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Testicular germ cell tumors (TGCTs) are common urological neoplasms in young adult males. The outcome of TGCT depends on pathologic type and tumor stage. RNA-binding proteins (RBPs) influence numerous cancers via post-transcriptional regulation. The prognostic importance of RBPs in TGCT has not been fully investigated. In this study, we set up a prognostic risk model of TGCT using six significantly differentially expressed RBPs, namely, TRMT61A, POLR2J, DIS3L2, IFIH1, IGHMBP2, and NPM2. The expression profiles were downloaded from The Cancer Genome Atlas (TCGA) and Genotype-Tissue Expression datasets. We observed by performing least absolute shrinkage and selection operator (LASSO) regression analyses that in the training cohort, the expression of six RBPs was correlated with disease-free survival in patients with TGCT. We assessed the specificity and sensitivity of 1-, 3-, 5-, and 10-year survival status prediction using receiver operating characteristic curve analysis and successfully validated using the test cohorts, the entire TCGA cohort, and Gene Expression Omnibus (GEO) datasets. Gene Ontology, Kyoto Encyclopedia of Genes and Genomes, and gene set enrichment analyses were carried out to seek the possible signaling pathways related with risk score. We also examined the association between the model based on six RBPs and different clinical characteristics. A nomogram was established for TGCT recurrence prediction. Consensus clustering analysis was carried out to identify the clusters of TGCT with different clinical outcomes. Ultimately, external validations of the six-gene risk score were performed by using the GSE3218 and GSE10783 datasets downloaded from the GEO database. In general, our study constructed a prognostic model based on six RBPs, which could serve as independent risk factor in TGCT, especially in seminoma, and might have brilliant clinical application value.
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INTRODUCTION

Testicular germ cell tumors (TGCTs) are the most common malignant neoplasms in young adult males between 20 and 40 years old despite being regarded as rare tumor types that account for only 1% of solid neoplasms in men (Tsili et al., 2019). TGCT has two main subtypes: seminoma and non-seminoma. The outcome depends on its pathologic type and tumor stage (Zhang et al., 2018). Although TGCT mortality is lower than 10% and the cure rate has reached 95% because of the application of cisplatin-based chemotherapy (Diamantopoulos and Kortsaris, 2010; Cheng et al., 2018), 10–15% of the patients are refractory to first-line chemotherapy and TGCT has poor outcome (Oechsle et al., 2011). Serum tumor markers, such as alpha fetoprotein (AFP), human chorionic gonadotropin (hCG), and lactose dehydrogenase (LDH), are widely applied clinically and effective in the diagnosis, staging, risk stratification, treatment, and evaluation of patients’ response to chemotherapy in TGCT (Marshall et al., 2019). Several studies also attempted to look for biomarkers related with prognosis of TGCT. MGMT and CALCA promoter methylation were found in connection with poor outcome in patients with TGCT (Martinelli et al., 2017). β-catenin was linked to suppressed immune infiltration and poor clinical features in TGCT (Chovanec et al., 2018). However, a risk model for TGCT prognosis prediction has not been designed so far.

RNA-binding proteins (RBPs) are identified as conserved proteins in eukaryotes that play critical roles in co-transcriptional and post-transcriptional gene regulation, particularly RNA maturation, turnover, localization, and translation (Glisovic et al., 2008). The dysregulation of RBPs in diverse cancers influences the expression and function of tumor-related proteins through mechanisms, such as post-transcriptional regulations, RBP–RNA networks, and results in cancer development (Pereira et al., 2017). The musashi RNA binding protein 2 stabilizes androgen receptor mRNA by targeting its 3′-untranslated region and drives prostate cancer progression (Zhao et al., 2020). Similarly, KHDRBS1 functions as a post-transcriptional regulator by binding to its target mRNAs and suppresses colon cancer metastasis (Yu et al., 2020). Notably, RBPs might be involved in spermatogenesis and TGCT. DAZL knockout in mouse germ cells leads to complete male sterility through the gradual loss of spermatogonial stem cells (SSCs), meiotic arrest, and spermatid arrest (Li et al., 2019). KHDRBS1 downregulation inhibits the proliferation, accelerates the apoptosis of germ cell, and thus causes spermatogenic defects in human testes (Li et al., 2014). The increased expression of LINC00162 in the nucleus could promote the proliferation of testicular embryonal carcinoma cells via miR-320a and miR-383 by binding to nucleolin, a kind of RBP (Lü et al., 2015). However, few researchers had focused on the prognostic value of RBPs in TGCT; therefore, our work is necessary.

In the current study, we explored the prognostic importance of RBPs in TGCT by analyzing the expression data of differentially expressed RBPs in TGCT obtained from online databases. The risk model constructed by Cox regression analyses and Lasso regression showed that expression of six RBPs is correlated with disease-free survival (DFS) in patients with TGCT. We assessed the specificity and sensitivity of 10-year survival status prediction using receiver operating characteristic (ROC) curve analysis, and successfully validated the results in multiple cohorts. Functional analysis was carried out to seek the possible mechanisms and pathways. We also examined the association between the model based on six RBPs and different clinical characteristics. A TGCT nomogram was established for recurrence prediction. Consensus clustering analysis was carried out to identify the clusters of TGCT with different clinical outcomes.



MATERIALS AND METHODS


Patient Selection and Data Collection

The expression data and clinical information of RBPs in 156 patients with TGCT were downloaded from The Cancer Genome Atlas (TCGA) datasets,1 and the data of 165 healthy controls were obtained from Genotype-Tissue Expression (GTEx).2 We downloaded “TCGA-TGCT.survival.tsv.gz” and “TCGA-TGCT.htseq_fpkm.tsv.gz” from TCGA datasets. We further downloaded “gtex_RSEM_gene_fpkm.gz” and “GTEX_phenotype.gz” from the GTEx dataset and selected patients whose “primary site” is “Testis.” Patients with Patient data included a complete RBP expression profile and survival data for DFS. This study complied with TCGA publication guidelines and policies. No ethics approval was demanded for this study because data were obtained from online public resources.

