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Osteosarcoma is a malignant tumor that originates in the bones with the characteristics of high malignancy, predisposition to metastasis, and poor prognosis. RNA binding proteins (RBPs) are closely related to various tumors, but their relationship with osteosarcoma remains unclear. Based on GTEx and TARGET RNA sequencing data, we applied differential analysis to obtain RBP genes that are differentially expressed in osteosarcoma, and analyzed the functions of these RBPs. After applying univariate and LASSO Cox regression analysis, 10 key prognostic RBPs (TDRD6, TLR8, NXT2, EIF4E3, RPS27L, CPEB3, RBM34, TERT, RPS29, and ZC3HAV1) were screened, and an RBP prognostic risk assessment model for patients with osteosarcoma was established. The independent cohort GSE21257 was used for external verification, and the results showed that the signature has an excellent ability to predict prognosis. In addition, a nomogram that can be used for clinical evaluation was constructed. Finally, the expression levels of 10 prognostic RBPs in osteosarcoma cells and tissues were confirmed through experiments. Our study identified a ten-gene prognostic marker related to RBP, which is of great significance for adjusting the treatment strategy of patients with osteosarcoma and exploring prognostic markers.
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INTRODUCTION
Osteosarcoma is most common in adolescents (Arndt and Crist, 1999; Gianferante et al., 2017). It is highly malignant, progresses quickly, and has a poor prognosis, which seriously affects family and social health (Stiller et al., 2006). Early treatment of osteosarcoma was mostly based on amputation, but the prognosis was poor (Fletcher et al., 2002). Subsequent chemotherapy improved the patient’s prognosis (Ritter and Bielack, 2010). So far, surgery combined with chemotherapy has become an effective method for the treatment of osteosarcoma. However, the 5 years survival rate of patients with metastatic osteosarcoma is <20% (Kempf-Bielack et al., 2005). Therefore, research to find new treatments to improve the prognosis of osteosarcoma patients is ongoing (Kansara et al., 2014).
RNA binding proteins (RBPs) are important molecules with RNA binding domains that are widely expressed in organisms (Lunde et al., 2007). RBPs combine with their targeted mRNA to form a ribonucleoprotein (RNP) complex, and regulate genes at the post-transcriptional level by various mechanisms, thereby rapidly and effectively changing mRNA expression (Gerstberger et al., 2014). In the past few decades, many studies have revealed that RBPs are abnormally expressed in tumors, affecting the conversion of mRNA to protein and participating in tumor occurrence (Chatterji and Rustgi, 2018; Moore et al., 2018; Wang et al., 2018). The RBP CPEB4 has an important connection with the progress of liver cancer, melanoma, and pancreatic cancer (Ortiz-Zapater et al., 2011; Calderone et al., 2016; Pérez-Guijarro et al., 2016). In addition, the RBP Musashi has a cancer-promoting effect in several cancer types, including medulloblastoma (Vo et al., 2012; Kudinov et al., 2017) and colorectal cancer (Li et al., 2015; Wang et al., 2015). Although more and more studies have proved that RBPs are directly involved in the occurrence and development of many tumors, their relationship with osteosarcoma remains unclear, and there is no reliable RBP-related prognostic signature for osteosarcoma.
In this study, we extracted transcriptome sequencing information from TARGET and GTEx databases, and screened RBP genes related to the prognosis of osteosarcoma, an RBP-related risk model was constructed in the TARGET database, and its predictive ability in osteosarcoma was verified. Our research may provide valuable molecular targets for the future treatment and prognosis of osteosarcoma and open up new ideas for research into RBPs in osteosarcoma.
MATERIALS AND METHODS
Data Collection and Processing
The gene sequencing data and clinical information of 84 osteosarcoma patients were screened from the TARGET database (https://ocg.cancer.gov/programs/target). Gene expression data of musculoskeletal samples from 396 healthy humans were collected from the GTEx database (https://gtexportal.org/). To eliminate the platform data difference between TCGA and GTEx databases, the gene transcriptional expression data of each sample were transformed into log2 (FPKM value +1). Subsequently, the combat function from the “sva” R package was used to integrate the GTEx and TARGET datasets into one dataset.
The microarray dataset, named the GSE21257, was obtained from the high-throughput microarray expression profile database (Gene Expression Omnibus database, GEO, https://www.ncbi.nlm.nih.gov/geo/). GSE21257 contained the gene expression data and related clinical information of 53 osteosarcoma patients, which were used as the verification cohort for follow-up analysis and model verification.
