24.0)
Median Chemotherapy cycles 3
Chemotherapy

Gem+Cisplatin 17 (68.0)

None 8 (32.0)
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Variables

Gender

Age (years)

BMI (kg/m?)

Smoking history before TURBT
T category

Prior recurrence status
Pathology grade

Tumor number

Maximum tumor diameter (cm)
Gross hematuria

Urine RBC

Times of IVI

NLR
PLR
LMR
dNLR
SIT
PNI

De Ritis ratio

Level

Female
Male
<70

>70

<25

225

No

Yes

Ta

T1
Primary
Recurrent
Low
High
Single
Multiple
<3

23

No

Yes
0-25
25-9000
>9000
0-1
2-12
>12
<3.18
23.18
<179.29
2179.29
<2.88
22.88
<236
2236
<525.26
2525.26
<52
252
<0.58
20.58

Training cohort

49 (16.388)
250 (83.612)
181 (60.535)
118 (39.465)
161 (53.846)
138 (46.154)
177 (59.197)
122 (40.803)
181 (60.535)
118 (39.465)
264 (88.294)
35 (11.706)
110 (36.789)
189 (63.211)
146 (48.829)
153 (51.171)
221 (73.913)
78 (26.087)
60 (20.067)
239 (79.933)
104 (34.783)
159 (53.177)
36 (12.040)
36 (12.040)
56 (18.729)
207 (69.231)
253 (84.615)
46 (15.385)
263 (87.960)
36 (12.040)
43 (14.381)
256 (85.619)
259 (86.622)
40 (13.378)
215 (71.906)
84 (28.094)
141 (47.157)
158 (52.843)
41 (13712)
258 (86.288)

Number of patients (%)

External validation cohort

13 (11.111)
104 (88.889)
76 (64.957)
41 (35.043)
86 (73.504)
31 (26.496)
84 (71.795)
33 (28.205)
67 (57.265)
50 (42.735)
95 (81.197)
22 (18.803)
63 (53.846)
54 (46.154)
40 (34.188)
77 (65.812)
80 (68.376)
37 (31.624)
24 (20.513)
93 (79.487)
41 (35.043)
62 (52.991)
14 (11.966)
14 (11.966)
41 (35.043)
62 (52.991)
97 (82.906)
20 (17.094)
99 (84.615)
18 (15.385)
34 (29.060)
83 (70.940)
100 (85.470)
17 (14.530)
60 (51.282)
57 (48.718)
79 (67.521)
38 (32.479)
24 (20.513)
93 (79.487)

BMI=body mass index=weight/height’; TURBT=transurethral resection of the bladder tumor; U-RBC=urine red blood cell count; IVI=intravesical instillation; NLR=neutrophil-
lymphocyte ratio; PLR=platelet-lymphocyte ratio; LMR=lymphocyte-monocyte ratio; dNLR=derived neutrophil-lymphocyte ratio=neutrophil/(white blood cell-neutrophil); Sl=systemic

immune-inflammation index=platelet* neutrophil/lymphocyte; PNI=prognostic nutritional index=albumin+5* lymphocyte; De Ri

aspartate transaminase/alanine transaminase.
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Variables

Bladder neck

No invasion

Invasion

Trigone of bladder

No invasion

Invasion

Dome of bladder

No invasion

Invasion

Lateral wall of bladder
No invasion

Invasion

Anterior wall of bladder
No invasion

Invasion

Posterior wall of bladder
No invasion

Invasion

Ureteri corifice

No invasion

Invasion

N (%)

242 (80.936)
57 (19.064)

269 (89.967)
30 (10.033)

255 (85.284)
44 (14.716)

123 (41.137)
176 (58.863)

234 (78.261)
65 (21.739)

202 (67.559)
97 (32.441)

254 (84.950)
45 (15.050)

1(reference)

2.699

1(reference)

2.394

1(reference)

1.063

1(reference)

0.646

1(reference)

1.991

1(reference)

1.187

1(reference)

0.799

95% CI

1.598,4.558

1.230,4.661

0.551,2.051

0.392,1.063

1.180,3.360.

0.699,2.015

0.380,1.682

=number of patients; HR, hazard ratio; CI, confidence interval. Bolded p-values indicate statistically significant correlations (p < 0.05).
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platelet* neutrophil/lymphocyte; De Ritis ratio, aspartate transaminase/alanine transaminase. Bolded p-values indicate statistically significant correlations (p < 0.05).
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