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Accumulating evidence indicates that the N6-methyladenosine (m6A) modification plays a critical role in human cancers. Given the current understanding of m6A modification, this process is believed to be dynamically regulated by m6A regulators. Although the discovery of m6A regulators has greatly enhanced our understanding of the mechanism underlying m6A modification in cancers, the function and role of m6A in the context of prostate cancer (PCa) remain unclear. Here, we aimed to establish a comprehensive diagnostic scoring model that can act as a complement to prostate-specific antigen (PSA) screening. To achieve this, we first drew the landscape of m6A regulators and constructed a LASSO-Cox model using three risk genes (METTL14, HNRNP2AB1, and YTHDF2). Particularly, METTL14 expression was found to be significantly related to overall survival, tumor T stage, relapse rate, and tumor microenvironment of PCa patients, showing that it has important prognostic value. Furthermore, for the sake of improving the predictive ability, we presented a comprehensive diagnostic scoring model based on a novel 6-gene panel by combining with genes found in our previous study, and its application potential was further validated by the whole TCGA and ICGC cohorts. Our study provides additional clues and insights regarding the treatment and diagnosis of PCa patients.
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INTRODUCTION
As the second most frequent type of cancer in men, prostate cancer (PCa) is gradually becoming a major clinical burden (Siegel et al., 2016). Typically, patients with localized PCa exhibit long-term survival, and a large number of patients develop bone metastasis (Liao et al., 2006). However, when this disease progresses from metastatic to castrate-resistant PCa (CRPC), the mortality rate of PCa patients is increased significantly in the subsequent 2–3 years (Kohaar et al., 2019). It is estimated that over 350,000 people die from PCa each year and that the number of newly diagnosed cases for PCa is increasing worldwide (Bray et al., 2018).
Over the past decade, research on PCa has developed rapidly, particularly with respect to the development of new treatment methods and understanding of the underlying mechanisms. Despite this, a number of important clinical issues remain unresolved, including the identification of reliable biomarkers as supplement to prostate-specific antigen (PSA) screening for PCa (Attard et al., 2016). The primary disadvantage of screening for PSA, which is widely used as a biomarker for PCa, is its low specificity and poor diagnostic value (Barry, 2009). It is therefore vital and urgent to discover new biomarkers that can be used for the clinical diagnosis and prognosis of PCa.
As the most common type of RNA methylation modification, N6-methyladenosine (m6A) has recently become a research hotspot in the life sciences and has received extensive attention worldwide, particularly in the context of cancer (Deng et al., 2018). It is well established that m6A is a dynamic and reversible RNA modification, and its modification level is dynamically regulated by different types of m6A regulators, including demethylases (“eraser”), methyltransferases (“writer”), and RNA binding proteins (“reader”) (Roundtree et al., 2017; Pinello et al., 2018). Numerous studies have indicated that genetic changes in or dysregulated expression of m6A regulators contribute to the initiation, malignant progression, and drug resistance of cancers (Wang et al., 2017; Dai et al., 2018; Wang et al., 2018). For instance, METTL3 was reported to promote cell adhension, growth, and progression in PCa through different molecular mechanisms (Cai et al., 2019; Li E. et al., 2020; Yuan et al., 2020). In addition, a recent report indicated that the degradation of IGF2BPs was involved in NSCLC progression (Li et al., 2021). Considering the functional importance of the m6A modification in cancers, targeting dysregulated m6A methylation regulators may serve as an ideal strategy for cancer therapy in the future.
Although some previous studies have investigated the effect of certain m6A regulators on PCa, systematic studies examining m6A modification in PCa remain rare. In this study, we aimed to construct a comprehensive diagnostic scoring model, with special focus on epigenomics and transcriptomics. To achieve this, we used The Cancer Genome Atlas (TCGA) PCa cohort to investigate the expression patterns and prognostic value of 17 m6A regulators in 551 PCa samples. Additionally, we created a complete atlas of prognosis-related m6A regulators, and we found potential regulators that can be used as biomarkers for prognostic stratification. Our study demonstrates the importance of m6A regulators in PCa and lays a foundation for the development of new PCa target therapy. Most importantly, we constructed a novel six-gene scoring model which may improve the clinical diagnosis ability of the early stage of PCa patients.
MATERIALS AND METHODS
Data Source and Processing
The raw RNA-seq data and corresponding clinical data of prostate cancer (PCa) were generated within the TCGA (http://cancergenome.nih.gov/). Our study, it should be noted, meets TCGA publication guidelines (Wang et al., 2016). In addition, we also collected other PCa cohorts from ICGC (https://icgc.org/), which included Canada (https://dcc.icgc.org/releases/current/Projects/PRAD-CA) and France (https://dcc.icgc.org/releases/current/Projects/PRAD-FR). The PCa cohorts from China and Britain were out of our consideration due to lack of expression datasets. The overall clinical characteristics of PCa patients are presented in Supplementary Table S1. Here, only 654 PCa patients have both complete follow-up survival information and corresponding expression data, consisting of TCGA-US (N = 492), ICGC-CA (N = 137), and ICGC-FR (N = 25).
Details of the overall workflow and the purpose underlying the study design are shown in Figure 1. First, we downloaded 551 samples and clinical information for the PCa cohort that was cross-referenced via TCGA categories. Then we systemically analyzed the expression levels and prognostic values of 17 m6A regulators in PCa and constructed a LASSO-Cox model using 3 m6A regulators. In particular, we also applied the CIBERSORT algorithm to explore the association between m6A modification and the tumor microenvironment to further confirm the diagnostic value of prognosis-related m6A regulators. Finally, combining with our previous study (Liu et al., 2019), a comprehensive diagnostic scoring model based on a novel 6-gene panel was constructed and further validated by the whole TCGA and ICGC cohorts.