The RNA-seq data was converted from FPKM to transcripts per million (TPM) using the algorithm described in the previous study for subsequent analysis (Li et al., 2010; Wagner et al., 2012). The 1,542 RBPs were obtained from previously published research (Gerstberger et al., 2014). The research process is shown in Figure 1A.
[image: Figure 1]FIGURE 1 | Identification of differentially expressed RBPs and functional analysis (A) The flow chart of this study (B) The heatmap of 142 differentially expressed RBPs (C,D) GO analysis and KEGG pathway analysis of the differentially expressed RBPs (E) PPI network diagram composed of differentially expressed RBPs.
Identification of Differentially Expressed RBPs (DERBPs) and Functional Enrichment Analysis
The “limma” package was used to screen the RBPs that were differentially expressed between osteosarcoma and normal tissues. The false discovery rate (FDR) < 0.05 and log2 fold change >1 were set as critical values. Then Gene Ontology (GO) function enrichment and Kyoto Encyclopedia of Genes and Genomes (KEGG) signaling pathway analyses were performed to explore the potential molecular mechanisms of the DERBPs. Analyzed the interaction between the DERBPs by the STRING online tool (http://www.string-db.org/) (Udhaya Kumar et al., 2020). Cytoscape software (version 3.7.2) was used to construct and visualize the PPI network. The expression levels of ZC3HAV1 in several common cancers were visualized by using the TIMER online tool (https://cistrome.shinyapps.io/timer/) and GEPIA online tool (Gene Expression Profiling Interactive Analysis, http://gepia.cancer-pku.cn/) (Kumar et al., 2019).
Identification and Construction of Prognostic Signatures
Taking the TARGET dataset as the training cohort, the “survival” package in R was used to perform univariate Cox regression analysis to screen genes related to prognosis, which were then used as candidate genes for constructing the model. Based on the above-mentioned prognostic-related genes, we performed LASSO Cox regression analysis through the “glmnet” package to determine the best penalty value, and the corresponding gene was selected as the modeling gene. The formula for calculating the risk value of each patient was:
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Here, [image: image] represents the RBPs coefficient, and [image: image] represents the RBPs expression.
Evaluation and Verification of the Prognostic Signature
The above formula was used to calculate the risk score of each patient and divide them into high-risk groups and low-risk groups accordingly. Using the “survminer” package in R, we drawn the Kaplan–Meier (KM) curve. The “ggplot2” package was used to draw the distribution map of the risk score and survival status of the two patient groups and the modeled gene expression heatmap. The time-dependent ROC curve was produced through the “survivalROC” package in R. In parallel, combined with clinical information, such as age, gender, and tumor metastasis of osteosarcoma patients in the training cohort, the univariate and multivariate Cox regression model was used to analyze whether the risk score was an independent factor for judging the poor prognosis of osteosarcoma. The “rms” package in R was used to build and verify the nomogram model. The “calibrate” function of the rms software package was used to draw the calibration curve.
Gene Set Enrichment Analysis (GSEA)
To verify the functional differences between the low-risk and high-risk groups, we used GSEA to compare the enrichment of tumor characteristic gene sets (hallmark gene sets) between the two groups. The tumor characteristic gene set comes from the Molecular Signatures database (MSigDB) database and contains 50 sets of genes involved in inflammation and hypoxia.
Cell Lines and Cell Culture
The osteosarcoma cell lines (U2OS, 143B) and the osteoblast hFOB 1.19 cell line were purchased from the Cell Bank of the Chinese Academy of Sciences (Shanghai, China). The cells were grown in DMEM medium containing 10% fetal bovine serum (Gibco, United States) and 1% penicillin/streptomycin (solarbio, China). Osteosarcoma cells were grown at 37°C and 5% CO2. Osteoblasts were cultured at 34°C with a volume fraction of 5% CO2.
Clinical Specimens
We collected six osteosarcoma tissues and six matched adjacent normal tissues. The samples came from patients who underwent surgery at The Second Affiliated Hospital of Nanchang University and were pathologically diagnosed with osteosarcoma. After the surgical resection, the sample is immediately stored in liquid nitrogen until the RNA or protein is extracted. All patients signed an informed consent form, and the study was approved by the Research Ethics Committee of the Second Affiliated Hospital of Nanchang University.