In this study, we selected 1,542 RBPs for further analysis (Gerstberger et al., 2014). Adjusted false discovery rate (FDR) < 0.05 and absolute | log2 fold change| > 0.5 were chosen as the cut-off threshold. “Limma” package (3.46.0) was used for screening the differentially expressed genes (DEGs) between cancer samples and normal control samples.



Protein–Protein Interaction (PPI) Network Construction and Module Analysis

In the current study, information on the protein–protein interaction (PPI) network of RBPs were obtained from the Search Tool for the Retrieval of Interacting Genes (STRING) database3 with interaction score >0.7, and 388 differentially expressed RBPs were chosen to constitute the PPI network. Plug-in Molecular Complex Detection (MCODE) was applied to detect densely connected regions in PPI networks, which was visualized by Cytoscape (version 3.8.0).4 The PPI networks were constructed using Cytoscape and the most significant module in the PPI networks was selected using MCODE. The criteria for selection were set as follows: maximum depth = 100, degree cut-off = 2, node score cut-off = 0.2, MCODE scores > 5 and K-score = 2.



Construction of Prognostic Prediction Model

Our work was designed and executed following the process presented in the flow chart (Figure 1) to find out the roles of RBPs in TCGT. All patients with TGCT in TCGA were randomly divided into two groups. Among 121 patients, 79 were selected as a training cohort and 42 cases were classified into a test cohort. We carried out Cox univariate analysis to identify possible prognostic RBPs based in the training cohort. Then, we excluded some genes highly correlated with one another using least absolute shrinkage and selection operator (LASSO) Cox regression algorithm to avoid overfitting the model. Ten RBPs were selected for further Cox multivariate proportional hazards regression analysis. Finally, six RBPs (TRMT61A, POLR2J, DIS3L2, IFIH1, IGHMBP2, and NPM2) were identified for the construction of risk score. Risk score was calculated through the following formula: Risk score = [image: image] where n, coef(i), and x(i) represent the number of genes, the coefficient of each gene, and the relative expression value of each gene selected by multivariate analysis, respectively. Patients were divided into high-risk and low-risk groups based on the median risk score of all samples. Kaplan–Meier curve and log-rank test were carried out to evaluate the relationship between DFS and risk score. The “glmnet,” “survival,” and “survminer” packages in R were used to construct the prognostic prediction model.
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FIGURE 1. The flow chart of the study design and analysis.




Validation of Prognostic Signature

Patients in the test cohort were classified into high-risk and low-risk groups based on the same cut-off risk score. Kaplan–Meier curve and log-rank test were carried out to evaluate the relationship between DFS and risk score. Then, we validated the prediction accuracy of the prognostic model in the entire TCGA cohort. Kaplan-Meier curve and ROC were carried out. Chi-square test was performed to evaluate the association between clinicopathological parameters and the risk score in the entire TCGA cohort. Univariate and multivariate Cox regression analyses were used in the entire TCGA cohort to investigate whether risk score was an independent prognostic factor. The prognostic value of risk score stratified by clinicopathological parameters was further assessed. The “survival,” “survminer,” and “survivalROC” packages in R were used to carry out Kaplan-Meier and ROC analysis.



Establishment and Validation of Nomogram for Prognosis Prediction

A nomogram for prognosis prediction was constructed using all independent prognostic factors (risk score, serum marker levels, and pathological stage). Calibration plots were used to investigate the calibration of the nomogram. The “rms,” “foreign,” and “survival” packages in R were used to establish and validate the nomogram.



Functional Analysis

After dividing the patients with TGCT into two groups based on six-RBP risk score, we subsequently performed Gene Ontology (GO) and Kyoto Encyclopedia of Genes and Genomes (KEGG) pathway enrichment analyses of DEGs between the two groups using the “clusterProfiler” R package to extract the information of the enriched functions and pathways of the prognostic model based on six RBPs. GO analysis consists of three terms: biological process (BP), cellular component (CC), and molecular function (MF). FDR < 0.05 and | log2FC| > 0.5 were used as thresholds. Gene set enrichment analysis (GSEA) is a systematic method used to figure out whether hallmark gene sets predicted have statistically significant differences between two different groups (Subramanian et al., 2005). We carried out GSEA to analyze significant differences between the survival of the high-risk and low-risk groups in the entire TCGA cohort. Normalized p < 0.05 and FDR < 0.25 were considered significant differences.



Consensus Clustering Analysis

The TGCT cohort was clustered into two groups according to the consensus expression of six selected RBPs using “Consensus Cluster Plus” in R to check out whether the expression levels of RBPs have prognostic value. Chi-square test was used to compare the distribution of serum markers, lymphovascular invasion, pathological stage, TMN stage, type, and age between two clusters. We carried out principal component analysis (PCA) to compare the transcriptional profile between clusters 1 and 2.