[image: Figure 1]FIGURE 1 | Overall study design.
Identification of Differentially Expressed m6A Regulators in PCa
We identified 17 widely reported and verified m6A regulators from existing literature and compared the expression levels of these regulators between PCa and normal samples using heat maps and violin plots. Circos Plots generated by using the “RCircos” package indicated the m6A regulators in chromosomes (Gu et al., 2014). Spearman analysis was used to show the correlation among these regulators.
Construction of a LASSO-Cox Diagnostic Scoring Model
To study the prognostic value of these regulators in PCa, univariate analysis was first used to evaluate the correlation between the expression of each risk gene and patient survival. These risk genes were selected to screen and confirm using the least absolute shrinkage and selection operator (LASSO) algorithm (Bovelstad et al., 2007). The best penalty parameter λ was determined by using the cross-validation method. The risk score based on these three genes was obtained by using the following formula:
[image: image]
Coef(i) represents the coefficient, and x(i) represents the relative expression value of the risk gene through the z-score-transformed. Finally, PCa patients in TCGA were divided into two groups based on the median risk score, and these included the low- and high-risk groups.
Assessment of the Relevance of Clinical Characteristics
The Kaplan–Meier method with log-rank test was used to evaluate patient survival differences between low-risk groups and high-risk groups. Then, we used a multivariate regression method to determine the impact of each variate on PCa patient survival. Next, ROC curves was applied to validate the accuracy of the model prediction. The area under the curve (AUC) value was calculated by using the R package “survivalROC” (Heagerty et al., 2000). Additionally, we also compared the clinical features (T stage and N) of the two groups (low-risk and high-risk).
Estimation of Infiltrating Cells Within the Tumor Microenvironment Using the CIBERSORT Algorithm
Numerous studies have suggested that the immune response is significantly associated with the clinical outcome and therapeutic response of cancer patients, particularly in regard to the proportion of immune cells within the microenvironment (Quail and Joyce, 2013; Strasner and Karin, 2015). Based on this, we investigated if a correlation exists between m6A regulators and the tumor microenvironment. CIBERSORT is a deconvolution algorithm that can be used to characterize immune cell composition and has been widely used for studying cell heterogeneity (Newman et al., 2015). Therefore, we applied this method to predict the relative proportion of 22 types of infiltrating immune cells in PCa samples. The normalized gene expression data were uploaded to the CIBERSORT website (http://cibersort.stanford.edu/), and the algorithm was run using the LM22 signature and 1,000 permutations. Here, only 172 PCa samples with p-value < 0.05 were selected for the analysis.
Statistical Analysis
Wilcoxon rank sum was performed to test the significance of the infiltration levels of immune cells in PCa samples. Unless otherwise specified in this study, all statistical tests were performed using R 3.5.1 software and GraphPad Prism. The p value < 0.05 was considered statistically significant (*p < 0.05, **p < 0.01, and ***p < 0.001).
RESULTS
Overview of m6A Regulators Profiling in PCa
According to the current view of m6A modifications, this process is dynamically regulated by m6A regulators. Here, we initially grouped these methylation regulators into three categories: eraser, writer, and reader (Figure 2A). Then, Circos plots were used to show the details of these m6A regulators and their locations on chromosomes. For example, the FTO gene was located on chromosome 16 (Figure 2B). Figure 2C presents the Spearman correlation analysis of 17 m6A regulators. With the exception of ALKBH5, ZC3H13, FTO, and IGF2BP families, the relationship between the rest of the m6A regulators was positively correlated, and the METTL14 gene and YTHDC1 gene were the most relevant. Considering the important roles of m6A modification in cancer initiation, we also compared the expression of 17 m6A regulators in 499 PCa samples and 52 normal samples. Compared to levels in normal samples, the expression levels of RBM15, METTL3, YTHDC2, YTHDF1/2, HNRNPC, and HNRNPA2B1 in tumor samples were upregulated, but IGF2BP2 expression levels were downregulated (Figures 2D,E).
[image: Figure 2]FIGURE 2 | Atlas of m6A regulators in prostate cancer (PCa). (A) The process of m6A modification regulated by different types of m6A regualtors. (B) The location of m6A regulators within chromosomes is illustrated using Circos plots. (C) The potential correlation among m6A regulators. (D) The expression of m6A regulators in PCa is shown using a heat map. Red and green represent upregulated genes and downregulated genes, respectively. (E) The violin plot of the differentially expression m6A regulators between normal samples (light blue) and tumor samples (light red).
Potential Clinical Utility of Risk Score and m6A Regulators
In an attempt to establish a diagnostic scoring model, we first performed univariate analysis on the expression levels of 17 m6A regulators. The results suggested that METTL14 (HR = 2.09, 95%CI = 1.09–4.00), HNRNPA2B1 (HR = 1.03, 95%CI = 1.01–1.06), and YTHDF2 (HR = 1.22, 95%CI = 1.04–1.44) were significantly correlated with survival of PCa patients (Figure 3A). It should be noted that IGF2BP1(p-value = 0.33) and IGB2BP3 (p-value = 0.67) were not shown in Figure 3A, because the hazard ratio and confidence interval of these 2 m6 regulators were 0. As shown in Figures 3B,C, these three regulators were selected to build a risk score, and coefficients obtained from the LASSO algorithm were used to calculate the risk of each PCa patient. To study the possible prognostic role of the risk score containing three m6A regulators, we divided the PCa patients into low- and high-risk groups. The data presented in Figure 3D indicate that the high-risk group exhibited a poorer prognosis.