RNA Extraction and Quantitative Real-Time PCR
Using TRIzol™ Reagent (Thermo Fisher Scientific, United States) to extract total RNA from cells and tissues, and using PrimeScript™ RT reagent Kit (Perfect Real Time) reverse transcription kit (Takara, Japan) to reverse transcription into cDNA, GAPDH as internal control, and real-time PCR was performed. According to the 2−ΔΔCt method for relative quantitative analysis. The primer sequence was shown in Supplementary Table S1.
Western Blotting
RIPA lysis buffer (Beyotime, China) was used to extract proteins from cells and osteosarcoma tissues. The equal amount of protein was separated by 10% SDS-PAGE gel electrophoresis, and then transferred to PVDF membrane by electroblotting (BioRad, United States). Then it was blocked with 5% skim milk, and incubated overnight with anti-ZC3HAV1 (1:1,000, Proteintech, China) and anti-GAPDH (1:2000, Proteintech, China) primary antibodies at 4 °C. After washing with TBST, incubated with secondary antibody (1:2000, Proteintech, china) for 1 h at room temperature. The blot was observed using ECL (enhanced chemiluminescence) and analyzed using ImageJ software.
Statistical Analysis
All statistical analyses were conducted using R. 4.0.4 (https://www.r-project.org/) and SPSS Statistics 25 (https://www.ibm.com/products/software). Two groups were compared with Student’s t-tests. p-value < 0.05 is considered to be statistically significant.
RESULTS
Screening and Functional Analysis of DERBPs
We extracted the RBPs expression matrix from the three datasets, and the Venn diagram displayed 1,093 intersected RBPs in all datasets (Figure 1A). Based on the dataset merged by TARGET and GTEx, we identified 142 DERBPs using the “limma” package and visualized by heatmap (Figure 1B). Next, functional analysis was performed on these DERBPs. GO analysis showed that, in terms of biological process (BP), DERBPs were mainly enriched in RNA splicing, regulation of translation, and mRNA metabolic process. In terms of cellular component (CC), cytoplasmic ribonucleoprotein granule, ribosome, and nuclear speck were enriched. In terms of molecular function (MF), DERBPs were mainly related to translation regulator activity, acting on RNA catalytic activity, and mRNA 3′-UTR binding (Figure 1C). Enrichment analysis of the KEGG pathway showed that the DERBPs mainly act on RNA transport (Figure 1D). We also constructed a PPI network. Figure 1E shows the interaction between the DERBPs. The darker the node, the more interacting proteins.
Establishment of RBPs Prognostic Signature
First, in the TARGET cohort, 142 DERBPs were analyzed using univariate regression analysis to obtain 11 RBPs related to prognosis (Figure 2A). LASSO regression analysis was performed on these 11 RBP genes (Figures 2B,C). When the log lambda reached the minimum, the parameters corresponding to the best modeling parameters and 10 model genes (TDRD6, TLR8, NXT2, EIF4E3, RPS27L, CPEB3, RBM34, TERT, RPS29, and ZC3HAV1), and their coefficients were obtained (Figure 2D).
[image: Figure 2]FIGURE 2 | Construction of the RBPs prognostic signature (A) Univariate Cox regression revealed 11 RBPs associated with the prognosis of osteosarcoma (B,C) LASSO Cox regression analysis screened out 10 best genes to build the prognostic signature (D) The coefficients of 10 prognostic-related RBPs.
Evaluation and Verification of the RBPs Prognostic Signature
We evaluated and verified the signature in the TARGET cohort and the GSE21257 cohort. Survival analysis showed a significant difference in survival between the high- and low-risk groups of the training and validation datasets (Figures 3A,B). For predictions of 1–5 years survival, the AUC values ​​in the training and test cohorts were 0.84, 0.87, and 0.88 and 0.72, 0.75, and 0.81, respectively (Figures 3C,D). As the risk score increased, the number of deaths gradually increased, and the survival time was significantly reduced (Figures 3E,F). PCA analysis showed that the distribution patterns of patients in different risk groups were significantly different (Figures 3G,H). These results show that the RBP signature has excellent forecasting capabilities for patient prognosis and has been verified in independent data.
[image: Figure 3]FIGURE 3 | Survival analysis of RBPs prognostic signature in TARGET cohort and validation in GSE21257 cohort (A,B) Kaplan-Meier curves in the two cohorts (C,D) Risk score analysis of the signature in the two cohorts (E,F) The AUC for the prediction of 1, 3, 5 years survival rate (G,H) PCA based on the RBP-related signature.