External Validations of the Six-Gene Risk Score Using the Gene Expression Omnibus Database

The six-gene risk score was further verified using two gene expression profiles (GSE3218 and GSE10783) extracted from the Gene Expression Omnibus (GEO) database.5 We used the following terms to search the eligible GEO datasets: (“Germ Cell Tumors” or “Testicular Germ Cell Tumor”) and (“outcome” or “prognosis”) and (“male”). The eligible studies met the following inclusion criteria: (Tsili et al., 2019) reported research on patients with TCGT; (Zhang et al., 2018) provided sufficient clinical data to calculate overall survival (OS), DFS, or progression-free survival; and (Diamantopoulos and Kortsaris, 2010) provided gene expression profiles of TGCT. Only peer-reviewed studies were deemed eligible for inclusion. Conference abstracts and case reports were excluded. After searching the databases, the data source of the references was examined to avoid duplicates. Data from the most complete study was extracted when duplicates in study population were found. The “sva” package was used to remove batch effects and other needless variables. Overall, 108 samples from GSE3218 and GSE10783 were used as the independent external validation cohort. Kaplan-Meier curve and log-rank test were carried out to evaluate the relationship between OS and risk score.



Statistical Analysis

All statistical data and figures were analyzed using R 4.0.0. We assessed the different expression of RBPs between the control and TGCT groups by Wilcoxon’s test. Chi-square test was performed to evaluate the association between risk score and clinicopathological parameters. Univariate and multivariate Cox regression analyses were used in the entire TCGA cohort to investigate whether risk score is an independent prognostic factor. ROC curve and the area under the ROC curve (AUC) were used to evaluate the prognostic ability of risk score using the package of “survivalROC” in R. All statistical results with p < 0.05 were considered statistically significant.



RESULTS


Differentially Expressed RBPs in TGCT

We analyzed the expression profiles of RBPs between 156 tumor samples and 165 healthy controls healthy individuals from TCGA and GTEx. We screened 489 DEGs, including 287 significantly up-regulated RBPs and 222 down-regulated RBPs. All the DEGs were identified based on | log2FC| > 0.5 and FDR < 0.05. Heatmap and volcano plot (Figure 2) were also constructed to visualize the expression patterns of DEGs, in which red and green colors represent relatively high and low expression levels, respectively.
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FIGURE 2. Heatmap and volcano plots of TGCT patients from TCGA. Heatmap (A) and volcano (B) plots were generated with FDR < 0.05 and | log2FC| > 0.5, using the data of differentially expressed RBPs in TGCT downloaded from TCGA and GTEx. TGCT, Testicular germ cell tumors; TCGA, The Cancer Genome Atlas; RBPs, RNA-binding proteins; GTEx, Genotype-Tissue Expression; N, Normal controls from healthy individuals; T, tumor samples of testicular germ cell tumors.




PPI Network Among Differentially Expressed RBPs

We used STRING to establish the PPI network and further explore the correlation and interaction between the differentially expressed RBPs. Cytoscape was also applied to visualize the interaction network. The most meaningful modules were selected and are shown in Figure 3, in which red and green colors meant relatively high and low gene expression, respectively.
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FIGURE 3. The most critical modules in the PPI network of differentially expressed RBPs (A–C). Significant modules were obtained from the PPI network using MCODE of Cytoscape. Modules with red color and green color relatively represent high expression and low expression levels of RBPs. The criteria for selection were set as follows: Max depth = 100, degree cut-off = 2, Node score cut-off = 0.2, MCODE scores > 5, and K-score = 2. PPI, protein–protein interactions; RBPs, RNA-binding proteins; MCODE, Molecular Complex Detection.




Construction of RBP-Related Risk Score in the TCGA Training Cohort and Validation of the Risk Score in the TCGA Test Group

The DFS data of 132 patients with TGCT were obtained from TCGA and randomly divided into the training and test groups. In the training group, we conducted univariate Cox regression based on DFS and identified 13 genes that strongly indicated TGCT prognosis and were significantly related to DFS (p < 0.05, Figure 4A). Then, we used LASSO regression to avoid overfitting (Figures 4B,C). We finally targeted six key genes (TRMT61A, POLR2J, DIS3L2, IFIH1, IGHMBP2, and NPM2) that met the modeling requirement by multivariate Cox regression analysis (Figure 4D). Each gene expression value was matched with its relevant coefficient, and the risk scores of the training cohort were calculated using the formula: Risk score = (TRMT61A expression) × (1.01815998520062) + (POLR2J3 expression) × (−2.01356263 039402) + (DIS3L2 expression) × (−2.03760675664572) + (IFIH1 expression) × (−0.34441879625446) + (IGHMBP2 expression) × (2.45508579120534) + (NPM2 expression) × (0.582848422396182). Patients in the training group were subdivided into high- and low-risk groups according to the median risk score. Kaplan–Meier survival curve analysis revealed that the high-risk group has worse prognosis than the low-risk group (p < 0.001, Figure 5A). Based on the prognostic model, the survival status or prognosis of patients with TGCT became worse, that is, the number of dead patients increased as the risk score increased (Figures 5B,C). The expression patterns of the six risk RBPs in the high-risk and low-risk groups are shown in the a heatmap in Figure 5D. Time-dependent ROC analysis was applied to assess the predictive efficiency of the model. The AUCs were 0.857, 0.802, 0.779, and 0.749 at 1, 3, 5, and10 years, respectively (Figures 5E–H). The results indicated that the model is sensitive and has fair accurance for prognosis prediction. We validated the prognostic models in the test group and proved that the model has the same predictive function as that in the training group (Figure 6). In the test group, the high-risk group has worse prognosis compared with the low-risk group in Kaplan–Meier survival curve analysis (p < 0.01, Figure 6A). Time-dependent ROC curve was made, and the AUCs were 0.762 at 1 years, 0.857 at 3 and 5 years, and 0.643 at 10 years (Figures 6E–H).