[image: Figure 3]FIGURE 3 | The construction of a LASSO-Cox diagnostic scoring model based on m6A regulators. (A) Univariate analysis of the 15 regulators on overall survival of PCa patients. (B,C) The coefficients of three m6A regulators are calculated by using the LASSO algorithm. (D) Kaplan–Meier analysis of PCa patients with low-risk (blue) and high-risk (red) groups in TCGA cohorts (N = 492).
Assessment of the Prediction Performance of Risk Score Based on m6A Regulators
We next investigated the correlation between the three m6A regulators and clinicopathological features of PCa, including age, T-status, and N-status. The heatmap displays the expression level of these m6A regulators in the low-risk and high-risk groups (Figure 4A). We found that compared to the low-risk group, the high-risk group was closely related to higher T-status (T3/T4) and N-status (N1) (Figure 4A). ROC was then used to predict 5-year survival for PCa patients. The data presented in Figure 4B indicate that 3-gene panel risk scores (AUC = 0.782) exhibit relatively higher prediction accuracy than PSA (AUC = 0.747). Finally, univariate and multivariate analyses were used to evaluate the possibility of using the risk score as an independent prognostic factor. Both results revealed that the risk score was correlated with overall survival (Figures 4C,D). Based on these data, there is a strong correlation between risk scores and clinicopathological features of PCa.
[image: Figure 4]FIGURE 4 | Evaluation of the prediction performance of the m6A prognostic scoring model. (A) Heatmap showing the differences in the clinicopathologic features of PCa patients with low-risk group and high-risk groups. (B) The predictive efficiency of the 3-gene panel and PSA were shown by a 5-year ROC curve. (C,D) Univariate and multivariate analysis of the correlation between clinicopathological features and overall survival of PCa patients.
The Prognostic Value of METTL14 for PCa Patients
Furthermore, we constructed a protein–protein interaction network of 17 m6A regulators using Cytoscape software (Figure 5A) (Su et al., 2014). The degree of METTL14 was 14 among the three prognosis-related m6A regulators (Supplementary Table S2). To further study the possible role of METTL14 in PCa, we performed an overall survival analysis and a clinical features correlation analysis. The expression of METTL14 was significantly related to the overall survival of PCa patients and to tumor stage T. Additionally, we found that the expression level of METTL14 is associated with disease status (Complete regression/relapse) according to ICGC datasets. As shown in Figures 5B–D, patients in the high-expression group exhibited reduced overall survival and higher T-status and relapse rate.
[image: Figure 5]FIGURE 5 | Underlying prognostic value of METTL14 in PCa. (A) Protein–protein interaction network of 17 m6A regulators in which the key role of METTL14 is shown. (B) Kaplan–Meier analysis of METTL14 with low expression (blue) and high expression (red) in PCa patients. (C,D) The association of METTL14 expression with different tumor stages and disease status. (E,F). Gene set enrichment analysis for TCGA PCa samples with high expression of the METTL14 signature.
The TCGA PCa cohort was also divided into high-expression and low-expression groups based on median METTL14 expression. Gene set enrichment analysis (GSEA) was then used to find potential associated signaling pathways and biological processes. Interestingly, we found that a number of cancer-related pathways such as Wnt pathways, KEGG Prostate Cancer, KEGG Colorectal Cancer, and KEGG Thyroid Cancer were predominantly enriched in the high-expression group. This implied that elevated expression of METTL14 may contribute to unfavorable prognosis in PCa (Figures 5E,F).
METTL14 May Be a Potential Indicator for Tumor Microenvironment Modulation
To further verify the diagnostic value of prognosis-related m6A regulators, we investigated the potential correlation between METTL14 expression and the tumor microenvironment. Using the CIBERSORT algorithm (Newman et al., 2015), we created a landscape of the PCa tumor microenvironment. Within this landscape, 22 specific immune cell fractions in each PCa sample are shown in a boxplot (Figure 6A). Interestingly, the infiltration levels of naive B-cells, CD4+ memory resting T-cells, M1 macrophages, and dendritic resting cells in the METTL14 high-expression group were higher than those in the low-expression group (Figure 6B). In contrast, the infiltration levels of M0 macrophages and regulatory T-cells were lower in the METTL14 high-expression group (Figure 6B). Additionally, we found that three types of immune cells were positively correlated with METTL14 expression, and these included naive B-cells, CD4+ memory resting T cells, and M1 macrophages. Two types of immune cells were negatively correlated with METTL14 expression, and these included regulatory T-cells and M2 macrophages. These data further confirmed that the expression levels of METTL14 affected the immune activity of the tumor microenvironment in PCa (Figure 6C).
[image: Figure 6]FIGURE 6 | Potential association between METTL14 expression and the tumor microenvironment. (A) Bar plots showing the proportion of 22 specific immune cells in each of the PCa samples. (B) Violin plot depicting the difference of immune infiltration in PCa samples with low or high METTL14 expression. (C) Pearson correlation analysis of five types of immune cell fractions with METTL14 expression (p < 0.05).
The Construction and Evaluation of a Comprehensive Diagnostic Scoring Model
As previously mentioned, although we constructed a m6A prognostic scoring model, its prediction performance may not be good enough for PCa diagnosis. Therefore, we further constructed a comprehensive diagnostic scoring model to improve the predictive ability. Here, more biomarkers related to PCa prognosis were taken into consideration. Combined with our previous research results, in which we found three lncRNAs (LINC00683, LINC00857, and FENDRR) and two mRNAs (CCDC178 and SERPINA5) were significantly related with overall survival of PCa patients (Liu et al., 2019), and 3 m6A regulators (METTL14, HNRNPA2B1, and YTHDF2) were combined with five RNAs (2lncRNA+3mRNA) in a variety of ways in order to construct an optimal complex model. Finally, HNRNPA2B1 plus five RNAs was the best model combination we found from seven different ways (Supplementary Table S3).