Relationship Between Risk Model and Clinical Characteristics
In the TARGET cohort, univariate and multivariate Cox regression analysis showed that gender and age do not predict the prognosis of osteosarcoma patients, although metastasis status and risk score can be used as an independent factor in prognosis (Figures 4A,B). The difference in clinical characteristics and RBP gene expression patterns between the two groups is revealed by the heatmap (Figures 4C,D). The risk score was significantly related to metastasis, and high-risk patients were more likely to have tumor metastasis, as shown by the box plot in Figures 4E–J.
[image: Figure 4]FIGURE 4 | Clinical correlation analyses (A,B) Univariate and multivariate cox analysis showed the RBP genes signature and metastasis were two independent predictors of prognosis in osteosarcoma (C,D) The heatmap of the expression pattern of RBP is associated with the RBP signature and other clinical features (E–G) Relationship between risk score and clinical pathological factor in the TARGET cohort (H–J) Relationship between risk score and clinical pathological factor in the GSE21257 cohort.
Establishment of a Clinical Nomogram
The expression levels of the 10 prognostic RBPs were displayed as boxplots, grouped according to the status of metastasis and risk (Figures 5A–D). Most RBPs showed obvious differential expression between the two groups, and the trends were consistent in the training and validation cohorts. We also established a clinical nomogram to clinically predict the survival of patients (Figure 5E). The C-index was used to evaluate the nomograms of the two datasets, and both sets of results showed robust predictive power (the C index of the TARGET dataset was 0.86, and the GSE21257 dataset was 0.74). A calibration plot showed that the predicted 3–5 years overall survival was in good agreement with the overall survival observed in the TARGET cohort (Figures 5F,G) and GSE21257 cohort (Supplementary Figure S1A,B). These data indicate that the nomogram is stable in predicting the survival of patients with osteosarcoma.
[image: Figure 5]FIGURE 5 | (A–D) The expression level of the 10 RBP genes, the patients were grouped according to metastasis and risk score (E) Nomogram based on gender, age, metastasis and risk in the TARGET cohort (F,G) Calibration plots of the nomogram for predicting the 3 and 5 years survival of osteosarcoma.
Signal Pathway Enrichment Analysis of Characteristic Gene Sets
GSEA results showed that in the TARGET dataset, the signal pathways or biological processes related to the tumor and immunity were enriched in the high-risk group. Such as allograft rejection, complement, inflammatory response, IL6-JAK-STAT3 signaling, and the interferon-gamma response had higher negative enrichment scores (NES) in the high-risk groups (Figure 6).
[image: Figure 6]FIGURE 6 | GSEA of osteosarcoma patients based on the RBPs prognostic signature in the TARGET cohort.
Verification of the Expression Level of RBP-Related Prognostic Genes
We verified the expression levels of these prognostic RBPs genes, by using qRT-PCR and western blot. Our results showed that compared with osteoblasts, CPEB3, EIF4E3, RBM34, RPS27L, RPS29 and TDRD6 were down-regulated in U2OS and 143B, while NXT2, TERT, TLR8 and ZC3HAV1 were up-regulated in osteosarcoma cells (Figure 7A). The RT-qPCR results of the 10 prognostic RBPs genes expression levels are consistent with the RNA-sequence data (Figure 7B). Among these 10 RBPs, ZC3HAV1 is an antiviral protein, recent studies have shown that it is related to the occurrence of a variety of cancers (Lin et al., 2014; Todorova et al., 2015). It is up-regulated in breast cancer, cervical squamous cell carcinoma, cholangiocarcinoma, esophageal cancer, glioma, head and neck squamous cell carcinoma and other malignant tumors (Supplementary Figure S1C, D). However, the role of ZC3HAV1 in osteosarcoma has not been reported yet. Therefore, we further quantified the expression of ZC3HAV1 in normal osteoblasts (hFOB1.19 cells) and 143B and U2OS osteosarcoma cell lines. Western blotting showed that compared with normal osteoblasts, ZC3HAV1 protein levels in osteosarcoma cells were significantly up-regulated (Figure 7C). Consistently, ZC3HAV1 mRNA and protein levels in osteosarcoma tissues were significantly higher than adjacent normal tissues (Figures 7D,E).