[image: image]

FIGURE 4. Prognostic value of RBPs in TCGA TGCT training cohort. (A) Cox univariate analysis of RBP genes in the training cohort. (B,C) Multivariate Cox regression via LASSO is presented, and ten candidate RBPs were selected in training cohort. (D) Forrest plot of the multivariate Cox regression analysis in TGCT. TGCT, Testicular germ cell tumors; TCGA, The Cancer Genome Atlas; RBPs, RNA-binding proteins; LASSO, last absolute shrinkage and selection operator.
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FIGURE 5. Survival analysis based on the risk model in the training group. (A) Kaplan–Meier survival curve analysis of DFS in the high-risk and low-risk TGCT patients in the training group, marked as red line and blue line separately. (B–D) Risk score, distribution of survival status between the high-risk and low-risk groups, and expression heat maps of six RBPs. (E–H) Time-dependent ROC curve analyses was conducted and AUC values were calculated for 1-, 3-, 5-, and 10-year DFS in the TGCT training cohort. TGCT, Testicular germ cell tumors; RBPs, RNA-binding proteins; DFS, disease-free survival; ROC, Receiver operating characteristic curve; AUC, the area under the ROC curve; High, high-risk group; Low, low-risk group.
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FIGURE 6. Validation of the prognostic value of the risk model in the test group. (A) Kaplan–Meier survival curve analysis of DFS in the high-risk and low-risk TGCT patients in the test group, marked as red line and blue line separately. (B–D) Risk score, distribution of survival status between the high-risk and low-risk groups and expression heat maps of six RBPs. (E–H) Time-dependent ROC curve analyses was conducted and AUC values were calculated for 1-, 3-, 5-, and 10-year DFS in the TGCT test cohort. TGCT, Testicular germ cell tumors; DFS, disease-free survival; RBPs, RNA-binding proteins; TGCT, Testicular germ cell tumors; ROC, Receiver operating characteristic curve; AUC, the area under the ROC curve; High, high-risk group; Low, low-risk group.




Validation of Risk Score in the Entire TCGA Cohort

We proved that risk score is valuable in TGCT prognosis prediction in the train and test groups. Next, the model was validated using the entire TCGA cohort. The Kaplan–Meier plots reveal that patients in the high-risk groups exhibited worse prognosis than those in the low-risk group (p < 0.001, Figure 7A). The patients with TGCT from the entire TCGA cohort have worse outcomes as indicated by the increased number of relapsing patients as the risk score increased (Figures 7B,C). The heatmap of the six key genes shows that the expression of TRMT61A is high in the high-risk and low-risk group, whereas DIS3L2, IGHMBP2, POLR2J3, and NPM2 have low expression in the two groups (Figure 7D). IFIH1 has relatively lower expression in the high-risk group than in the low-risk group. Time-dependent ROC curve was constructed, and the AUCs were 0.828 at 1 years, 0.808 at 3 years, 0.795 at 5 years, and 0.735 at 10 years (Figures 7E–H). Meanwhile, we also observed that comparing with each gene alone, the six genes-based risk score showed better prognostic value in 1-year (AUC = 0.828, Supplementary Figure 1A), 3-year (AUC = 0.808, Supplementary Figure 1B), 5-year (AUC 0.795, Supplementary Figure 1C), and 10-year DFS prediction (AUC = 0.735, Supplementary Figure 1D).
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FIGURE 7. Validation of the prognostic value of the risk model in the entire TCGA cohort. (A) Kaplan–Meier survival curve analysis of DFS in the high-risk and low-risk TGCT patients in the entire TCGA cohort, marked as red line and blue line separately. (B–D) Risk score, distribution of survival status between the high-risk and low-risk groups, and expression heat maps of six RBPs. (E–H) Time-dependent ROC curve analyses was conducted and AUC values were calculated for 1-, 3-, 5-, and 10-year DFS in the entire TCGA TGCT cohort. TGCT, Testicular germ cell tumors; TCGA, The Cancer Genome Atlas; DFS, disease-free survival; ROC, Receiver operating characteristic curve; AUC, the area under the ROC curve; TGCT, Testicular germ cell tumors.




Prognostic Signature-Based Risk Score Was an Independent Prognostic Factor in the TCGA TGCT Cohort

Patient information, such as risk score, age, stage based on serum marker study levels, lymphovascular invasion, TNM stage, pathological stage, and pathological type, were extracted. Univariate and multivariate Cox regression analysis were conducted. The results presented as forest maps obviously indicate that the risk score correlated independently with DFS in univariate [hazard ratio (HR) = 1.155, confidence interval (CI) = 1.086−1.228, ∗∗∗p < 0.001], and multivariate Cox regression analyses (HR = 1.226, 95% CI = 1.132−1.327, ∗∗∗p < 0.001; Figures 8A,B). Stage based on serum markers is also an independent predictor as validated by univariate (HR = 1.802, 95% CI = 1.179−2.756, ∗∗p = 0.007) and multivariate Cox regression analyses (HR = 3.563, 95% CI = 2.021−6.279, ∗∗∗p < 0.001). In addition, pathological stage was validated in multivariate Cox regression analysis (HR = 0.115, 95%CI [0.024−0.558], ∗∗p = 0.007). The heat map of the expression levels of the six key RBPs in the high- and low-risk groups patients in the TCGA cohort is presented in Figure 8C. Clinicopathological parameters, namely, pathological type (∗∗∗p < 0.001), pathological stage (∗p < 0.05), and higher M stage (∗p < 0.05), were significantly different between the high- and low-risk groups (Figure 8C).
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FIGURE 8. Analysis for evaluating the independent prognostic value of the risk score. Forrest plot of univariate (A) and multivariate (B) Cox regression analysis of risk score, age, serum markers, lymphovascular invasion, TNM stage, disease type, and stage. (C) Significant differences were found for the disease type, M stage, serum markers, and stage between high- and low-risk group. *p < 0.05, **p < 0.01, and ***p < 0.001 compared with the low-risk group.