The data presented in Figure 7 indicated that the scoring model based on the six-gene panel was effective for the prediction of PCa prognosis. By LASSO algorithm selection, six genes (HNRNPA2B1, LINC00683, LINC00857, FENDRR, CCDC178, and SERPINA5) were retained (Figures 7A,B). Based on this model, we were surprised to find that the overall survival of PCa patients in the high-risk group exhibited significantly reduced and closely related to high T-status (T3/T4) and N-status (N1) (Figures 7C,D; Table 1). Besides, the accuracy of model prediction and the clinical diagnosis feasibility were validated by the 5-year ROC curve and independent prognosis analysis (Figure 8). Compared with the PSA, 3 m6A regulators scoring model, and previous established model (Leyten et al., 2015; Shao et al., 2020; Wang et al., 2020), the 6-gene panel scoring model has the best predictive performance (AUC = 0.827) (Figure 8; Table 1). These results indicated that the 6-gene panel risk score has the potential to be used as an independent prognostic factor in the treatment and diagnosis of PCa patients.
[image: Figure 7]FIGURE 7 | Construction of a comprehensive diagnostic scoring model for PCa. (A,B) The process of selecting risk genes using the LASSO algorithm. (C) Kaplan–Meier analysis of PCa patients for high-risk (red) and low-risk groups (blue). (D) Heatmap of differences in the clinicopathologic features of PCa patients for low-risk and high-risk groups.
TABLE 1 | Comparison of prediction performance between our scoring model and the previous established model.
[image: Table 1][image: Figure 8]FIGURE 8 | Evaluation of the prediction performance of the 6-gene panel diagnostic scoring model in TCGA cohorts. (A) The predictive efficiency of the 6-gene panel model and PSA were shown by a 5-year ROC curve. (B,C) Univariate and multivariate analysis of the correlation between clinicopathological features and overall survival of PCa patients.
Validation of Six-Gene Panel Scoring Model in Large-Scale PCa Cohorts
To test the robustness and the application potential of the six-gene panel scoring model in PCa diagnosis, we integrated whole TCGA and ICGC cohorts containing three different countries: America (TCGA-US), Canada (ICGC-CA), and France (ICGC-FR). We first constructed a multivariate Cox regression model using these six genes (Supplementary Figure S1) and then calculated the risk score of 654 PCa patients. The risk score distribution and survival status of PCa patients were shown in Figures 9A,B. For the whole TCGA and ICGC cohorts (N = 654), we observed that the overall survival of PCa patients in the high-risk group were also significantly reduced (Figure 9C; Table 1), which is consistent with the trends using the training dataset (TCGA-US). In addition, the model prediction ability was verified again by the 5-year ROC curve (AUC = 0.898). It still showed good performance for predicting prognosis in large-scale PCa cohorts (Figure 9D; Table 1).
[image: Figure 9]FIGURE 9 | Application potential of the 6-gene panel scoring model in large-scale PCa cohort diagnosis. (A,B) The distribution of risk score and survival status of PCa patients in the whole TCGA and ICGC cohorts (N = 654). (C) Kaplan–Meier analysis of PCa patients for high-risk (red) and low-risk groups (blue). (D) The predictive efficiency of the 6-gene panel scoring model was assessed by using a 5-year ROC curve.
DISCUSSION
PCa is asymptomatic in the early stages of disease development, thus leading to difficulties in diagnosing this disease. However, advanced PCa that progresses to tumor metastases is usually regarded as incurable or difficult to treat (Ardura et al., 2020). Current clincial diagnosis largely depends on PSA screening; however, this often fails to detect certain aggressive tumors and can lead to overtreatment in a considerable number of patients (Lilja et al., 2008; Scott and Munkley, 2019). Therefore, there is an urgent need to identify novel biomarkers that can be used for clinical diagnosis. As PCa is a heterogeneous and multifocal disease, multiple biomarkers are required to aid in directing clinical decisions (Scott and Munkley, 2019). In order to combine liquid biopsy for effective diagnosis, we aimed to explore new biomarkers for PCa from the epigenomics and transcriptomics perspective, and we hope to construct a comprehensive scoring model that can be used in clinical diagnostics.
Over the past few years, m6A modification has been demonstrated to play a vital role in major bioprocesses such as self-renewal, tissue development, control of circadian rhythms, primary mRNA processing, and RNA–protein interactions (Wang et al., 2014; Liu et al., 2015; Meyer et al., 2015; Zhao et al., 2017). More recently, a number of efforts have been devoted to investigate the biological impacts and the associated machinery of dysregulated m6A modification in the context of various cancers, including PCa (Li et al., 2017; Wang et al., 2017; Wu et al., 2018). These studies suggested that up- or down-regulation of particular m6A regulators is associated with tumors, and the same m6A regulators may exert different functions in different cancers.
In the present study, we attempted to delineate a complete atlas of prognosis-related m6A regulators for PCa and develop a new prognostic prediction scoring model. Here, only 17 widely reported and verified m6A regulators were taken into consideration. First, the atlas of m6A regulators in PCa was mapped based on TCGA RNA-sequencing data, including categories, chromosome location, correlation, and expression level (Figure 2). Finally, three PCa prognosis-related m6A regulators (METTL14, HNRNPA2B1, and YTHDF2) were identified by univariate analysis, and a LASSO-Cox model was constructed based on these regulators (Figure 3). Both multivariate Cox analysis and ROC analysis revealed that the 3-gene panel risk scores can predict clinicopathlogical features of PCa as an independent prognostic factor (Figure 4). In order to improve the prediction performance of clinical diagnosis, we next constructed a comprehensive diagnostic scoring model. Here, we combined five RNAs reported in our previous study (Liu et al., 2019) and 3 m6A regulators found in this study in seven different ways (Supplementary Table S3). Finally, we found HNRNPA2B1 plus five RNAs was the best model combination. This six gene-panel risk signature is significantly correlated with advanced clinical features of malignancy (T3/T4, N1), indicating that we can distinguish between early and advanced PCa patients according to this model (Figure 7).