[image: Figure 7]FIGURE 7 | The expression levels of the prognostic RBP genes (A) The qRT-PCR result of the 10 RBP genes was evaluated by the 2-ΔΔCT method (B) The similarity of qRT-PCR and RNA-sequence analysis results of the 10 RBP genes. The data are expressed as mean ± standard deviation (C) The protein expression of ZC3HAV1 in osteoblast cell line and osteosarcoma cell lines (D,E) The mRNA and protein expression of ZC3HAV1 in six paired osteosarcoma tissues and adjacent normal tissues. *p < 0.05, **p < 0.01 and ***p < 0.001.
DISCUSSION
With the vigorous development of biotechnology and bioinformatics, genome analysis and various bioinformatics tools have been widely used to find cancer biomarkers (Tu et al., 2020; Udhaya Kumar et al., 2021). RBPs play a key role in regulating various RNA processes (Köster et al., 2017). Recent studies have shown that RBPs are not only involved in normal cell functions but are also major participants in the development and spread of tumors and so have great potential for the treatment of cancer (Pereira et al., 2017; Mohibi et al., 2019). Therefore, it is of great significance to study the clinical value and potential molecular mechanisms of RBP-related genes in osteosarcoma.
Although several signatures have recently been developed that can predict patient prognosis (Guan et al., 2020; Li et al., 2021), there are still some shortcomings in experimental verification. In addition, these studies lack corresponding clinical relevance studies and analyses based on clinical information (age, gender, metastasis), which affects the widespread application of signatures. Our study identified 142 DERBPs between tumor tissues and normal tissues based on GTEx and TARGET RNA sequencing data. Following systematic analysis of relevant biological pathways, a PPI network of these DERBPs was constructed. Single-factor and LASSO Cox regression analysis of abnormally expressed RBPs, resulted in 10 key prognostic RBPs (TDRD6, TLR8, NXT2, EIF4E3, RPS27L, CPEB3, RBM34, TERT, RPS29, and ZC3HAV1), and an RBP prognostic risk assessment model for patients with osteosarcoma was successfully constructed. The model was verified in the independent dataset GSE21257, and the results showed that the model has a good ability to predict prognosis. The constructed nomogram further visually and quantitatively describes the 3–5 years survival rate of patients with osteosarcoma. These results indicate that the RBPs’ prognostic signature established in this study is of great significance for the adjustment of treatment strategies and the exploration of prognostic markers for patients with osteosarcoma.
We have identified 10 key prognostic RBP genes, some of them are closely related to tumors. Telomerase reverse transcriptase (TERT) is a part of telomerase closely related to cancer (Yuan et al., 2019), and higher TERT expression in tumors can predict the poor prognosis of various cancers (Liu et al., 2016; Barthel et al., 2017; Ma et al., 2019). Cytoplasmic polyadenylation element-binding protein 3 (CPEB3) is a sequence-specific RBP whose overexpression inhibits the proliferation and migration of tumor cells, which has been proven in many studies (Tang et al., 2017; Luo and Wang, 2020; Zhang et al., 2020; Zhong et al., 2020). Ribosomal protein S27-like (RPS27L) is an evolutionarily preserved ribosomal protein. Xiong et al. showed that RPS27L can regulate genome stability and has potential tumor suppressor functions (Xiong et al., 2014). Eukaryotic translation initiation factor 4E family member 3 (EIF4E3) is a transformation initiating factor that can act as a tumor suppressor (Osborne et al., 2013; Volpon et al., 2013). Toll-like receptor (TLR) is a critical component of the innate immune response, and TLR8 is one of its subtypes (Khan et al., 2016). The in vivo study by Li et al. clearly shows that the metabolic reprogramming of regulatory T (Treg) cells mediated by TLR8 enhances anti-tumor immunity (Li et al., 2019). The 40S RP S29 coded by the RPS29 gene is a component of the small 40S ribosomal subunit, which is essential for rRNA processing and ribosomal biological production (O'Donohue et al., 2010). Compared with normal tissues, its expression is down-regulated in head and neck squamous cell carcinoma (Lallemant et al., 2009). But so far, TDRD6, NXT2, RBM34 have not been described in cancer. Zinc finger CCCH-type containing, antiviral 1 (ZC3HAV1), also known as zinc-finger antiviral protein (ZAP), has been shown to limit the replication of certain viruses, thereby preventing virus-related cancers such as liver cancer (Mao et al., 2013) and leukemia (Gao et al., 2002). For the first time, we found that ZC3HAV1 was up-regulated in osteosarcoma cell lines and also osteosarcoma tissues. Our results provide new ideas for exploring the role of RBPs in the development of osteosarcoma and may provide valuable perspectives for future cancer diagnosis and treatment.