Time-dependent ROCs were applied to assess the prognostic accuracy of factors, including risk score, age, serum marker study levels, lymphovascular invasion, TNM stage, pathological stage, and type in patients with TGCT (Figure 9). Compared with other factors, risk score manifested superior accuracy in predicting 1-year (AUC = 0.779, Figure 9A), 3-year (AUC = 0.775, Figure 9B), 5-year (AUC = 0.775, Figure 9C), and 10-year survival (AUC = 0.726, Figure 9D). Stage based on serum marker study levels was only inferior to risk score but also showed great accuracy in predicting 1-year (AUC = 0.747, Figure 9A), 3-year (AUC = 0.691, Figure 9B), 5-year (AUC = 0.691, Figure 9C), and 10-year survival (AUC = 0.627, Figure 9D).
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FIGURE 9. The time-dependent ROC curves for risk score, age, serum markers, lymphovascular invasion, TNM stage, disease type, and stage combining with 1- (A), 3- (B), 5- (C), and 10- (D) year DFS in TCGA TGCT cohort, respectively. DFS, disease-free survival; ROC, Receiver operating characteristic curve; TCGA, The Cancer Genome Atlas; TCGA, The Cancer Genome Atlas; DFS, disease-free survival; ROC, Receiver operating characteristic curve; TGCT, Testicular germ cell tumors.




The Survival Difference Between High- and Low-Risk Group Stratified by Clinicopathological Parameters in the TCGA TGCT Cohort

We grouped the patients by clinical characteristics to figure out whether risk score has prognostic value in various clinicopathological parameters. Kaplan–Meier curves were constructed to show that patients in the high-risk group with clinical characteristics, such as age ≥36 (p = 0.009, Figure 10A), age ≤36 (p < 0.001, Figure 10B), no lymphovascular invasion (p = 0.012, Figure 10C), lymphovascular invasion (p = 0.004, Figure 10D), serum tumor marker levels within normal limits (p = 0.006, Figure 10E), serum tumor marker levels beyond normal limits (p = 0.004, Figure 10F), seminoma (p < 0.001, Figure 10H), T1 stage (p < 0.006, Figure 10I), T2–3 stage (p = 0.001, Figure 10J), M0 stage (p < 0.001, Figure 10K), had significantly lower DFS rate than those in the low-risk group. However, no significant difference was found in patients diagnosed with non-seminoma (p < 0.098, Figure 10G) and M1 stage (p = 0.246, Figure 10L).
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FIGURE 10. Prognostic value of the risk score in TGCT patients classified into specific cohorts. Kaplan–Meier survival curve of DFS for patients with (A) age >36, (B) age ≤36, (C) no lymphovascular invasion, (D) lymphovascular invasion, (E) serum marker study levels within normal limits, (F) serum marker study levels beyond the normal limits, (G) non-seminoma, (H) seminoma, (I) T1 stage, (J) T2-3 stage, (K) M0 stage, and (L) M1 stage in the high-risk (red line) and low-risk (blue line) TGCT patients. TGCT, Testicular germ cell tumors.


The Kaplan–Meier plots of the risk scores based on the six RBPs are exhibited in Figure 11. The patients with TCGT in the low-risk group who had high DIS3L2, IFIH1, and POLR2J3 expression and low TRMT61A, IGHMBP2, and NPM2 expression presented better prognosis than those in the high-risk group, and differences were all statistically significant. Therefore, these six genes could play a prognostic role in TCGT prognosis prediction.
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FIGURE 11. Kaplan–Meier survival analysis and the expression profiles of the six RBPs. (A–F) Kaplan–Meier plots showed distributions in survival probabilities of six RBPs in high-risk (yellow line) and low-risk (blue line) TGCT patients. TGCT, Testicular germ cell tumors; RBPs, RNA-binding proteins.




Establishment of TGCT DFS Prediction Nomogram

We established the nomogram predictive model to better predict the probability of disease progression by integrating independent factors associated with prognosis (serum marker study levels, stage, and risk score; Figure 12A). We could predict the 1-year (Figure 12B), 3-year (Figure 12C), and 5-year (Figure 12D) survival rates of TGCT patients respectively according to the total points of all risk factors by quantifying the variables above as numeric scores and adding them up. We also constructed calibration plots to manifest that the predicted outcomes were consistent with the observed outcomes. The performance of the nomogram in accurately predicting the 1-, 3-, and 5-year survival of diagnosed patients was proven in this study.


[image: image]

FIGURE 12. Nomograms predicting survival probability of TGCT patients in TCGA. (A) Nomogram to predict 1-, 3-, and 5-year DFS. (B–D) Calibration plots of 1-, 3-, and 5-year DFS for nomograms. TCGA, The Cancer Genome Atlas; DFS, disease-free survival; TGCT, Testicular germ cell tumors.