To better illustrate our results, we conducted literature curation for three risk genes that construct the m6A prognostic scoring model. Among these prognosis-related m6A regulators, a number of previous studies have indicated that YTHDF2 is primarily involved in the malignant progression of pancreatic cancer, hepatocellular carcinoma, and acute myeloid leukemia (Chen et al., 2017; Paris et al., 2019; Zhong et al., 2019). The findings by Li et al. revealed that YTHDF2 was involved in the development of PCa by targeting miR-493–3p or inducing AKT phosphorylation (Li et al., 2017; Li et al., 2020). HNRNPA2B1 was previously reported to be associated with a number of cancers, including liver cancer, breast cancer, lung cancer, cervical cancer, and pancreatic cancer (Barcelo et al., 2014; Chen et al., 2017; Hu et al., 2017; Hung et al., 2017; Shi et al., 2018). Although Li et al. revealed that HNRNPA2B1 was associated with the overall survival of PCa patients, the function and role of HNRNPA2B1 in the context of PCa were not clear (Li et al., 2019). In regard to METTL14, currently available studies have demonstrated that it was significantly correlated with hepatocellular carcinoma, glioblastoma, acute myeloid leukemia, gastric cancer, and breast cancer (Cui et al., 2017; Ma et al., 2017; Weng et al., 2018; Wu et al., 2019; Zhang et al., 2019). So far, only two studies explored the possible roles of METTL14 in the context of PCa (Panneerdoss et al., 2018; Wu et al., 2021). One found that the depletion of METTL14 could inhibit clonability and migration of PCa (DU-145) cells, while another showed METTL14 was negatively correlated with the Gleason grade in PCa. Despite this, the underlying mechanism of METTL14 in PCa remains unclear. In our analysis results, METTL14 was proved to possess important clinical prognostic value based on large-scale PCa cohorts (Figure 5). Interestingly, METTL14 expression affected the immune activity of the tumor microenvironment, thus providing additional insight into the therapeutics of PCa (Figure 6). Combining our existing data with the previous research, we believed that METTL14 may prove to be a promising biomarker and therapeutic target in PCa.
Since the incidence and mortality of PCa have increased in recent years, it will be of great importance to develop new therapeutic approaches for this disease based on promising prognostic and diagnostic biomarkers. In this study, we finally constructed a comprehensive diagnostic scoring model based on a novel 6-gene panel. The model showed strong robust performance with respect to predicting PCa prognosis (Figure 8). Compared with the results of other research group (Leyten et al., 2015; Shao et al., 2020; Wang et al., 2020), the prediction performance of the novel 6-gene panel prognostic model (AUC = 0.827, Table 1) is relatively higher than their models. Most importantly, the application potential of the novel 6-gene panel prognostic model was further verified in large-scale PCa cohorts (Figure 9). In addition, using the RMVar database, we also found that 5 (LINC00683, LINC00857, FENDRR, SERPINA5, and CCDC178) out of the six genes could be methylated by m6A modification, but the direct evidence showing that “reader” HNRNPA2B1 could regulate the methylation level of these five genes is lacking within medium- or high-confidence experiment levels (Luo et al., 2021). It should be pointed out that HNRNPA2B1 itself could also be methylated by m6A modification based on the m6A-Atlas database (Tang et al., 2021). Therefore, the potential regulatory relationship between these six genes and m6A modification may need to be explored further by experiments in the future.
In summary, we expect that the application of this novel 6-gene panel scoring model will not only contribute to the selection of an appropriate therapeutic strategy, enabling precise prediction of personal prognosis, but will also further promote the understanding of the basic biology of PCa. Although further biological experiments are required to validate our findings, we believe that this model could also be used in the future as a complement to PSA screening for PCa (Figure 8).
DATA AVAILABILITY STATEMENT
The datasets analyzed in this study are available from the TCGA database (http://cancergenome.nih.gov/) and the ICGC database (https://icgc.org/).
AUTHOR CONTRIBUTIONS
YL: Conceptualization, formal data analysis, and original manuscript writing; SQ: data and literature collection; DS and TX: literature collection; QX: Writing—review and editing and funding acquisition; QL: Writing—review and editing, supervision, and funding acquisition. All authors read and approved the final manuscript.
FUNDING
This work was supported by grants from the National Natural Science Foundation of China (31870928, Project-recepient: QL; 81770494, Project-recepient: QX) and the Natural Science Foundation of Guangdong Province, China (2021A1515010040, Project-recepient: QL).
PUBLISHER’S NOTE
All claims expressed in this article are solely those of the authors and do not necessarily represent those of their affiliated organizations, or those of the publisher, the editors, and the reviewers. Any product that may be evaluated in this article, or claim that may be made by its manufacturer, is not guaranteed or endorsed by the publisher.
ACKNOWLEDGMENTS
Large-scale PCa cohort and clinical information were generated by TCGA and ICGC; we thank these two public database resources for the valuable data provided.
SUPPLEMENTARY MATERIAL
The Supplementary Material for this article can be found online at: https://www.frontiersin.org/articles/10.3389/fgene.2022.831162/full#supplementary-material
REFERENCES
 Ardura, J. A., Álvarez-Carrión, L., Gutiérrez-Rojas, I., and Alonso, V. (2020). Role of Calcium Signaling in Prostate Cancer Progression: Effects on Cancer Hallmarks and Bone Metastatic Mechanisms. Cancers 12, 1071–1097. doi:10.3390/cancers12051071
 Attard, G., Parker, C., Eeles, R. A., Schröder, F., Tomlins, S. A., Tannock, I., et al. (2016). Prostate Cancer. The Lancet 387, 70–82. doi:10.1016/s0140-6736(14)61947-4
 Barceló, C., Etchin, J., Mansour, M. R., Sanda, T., Ginesta, M. M., Sanchez-Arévalo Lobo, V. J., et al. (2014). Ribonucleoprotein HNRNPA2B1 Interacts with and Regulates Oncogenic KRAS in Pancreatic Ductal Adenocarcinoma Cells. Gastroenterology 147, 882–892. doi:10.1053/j.gastro.2014.06.041
 Barry, M. J. (2009). Screening for Prostate Cancer - the Controversy that Refuses to Die. N. Engl. J. Med. 360, 1351–1354. doi:10.1056/NEJMe0901166
 Bovelstad, H. M., Nygard, S., Storvold, H. L., Aldrin, M., Borgan, O., Frigessi, A., et al. (2007). Predicting Survival from Microarray Data a Comparative Study. Bioinformatics 23, 2080–2087. doi:10.1093/bioinformatics/btm305
 Bray, F., Ferlay, J., Soerjomataram, I., Siegel, R. L., Torre, L. A., and Jemal, A. (2018). Global Cancer Statistics 2018: GLOBOCAN Estimates of Incidence and Mortality Worldwide for 36 Cancers in 185 Countries. CA: A Cancer J. Clinicians 68, 394–424. doi:10.3322/caac.21492
 Cai, J., Yang, F., Zhan, H., Situ, J., Li, W., Mao, Y., et al. (2019). RNA m6A Methyltransferase METTL3 Promotes the Growth of Prostate Cancer by Regulating Hedgehog Pathway. Ott Vol. 12, 9143–9152. doi:10.2147/OTT.S226796
 Chen, J., Sun, Y., Xu, X., Wang, D., He, J., Zhou, H., et al. (2017). YTH Domain Family 2 Orchestrates Epithelial-Mesenchymal Transition/proliferation Dichotomy in Pancreatic Cancer Cells. Cell Cycle 16, 2259–2271. doi:10.1080/15384101.2017.1380125
 Chen, T., Gu, C., Xue, C., Yang, T., Zhong, Y., Liu, S., et al. (2017). LncRNA-uc002mbe.2 Interacting with hnRNPA2B1 Mediates AKT Deactivation and P21 Up-Regulation Induced by Trichostatin in Liver Cancer Cells. Front. Pharmacol. 8, 669–679. doi:10.3389/fphar.2017.00669
 Cui, Q., Shi, H., Ye, P., Li, L., Qu, Q., Sun, G., et al. (2017). m 6 A RNA Methylation Regulates the Self-Renewal and Tumorigenesis of Glioblastoma Stem Cells. Cel Rep. 18, 2622–2634. doi:10.1016/j.celrep.2017.02.059
 Dai, D., Wang, H., Zhu, L., Jin, H., and Wang, X. (2018). N6-methyladenosine Links RNA Metabolism to Cancer Progression. Cell Death Dis 9, 124–136. doi:10.1038/s41419-017-0129-x
 Deng, X., Su, R., Weng, H., Huang, H., Li, Z., and Chen, J. (2018). RNA N6-Methyladenosine Modification in Cancers: Current Status and Perspectives. Cell Res 28, 507–517. doi:10.1038/s41422-018-0034-6
 Gu, Z., Gu, L., Eils, R., Schlesner, M., and Brors, B. (2014). Circlize Implements and Enhances Circular Visualization in R. Bioinformatics 30, 2811–2812. doi:10.1093/bioinformatics/btu393
 Heagerty, P. J., Lumley, T., and Pepe, M. S. (2000). Time-dependent ROC Curves for Censored Survival Data and a Diagnostic Marker. Biometrics 56, 337–344. doi:10.1111/j.0006-341x.2000.00337.x
 Hu, Y., Sun, Z., Deng, J., Hu, B., Yan, W., Wei, H., et al. (2017). Splicing Factor hnRNPA2B1 Contributes to Tumorigenic Potential of Breast Cancer Cells through STAT3 and ERK1/2 Signaling Pathway. Tumour Biol. 39, 139–149. doi:10.1177/1010428317694318
 Hung, C.-Y., Wang, Y.-C., Chuang, J.-Y., Young, M.-J., Liaw, H., Chang, W.-C., et al. (2017). Nm23-H1-stabilized hnRNPA2/B1 Promotes Internal Ribosomal Entry Site (IRES)-mediated Translation of Sp1 in the Lung Cancer Progression. Sci. Rep. 7, 9166–9178. doi:10.1038/s41598-017-09558-7
 Kohaar, I., Petrovics, G., and Srivastava, S. (2019). A Rich Array of Prostate Cancer Molecular Biomarkers: Opportunities and Challenges. Ijms 20, 1813–1831. doi:10.3390/ijms20081813
 Leyten, G. H. J. M., Hessels, D., Smit, F. P., Jannink, S. A., de Jong, H., Melchers, W. J. G., et al. (2015). Identification of a Candidate Gene Panel for the Early Diagnosis of Prostate Cancer. Clin. Cancer Res. 21, 3061–3070. doi:10.1158/1078-043210.1158/1078-0432.ccr-14-3334
 Li, B., Zhu, L., Lu, C., Wang, C., Wang, H., Jin, H., et al. (2021). circNDUFB2 Inhibits Non-small Cell Lung Cancer Progression via Destabilizing IGF2BPs and Activating Anti-tumor Immunity. Nat. Commun. 12, 295. doi:10.1038/s41467-020-20527-z
 Li, E., Wei, B., Wang, X., and Kang, R. (2020). METTL3 Enhances Cell Adhesion through Stabilizing Integrin β1 mRNA via an m6A-HuR-dependent Mechanism in Prostatic Carcinoma. Am. J. Cancer Res. 10, 1012–1025.
 Li, J., Meng, S., Xu, M., Wang, S., He, L., Xu, X., et al. (2017). Downregulation of N6-Methyladenosine Binding YTHDF2 Protein Mediated by miR-493-3p Suppresses Prostate Cancer by Elevating N6-Methyladenosine Levels. Oncotarget 9, 3752–3764. doi:10.18632/oncotarget.23365
 Li, J., Xie, H., Ying, Y., Chen, H., Yan, H., He, L., et al. (2020). YTHDF2 Mediates the mRNA Degradation of the Tumor Suppressors to Induce AKT Phosphorylation in N6-methyladenosine-dependent Way in Prostate Cancer. Mol. Cancer 19, 152. doi:10.1186/s12943-020-01267-6
 Li, Y., Gu, J., Xu, F., Zhu, Q., Chen, Y., Ge, D., et al. (2021). Molecular Characterization, Biological Function, Tumor Microenvironment Association and Clinical Significance of m6A Regulators in Lung Adenocarcinoma. Brief Bioinform 22, bbaa225. PMID: 33003204. doi:10.1093/bib/bbaa225
 Li, Y., Xiao, J., Bai, J., Tian, Y., Qu, Y., Chen, X., et al. (2019). Molecular Characterization and Clinical Relevance of m6A Regulators across 33 Cancer Types. Mol. Cancer 18, 137. doi:10.1186/s12943-019-1066-3
 Liao, J., Schneider, A., Datta, N. S., and McCauley, L. K. (2006). Extracellular Calcium as a Candidate Mediator of Prostate Cancer Skeletal Metastasis. Cancer Res. 66, 9065–9073. doi:10.1158/0008-5472.CAN-06-0317
 Lilja, H., Ulmert, D., and Vickers, A. J. (2008). Prostate-specific Antigen and Prostate Cancer: Prediction, Detection and Monitoring. Nat. Rev. Cancer 8, 268–278. doi:10.1038/nrc2351
 Liu, N., Dai, Q., Zheng, G., He, C., Parisien, M., and Pan, T. (2015). N6-methyladenosine-dependent RNA Structural Switches Regulate RNA-Protein Interactions. Nature 518, 560–564. doi:10.1038/nature14234
 Liu, Y., Yang, B., Su, Y., Xiang, Q., and Li, Q. (2019). Downregulation of Long Noncoding RNA LINC00683 Associated with Unfavorable Prognosis in Prostate Cancer Based on TCGA. J. Cel Biochem 120, 14165–14174. doi:10.1002/jcb.28691
 Luo, X., Li, H., Liang, J., Zhao, Q., Xie, Y., Ren, J., et al. (2021). RMVar: an Updated Database of Functional Variants Involved in RNA Modifications. Nucleic Acids Res. 49, D1405–D1412. doi:10.1093/nar/gkaa811