Identification of Signaling Pathways Related to Risk Score by GO, KEGG, and GSEA

We divided the 132 patients into high-risk and low-risk groups based on risk score and identified 338 DEGs based on the criteria | log2FC| > 1 and FDR < 0.05. We aimed to illuminate the biological functions and pathways related to DEGs between high-risk and low-risk groups by performing GO and KEGG pathway enrichment analyses. As illustrated in Figure 13A, The ten most significant BP terms related with the up-regulated RBPs include “negative regulation of growth,” “somatic stem cell population maintenance,” “response to zinc ion,” “detoxification of copper ion,” “stress response to copper ion,” “stress response to metal ion,” “cellular response to zinc ion,” “cellular response to copper ion,” and “cellular zinc ion homeostasis.” In Figure 13B, the 10 most significant BP terms related with down-regulated RBPs include “humoral immune response,” “complement activation, classical pathway,” “humoral immune response mediated by circulating immunoglobulin,” “complement activation,” “protein activation cascade,” “immunoglobulin mediated immune response,” and “B cell mediated immunity.” Likewise, GO CC terms “cell-cell junction,” “collagen-containing extracellular matrix,” “endoplasmic reticulum lumen,” “membrane raft,” “membrane microdomain,” “immunoglobulin complex,” “immunoglobulin complex, circulating,” “external side of plasma membrane,” and “blood microparticle” were enriched. GO MF terms revealed that highly expressed RBPs were enriched in “receptor ligand activity,” “cell adhesion molecule binding,” “growth factor activity,” “peptidase regulator activity,” “cadherin binding,” “peptidase inhibitor activity,” “cytokine activity,” “transforming growth factor beta receptor binding,” and “cadherin binding involved in cell–cell adhesion,” and the lowly expressed RBPs were enriched in “antigen binding” and “immunoglobulin receptor binding.”
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FIGURE 13. Functional annotation of the differentially expressed genes between high risk and low risk groups based on six-RBP risk score of TGCT in TCGA cohort. Bubble plots showed enrichment of (A) GO terms associated with up-regulated genes and (B) GO terms associated with down-regulated genes. Bubble plots showed enrichment of (C) KEGG pathway associated with up-regulated genes and (D) KEGG pathway associated with down-regulated genes. (E) GSEA analysis showed the top ten most significantly enriched signaling pathways in high-risk score subgroup. GO, Gene Ontology; KEGG, Kyoto Encyclopedia of Genes and Genomes.


The significant pathways related with the DEGs listed in Figures 13C,D were analyzed by KEGG. The pathways include “signaling pathways regulating pluripotency of stem cells,” “cytokine–cytokine receptor interaction,” “mineral absorption,” “melanoma,” “proteoglycans in cancer,” “biosynthesis of amino acids,” “TGF-beta signaling pathway,” “breast cancer,” “HIF-1 signaling pathway,” Pathways such as “phospholipase D signaling pathway,” “Wnt signaling pathway,” “Ras signaling pathway,” “arachidonic acid metabolism,” and “protein digestion and absorption” were negatively related to risk score.

Gene set enrichment analysis was performed to further investigate the possible mechanisms leading to different outcomes in the high-risk group and the low-risk group, and we did GSEA based on the patients in two groups (Figure 13E). “Alanine aspartate and glutamate metabolism,” “amino sugar and nucleotide sugar metabolism,” “cysteine and methionine metabolism,” “glutathione metabolism,” “glycine serine and threonine metabolism,” “glycolysis gluconeogenesis,” “oxidative phosphorylation,” “p53 signaling pathway,” “proteasome,” and “spliceosome” were the enriched pathways in the high-risk group. The results of GSEA demonstrated that most of the DEGs in the high-risk group were enriched in cancer pathways and metabolism related pathways.



Consensus Clustering of Risk Score Based on Six Independent Prognostic RBPs Identified Two Clusters of TGCT With Different Clinical Outcomes

We selected k = 2 as the most appropriate selection to divide the TGCT patient cohort into two clusters, namely, cluster 1 and cluster 2, according to the expression similarity of risk score based on independent prognostic RBPs and the criteria for selecting the number of clusters (Figures 14A–C). PCA was carried out to compare the transcriptional profiles of clusters 1 and 2, and substantial distinction was observed between the two subgroups (Figure 14D). The assessment of the correlation between the clusters and clinicopathological features showed significant differences in type (∗∗∗p < 0.001), M stage (∗p < 0.05), pathological stage (∗p < 0.05), and serum markers study levels (∗p < 0.05, Figure 14E).
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FIGURE 14. Differential clinical characteristics of TGCT patients in the two different clusters. (A) Based on the expression similarity of RBPs, the TCGA TGCT cohort was separated into two distinct clusters when k = 2. (B,C) Consensus CDF and relative change in area under CDF curve for k = 2–9. (D) Principal component analysis based on two clusters. (E) Significant difference was observed for the type, grade, stage, and serum marker study levels between cluster 1 and cluster 2. CDF, clustering cumulative distribution function. *p < 0.05, **p < 0.01, and ***p < 0.001 compared with the cluster2 group. TGCT, Testicular germ cell tumors; RBPs, RNA-binding proteins; TCGA, The Cancer Genome Atlas.




External Validations of the Six-Gene-Based Risk Score Using the GEO Database

We downloaded GSE3218 and GSE10783 datasets from the GEO database to validate the risk assessment formula. However, the risk score applied was inconsistent with the prognostic models we constructed previously. Higher risk group showed a better overall survival than low risk group (p = 0.00001499, Figure 15A). In terms of survival status the patients in high-risk cohorts have better OS than those in low-risk cohorts (Figures 15B,C). The reason for this adverse result is that the samples in GSE3218 and GSE10783 are mostly from patients with non-seminoma germ cell tumors (76 non-seminoma germ cell tumors, 15 embryonal carcinoma, 15 mature teratomas, 10 yolk sac tumors, 2 choriocarcinomas, 17 seminomas). In Figure 10, we found that this RBP-related risk score did not apply to patients with non-seminoma germ cell tumors. However, we cannot find other suitable GEO dataset for external validations.
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FIGURE 15. Validation of the prognostic value of the risk model in GSE3218 and GSE10783 datasets. (A) Kaplan–Meier survival curve analysis of OS in high-risk score and low-risk score TGCT patients in GSE3218 and GSE10783 datasets, marked as red line and blue line separately. (B,C) Risk score, distribution of survival status between the high-risk and low-risk groups, and expression heat maps of six RBPs. OS, overall survival; TGCT, Testicular germ cell tumors; TCGA, The Cancer Genome Atlas; RBPs, RNA-binding proteins.