 Ma, J. Z., Yang, F., Zhou, C. C., Liu, F., Yuan, J. H., Wang, F., et al. (2017). METTL14 Suppresses the Metastatic Potential of Hepatocellular Carcinoma by Modulating N 6 ‐methyladenosine‐dependent Primary MicroRNA Processing. Hepatology 65, 529–543. doi:10.1002/hep.28885
 Meyer, K. D., Patil, D. P., Zhou, J., Zinoviev, A., Skabkin, M. A., Elemento, O., et al. (2015). 5′ UTR m6A Promotes Cap-independent Translation. Cell 163, 999–1010. doi:10.1016/j.cell.2015.10.012
 Natalia, P., Stephanie, S., and Justin, J.-L. W. (2018). Aberrant Expression of Enzymes Regulating m6A mRNA Methylation: Implication in Cancer. Cancer Biol. Med. 15, 323–334. doi:10.20892/j.issn.2095-3941.2018.0365
 Newman, A. M., Liu, C. L., Green, M. R., Gentles, A. J., Feng, W., Xu, Y., et al. (2015). Robust Enumeration of Cell Subsets from Tissue Expression Profiles. Nat. Methods 12, 453–457. doi:10.1038/nmeth.3337
 Panneerdoss, S., Eedunuri, V. K., Yadav, P., Timilsina, S., Rajamanickam, S., Viswanadhapalli, S., et al. (2018). Cross-talk Among Writers, Readers, and Erasers of M 6 A Regulates Cancer Growth and Progression. Sci. Adv. 4, eaar8263. doi:10.1126/sciadv.aar8263
 Paris, J., Morgan, M., Campos, J., Spencer, G. J., Shmakova, A., Ivanova, I., et al. (2019). Targeting the RNA m6A Reader YTHDF2 Selectively Compromises Cancer Stem Cells in Acute Myeloid Leukemia. Cell Stem Cell 25, 137–148. e136. doi:10.1016/j.stem.2019.03.021
 Quail, D. F., and Joyce, J. A. (2013). Microenvironmental Regulation of Tumor Progression and Metastasis. Nat. Med. 19, 1423–1437. doi:10.1038/nm.3394
 Roundtree, I. A., Evans, M. E., Pan, T., and He, C. (2017). Dynamic RNA Modifications in Gene Expression Regulation. Cell 169, 1187–1200. doi:10.1016/j.cell.2017.05.045
 Scott, E., and Munkley, J. (2019). Glycans as Biomarkers in Prostate Cancer. Ijms 20, 1389. doi:10.3390/ijms20061389
 Shao, N., Tang, H., Mi, Y., Zhu, Y., Wan, F., and Ye, D. (2020). A Novel Gene Signature to Predict Immune Infiltration and Outcome in Patients with Prostate Cancer. OncoImmunology 9, 1762473. doi:10.1080/2162402X.2020.1762473
 Shi, X., Ran, L., Liu, Y., Zhong, S. H., Zhou, P. P., Liao, M. X., et al. (2018). Knockdown of hnRNP A2/B1 Inhibits Cell Proliferation, Invasion and Cell Cycle Triggering Apoptosis in Cervical Cancer via PI3K/AKT Signaling Pathway. Oncol. Rep. 39, 939–950. doi:10.3892/or.2018.6195
 Siegel, R. L., Miller, K. D., and Jemal, A. (2016). Cancer Statistics, 2016. CA: A Cancer J. Clinicians 66, 7–30. doi:10.3322/caac.21332
 Strasner, A., and Karin, M. (2015). Immune Infiltration and Prostate Cancer. Front. Oncol. 5, 128–137. doi:10.3389/fonc.2015.00128
 Su, G., Morris, J. H., Demchak, B., and Bader, G. D. (2014). Biological Network Exploration with Cytoscape 3. Curr. Protoc. Bioinformatics 47, 8–13. doi:10.1002/0471250953.bi0813s47
 Tang, Y., Chen, K., Song, B., Ma, J., Wu, X., Xu, Q., et al. (2021). m6A-Atlas: a Comprehensive Knowledgebase for Unraveling the N6-Methyladenosine (m6A) Epitranscriptome. Nucleic Acids Res. 49, D134–D143. doi:10.1093/nar/gkaa692
 Wang, J., Lin, H., Zhou, M., Xiang, Q., Deng, Y., Luo, L., et al. (2020). The m6A Methylation Regulator-Based Signature for Predicting the Prognosis of Prostate Cancer. Future Oncol. 16, 2421–2432. doi:10.2217/fon-2020-0330
 Wang, S., Chai, P., Jia, R., and Jia, R. (2018). Novel Insights on M(6)A RNA Methylation in Tumorigenesis: a Double-Edged Sword. Mol. Cancer 17, 101–110. doi:10.1186/s12943-018-0847-4
 Wang, S., Sun, C., Li, J., Zhang, E., Ma, Z., Xu, W., et al. (2017). Roles of RNA Methylation by Means of N6-Methyladenosine (m6A) in Human Cancers. Cancer Lett. 408, 112–120. doi:10.1016/j.canlet.2017.08.030
 Wang, Y., Li, Y., Toth, J. I., Petroski, M. D., Zhang, Z., and Zhao, J. C. (2014). N6-methyladenosine Modification Destabilizes Developmental Regulators in Embryonic Stem Cells. Nat. Cel Biol 16, 191–198. doi:10.1038/ncb2902
 Wang, Z., Jensen, M. A., and Zenklusen, J. C. (2016). A Practical Guide to the Cancer Genome Atlas (TCGA). Methods Mol. Biol. 1418, 111–141. doi:10.1007/978-1-4939-3578-9_6
 Weng, H., Huang, H., Wu, H., Qin, X., Zhao, B. S., Dong, L., et al. (2018). METTL14 Inhibits Hematopoietic Stem/Progenitor Differentiation and Promotes Leukemogenesis via mRNA m6A Modification. Cell Stem Cell 22, 191–205. doi:10.1016/j.stem.2017.11.016
 Wu, L., Wu, D., Ning, J., Liu, W., and Zhang, D. (2019). Changes of N6-Methyladenosine Modulators Promote Breast Cancer Progression. BMC Cancer 19, 326. doi:10.1186/s12885-019-5538-z
 Wu, Q., Xie, X., Huang, Y., Meng, S., Li, Y., Wang, H., et al. (2021). N6-methyladenosine RNA Methylation Regulators Contribute to the Progression of Prostate Cancer. J. Cancer 12, 682–692. doi:10.7150/jca.46379
 Wu, X., Sang, L., and Gong, Y. (2018). N6-methyladenine RNA Modification and Cancers. Am. J. Cancer Res. 8, 1957–1966.
 Yuan, Y., Du, Y., Wang, L., and Liu, X. (2020). The M6A Methyltransferase METTL3 Promotes the Development and Progression of Prostate Carcinoma via Mediating MYC Methylation. J. Cancer 11, 3588–3595. doi:10.7150/jca.42338
 Zhang, C., Zhang, M., Ge, S., Huang, W., Lin, X., Gao, J., et al. (2019). Reduced m6A Modification Predicts Malignant Phenotypes and Augmented Wnt/PI3K‐Akt Signaling in Gastric Cancer. Cancer Med. 8, 4766–4781. doi:10.1002/cam4.2360
 Zhao, B. S., Wang, X., Beadell, A. V., Lu, Z., Shi, H., Kuuspalu, A., et al. (2017). m6A-dependent Maternal mRNA Clearance Facilitates Zebrafish Maternal-To-Zygotic Transition. Nature 542, 475–478. doi:10.1038/nature21355
 Zhong, L., Liao, D., Zhang, M., Zeng, C., Li, X., Zhang, R., et al. (2019). YTHDF2 Suppresses Cell Proliferation and Growth via Destabilizing the EGFR mRNA in Hepatocellular Carcinoma. Cancer Lett. 442, 252–261. doi:10.1016/j.canlet.2018.11.006
Conflict of Interest: The authors declare that the research was conducted in the absence of any commercial or financial relationships that could be construed as a potential conflict of interest.
Copyright © 2022 Liu, Qiu, Sun, Xiong, Xiang and Li. This is an open-access article distributed under the terms of the Creative Commons Attribution License (CC BY). The use, distribution or reproduction in other forums is permitted, provided the original author(s) and the copyright owner(s) are credited and that the original publication in this journal is cited, in accordance with accepted academic practice. No use, distribution or reproduction is permitted which does not comply with these terms.
OPS/images/fgene-13-831162-g005.gif





OPS/images/fgene-13-831162-g006.gif





OPS/images/fgene-13-831162-g003.gif





OPS/images/fgene-13-831162-g004.gif





OPS/images/fgene-13-831162-g009.gif





OPS/images/fgene-13-831162-g007.gif





OPS/images/fgene-13-831162-g008.gif





OPS/xhtml/nav.xhtml
Contents

		Cover

		Construction of a Comprehensive Diagnostic Scoring Model for Prostate Cancer Based on a Novel Six-Gene Panel		Introduction

		Materials and Methods		Data Source and Processing

		Identification of Differentially Expressed m6A Regulators in PCa

		Construction of a LASSO-Cox Diagnostic Scoring Model

		Assessment of the Relevance of Clinical Characteristics

		Estimation of Infiltrating Cells Within the Tumor Microenvironment Using the CIBERSORT Algorithm

		Statistical Analysis





		Results		Overview of m6A Regulators Profiling in PCa

		Potential Clinical Utility of Risk Score and m6A Regulators

		Assessment of the Prediction Performance of Risk Score Based on m6A Regulators

		The Prognostic Value of METTL14 for PCa Patients

		METTL14 May Be a Potential Indicator for Tumor Microenvironment Modulation

		The Construction and Evaluation of a Comprehensive Diagnostic Scoring Model

		Validation of Six-Gene Panel Scoring Model in Large-Scale PCa Cohorts





		Discussion

		Data Availability Statement

		Author Contributions

		Funding

		Publisher’s Note

		Acknowledgments

		Supplementary Material

		References









OPS/images/cover.jpg
& frontiers | Frontiers in Genetics






OPS/images/fgene-13-831162-g001.gif





OPS/images/fgene-13-831162-g002.gif
E # 5
ISP IR





OPS/images/math_qu1.gif
Risk Score = ) " Coe f (i) x x(i)





OPS/images/fgene-13-831162-t001.jpg
Prediction ability Gene signature Significance of Significance of

Model difference difference
of overall survival® of clinical T
status®
Leyten et al HOXC6, TDRD1, DLX1, SPCA3® - -
Shao et al.® ZNF467, SHIRF2, PPFIA2, MYT1, TROAP, GOLGA7B p < 0.001 (TCGA) -
p =0.008 (GEO)
p < 0.001 (FUSCC)
p < 0.001 (TAHNU)
Wang et al METTL14, YTHDF2 001 -
m6A prognostic scoring  METTL14, YTHDF2, HNRNPA2B1 p=0040 TO
model
6-gene panel scoring LINCO00683, LINCO0857, FENDRR, HNRNPA2B1, CCDC178,  p = 0.001 (Training set) T (*)
model SERPINAS

p = 0.0005 (Testing set) ~ (Training set)

“Significance of diference of Overal Survival between low-risk groups and high-risk groups.
“Clinical characteristics significant differences between low-risk groups and high-risk groups (' < 0.05, *'p < 0.01).
*SPCA3 is serum prostate-specifc antigen.

AUC value of
ROC
curve

081

073 (TCGA)
0.76 (GEO)
072 (FUSCC)
081 (TAHNU)
0762

0782

0827
(Training set)
0.898 (Testing sef)

“The Cancer Genome Atlas (TCGA), Gene Expression Omnibus (GEO) serve as discovery set andtest set separately, the databases of Fudan University Shanghai Cancer Center (FUSCC)

and Third Affiliated Hospital of Nantong University (TAHNU) were an external validation set.









OPS/images/crossmark.jpg
©

|





OPS/images/logo.jpg
P frontiers | Frontiers in Genetics