DISCUSSION

In our current study, we screened six RBP genes with differential expression in patients with TGCT. Based on univariate and multivariate Cox analyses, we finally targeted six prognosis-related RBPs to build the risk-scoring system. The prognosis prediction ability of the system underwent full verification in the test group, the entire TCGA cohort, and the GEO database. We observed that most of the numerical values of AUCs, which were calculated based on the risk scoring system in training group, test group, and entire TCGA cohort, were between 0.7 and 0.9, indicating that the systems showed fair or good performance to predict the DFS of patients with TGCT according to the traditional academic point system for classifying the accuracy of a diagnostic test.6 We also discovered that risk-scoring system and serum marker levels are important independent predictors of prognosis for patients with TGCT. The constructed nomogram was found reliable for clinical application.

After integrating information from the risk-score system with clinical characteristics, we found that the model performed well in predicting patients with different clinical characteristics except for patients with non-seminoma and M1 stage. These parameters represent early tumor stage and better survival outcome, which means that model could function well in predicting the survival of patients with relatively better conditions. We noticed that patients with TGCT have relatively better outcomes compared with patients with other malignant neoplasms, and more than 95% of patients diagnosed with early stage TGCT can be cured (Lakomý et al., 2009). Researchers found that more than 80% of patients with TGCTs undergo conventional cisplatin-based chemotherapy could be cured, even at highly advanced stage, and thus exhibited good prognosis in TGCT (Einhorn, 2002).

The serum markers of TGCT, including AFP, hCG, and LDH, play crucial roles compared with other solid organ malignancies. A stage categorization of serum tumor markers stage category was created according to the levels of these serum markers. Markers with higher expression levels could predict worse TGCT outcome (Barlow et al., 2010). Based on our model, DFS decreased as risk scores rose in patients with TCGT who had serum marker levels within normal limits or beyond normal limits. We proposed an assumption that combination of the model and serum tumor markers may show better survival predicting function when the numerical values of traditional serum tumor markers of TCGT were within normal limits. AUCs of the risk score were all greater than 0.7, which implied its fair accuracy in prognosis prediction based on the above guidelines. Besides, the numerical values of AUCs were higher than other factors, including serum marker levels, which suggested the model might serve as a better prognostic indicator.

We noticed that risk score seems higher in patients diagnosed with non-seminoma subtype or age <36 years old. This finding is reasonable because TGCTs are considered one of the most common malignancies in young adult males at the reproductive age (Hayes-Lattin and Nichols, 2009). However, Terbuch et al. found among metastatic TGCT cases that although higher age is associated with worse OS, it is not correlated with worse DFS or higher disease progression risk. Elderly patients could also gain high cure rates as younger patients if they tolerate risk-adapted chemotherapy; thus, age might not remarkably affect the prognosis of metastatic TGCT cases (Terbuch et al., 2019).

Gene Ontology analysis results showed that BP terms concern chemical reactions on metallic ion. However, limited research looked into whether metallic ion plays a part in TGCT. Togawa et al. observed that paternal exposure to Cr might elevate the risk of TGCT in offspring. Although the evidence is limited (Togawa et al., 2016), more studies are needed to confirm whether environmental exposure to metal ion is a pathogenic factor of TGCT. KEGG analysis was conducted on basis of differentially expressed RBPs between “high-” and “low-risk score.” “Signaling pathways regulating pluripotency of stem cells” was the most significantly enriched pathway. Differentiation arrest in male primordial germ cells during fetal development (the precursors of male germ line) is deemed as an origin of TGCT. SSC niche along with factors in the microenvironment of SSC might promote the development of some TGCT; hence, stem cells might play an important role in TGCT pathogenesis (Silván et al., 2013). Embryonal carcinomas (ECs), as a type of non-seminoma, often differentiates into teratoma, yolk sac tumor, and choriocarcinoma for its pluripotency (Dixon and Moore, 1953; Pierce and Abell, 1970). KLF4, overexpressed in seminoma cells, prevents differentiation and maintains proliferation and pluripotency during germ cell tumorigenesis; therefore, KLF4 may be vital in the neoplastic transformation of testicular stem cells. Similarly, stem cell factors, such as NANOG (Nettersheim et al., 2011) and OCT4 (Cheng et al., 2007), serve as markers in malignant human germ cell development. “Cytokine–cytokine receptor interaction pathways” were explored in previous studies in TGCT and ECs. CAR-T cells, considered effective as an immunotherapy for ECs, could eliminate EC cells via a cell–cell contact-dependent Fas/FasL interaction. Fas/FasL interaction between tumor cells and CAR-T cells could be utilized for tumor escape reduction via elevating heterogeneous antigen expression or improving CAR T-cell antitumor activity (Hong et al., 2018). Guido et al. found that estradiol could induce PTEN gene expression by binding to ERβ. ERβ/PTEN signaling induces cell death in seminoma cell lines by autophagy and necroptosis (Guido et al., 2012). Notably, the interaction between cytokines and their receptors were often discussed and proposed as therapeutic sites in the treatment of TGCT. The emergence of familial aggregations of TGCT has been described and suggests that hereditary susceptibility exists in the TGCT subset (Greene et al., 2010). In this study, we found “melanoma,” “gastric cancer,” and “breast cancer” pathways were also enriched in KEGG. This finding suggests that the molecular mechanisms of TGCT are partly consistent with other malignant tumors, which tend to have hereditary pathogenic factors as well. For instance, the lower expression of autophagy related proteins and the downregulation of autophagy lead to the acceleration of cancer cell proliferation in TGCT and melanoma (Liu et al., 2018). MiR-223-3p exerts oncogenic influence on TGCT by promoting cell proliferation and inhibiting apoptosis via FBXW7, which is regarded as a tumor suppresser. MiR-223-3p and FBXW7 also act as a target in gastric cancer (Liu et al., 2017). Overexpressed PTTG1 could cause aneuploidy and promotes oncogenesis in breast cancer (Watkins et al., 2010). Meanwhile, PTTG1 overexpression makes seminoma stem cells more invasive and aggravates neoplastic angiogenesis (Grande et al., 2019). The identification of targets in TGCT research can refer to mechanism research in other malignant tumors that possess hereditary susceptibility.

The GSEA results revealed that many pathways correlated with metabolism process, such as amnio acid metabolism (alanine, aspartate, and so on), sugar metabolism, and oxidative phosphorylation process, were enriched as risk score increased. This result was in cooperation with the KEGG results. Studies confirmed that metabolism is involved in the pathogenesis of TGCT. N-acetylcystein has negative impacts on bleomycin-induced apoptosis in malignant TGCTs by inhibiting the mitochondrial pathway, which leads to resistance to apoptosis and might aggravate tumor progression (Cort et al., 2012). Four genes related to glucose metabolism (LDHA, MCT1, PGK1, and TIGAR) exhibited remarkably high expression in TGCTs, and could be suppressed by microRNA-199a-3p, which might affect aerobic glycolysis and tumorigenesis, via binding to SP1 (Liu et al., 2016). Alterations in the expression level of proteins related to the Warburg effect in adult patients with TGCTs, such as GLUT1 and CD44, suggest the metabolic transformation of malignant cells toward a hyperglycolytic and acid-resistant phenotype in TGCTs, which have a worse outcome (Bonatelli et al., 2019). Researchers found that compared with embryonal carcinoma, the citric acid cycle/mitochondrial oxidative phosphorylation and sphingolipid biosynthesis in TGCT are decreased whereas arachidonic acid metabolism and long-chain fatty acid abundance are increased (Batool et al., 2019). In a word, metabolic reprogramming is common in TGCTs, and cancer therapy that targets metabolic process has brilliant prospects in the future.

P53 pathway, as a classic tumor-associated pathway, was enriched in the high-risk groups. The hyperactivation of p53 effectively enhances the susceptibility of TGCTs to chemotherapy (Kerley-Hamilton et al., 2005). TGCTs showed hypersensitivity to cisplatin because of the apoptosis induction effect of p53 (Gutekunst et al., 2011). The results of these studies imply that p53 activation has a protective effect and influence the effect of cancer treatment.

Some of the six prognostic RBPs are involved in cancer pathogenesis. DIS3L2, a conserved exoribonuclease, that plays a part in the degradation of cytoplasmic RNAs, is associated with several cancers. DIS3L2 promotes hepatocellular carcinoma progression via the regulation of hnRNP U-mediated alterative splicing (Xing et al., 2019). Partial or complete DIS3L2 deficiency might cause an increased incidence of sporadic Wilms’ tumor (Astuti et al., 2012). IFIH1, which acts as a cytosolic receptor, is essential for defense against viral infection by sensing double-stranded RNA (Fischer et al., 2020). IFIH1 is overexpressed in several topotecan-resistant ovarian cancer cell lines; thus, the gene might participate in the drug resistance mechanism of the tumor (Klejewski et al., 2017). IGHMBP2 encodes a helicase related to DNA replication and repair (Shen et al., 2006). IGHMBP2 promotes cell migration and invasion in esophageal squamous carcinoma by downregulating E-cadherin (Chunli et al., 2015). NPM2 is an oocyte-specific nuclear protein indispensable for nuclear and nucleolar organization. It also participates in early embryonic development processes (Lingenfelter et al., 2011). NPM2 is hypermethylated and downregulated in melanomas, thus, it might be involved in the early events in the development of malignant melanoma (Fujiwara et al., 2018). NPM2 is also regarded as a potential immunohistochemical marker via making a distinction between melanoma and benign 5 melanocytic lesions. In a word, these RBPs mentioned are correlated with the development of malignant tumors. POLR2J3 and TRMT61A are rarely found in malignancy before. The chosen RBPs might play a role in the pathogenesis and progression of TGCT, which requires further experiments in the future.

There are several potential reasons why the RBP-based model identified here may be superior to existing prognostic factors in determining the DFS risk for TGCT patients. First of all, the model was based on direct analysis of RBPs, which provides comprehensive and more precise information about the cellular events compared with either clinical parameters or hematological indexes. Second, the data is based on RNA sequencing, which is now a relatively affordable method to obtain an accurate picture of the abundance and activation state of RBPs. Third, the integration of RBPs with other prognostic factors in the nomogram model increased its reliability. Finally, compared with the widely used IGCCCG system, the prognostic predictive model described here contains more valuable information and is more user friendly, suggesting that it may have utility in clinical practice in the future. Based on this risk score, we can predict the DFS of TGCT patients and selected more aggressive therapy for patients with high-risk.

Limitations also exist in our research. First, the predictive efficiency of risk score is unsatisfactory for patients with non-seminoma. Furthermore, we found that this RBP-related risk score applied to seminoma germ cell tumors and did not apply to patients with non-seminoma germ cell tumors. Besides, further study is needed for the specific mechanism of these six RBPs.



CONCLUSION

Our results demonstrated that risk score based on six RBPs is associated with poor prognosis in patients with TGCT and can accurately predict prognosis. Risk score along with the serum markers of TGCT could serve as an independent risk factor of TGCT with clinical application in the future.
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