The results of GSEA showed that patients in the high-risk group had higher NES in biological functions such as allogeneic rejection, complement system, inflammation, and IL6-JAK-STAT3 signaling. Aguirre et al. showed that transplant rejection and cancer immunomodulation have overlapping or even mutually exclusive mechanisms of action (Aguirre et al., 2019). The complement system is an important part of the inflammatory response, and inflammation involves all stages of tumorigenesis and cancer progression (Coussens and Werb, 2002). Moreover, supplemental activation regulates the adaptive immune response and may play a role in regulating the response of T cells to tumors (Carroll and Isenman, 2012). The IL-6/JAK/STAT3 pathway plays a key role in the growth and development of many human cancers (Johnson et al., 2018), and elevated IL-6 levels stimulate the overactivation of JAK/STAT3 signaling, which is usually related to poor patient outcomes (Ludwig et al., 1991; Kusaba et al., 2006; Chen et al., 2013).
It must be noted, however, that our research has some limitations. First, there are currently few public gene expression databases that contain prognostic information for patients with osteosarcoma, resulting in a small sample size for our study. In the future, larger sample size will be needed to build a more accurate prognostic model. Second, the clinical information of the dataset is not complete, and richer clinical data is needed to evaluate the relationship between genes and the clinic. Finally, we did not use in vitro or in vivo experiments to thoroughly verify our findings, which means that the exact mechanism of ZC3HAV1 involved in osteosarcoma is still unclear. This is an important subject that requires further research. It is necessary to conduct research on tissue and cell-type specificity loss and function gain to deepen our understanding.
In summary, this study systematically explored the expression and prognostic value of RBPs in osteosarcoma. By constructing a prognostic model of 10 RBP genes, our study can positively guide the future treatment and prognosis of osteosarcoma. The results of this study provide clear evidence for revealing the pathogenesis of osteosarcoma, developing new diagnostic ideas, finding new therapeutic targets and prognostic molecular markers.
DATA AVAILABILITY STATEMENT
The original contributions presented in the study are included in the article/Supplementary Material further inquiries can be directed to the corresponding author.
ETHICS STATEMENT
The studies involving human participants were reviewed and approved by The Research Ethics Committee of the Second Affiliated Hospital of Nanchang University. Written informed consent to participate in this study was provided by the participants’ legal guardian/next of kin.
AUTHOR CONTRIBUTIONS
JZ and XC designed the study. XM and TW searched the data from the database. JZ and TW performed the analysis of the data. JZ and XM wrote the original draft of the manuscript. JJ and XC supervised this work revised the manuscript. All authors had read and approved the final manuscript.
FUNDING
This work was supported by the Natural Science Foundation of Jiangxi Province of China under Grant No.20202ACBL206012.
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
This is a short text to acknowledge the contributions of specific colleagues et al, institutions, or agencies that aided the efforts of the authors.
SUPPLEMENTARY MATERIAL
The Supplementary Material for this article can be found online at: https://www.frontiersin.org/articles/10.3389/fmolb.2021.751842/full#supplementary-material
REFERENCES
 Aguirre, L. E., Guzman, M. E., Lopes, G., and Hurley, J. (2019). Immune Checkpoint Inhibitors and the Risk of Allograft Rejection: A Comprehensive Analysis on an Emerging Issue. Oncologist 24 (3), 394–401. doi:10.1634/theoncologist.2018-0195
 Arndt, C. A. S., and Crist, W. M. (1999). Common Musculoskeletal Tumors of Childhood and Adolescence. N. Engl. J. Med. 341 (5), 342–352. doi:10.1056/nejm199907293410507
 Barthel, F. P., Wei, W., Tang, M., Martinez-Ledesma, E., Hu, X., Amin, S. B., et al. (2017). Systematic Analysis of Telomere Length and Somatic Alterations in 31 Cancer Types. Nat. Genet. 49 (3), 349–357. doi:10.1038/ng.3781
 Calderone, V., Gallego, J., Fernandez-Miranda, G., Garcia-Pras, E., Maillo, C., Berzigotti, A., et al. (2016). Sequential Functions of CPEB1 and CPEB4 Regulate Pathologic Expression of Vascular Endothelial Growth Factor and Angiogenesis in Chronic Liver Disease. Gastroenterology 150 (4), 982–997. doi:10.1053/j.gastro.2015.11.038
 Carroll, M. C., and Isenman, D. E. (2012). Regulation of Humoral Immunity by Complement. Immunity 37 (2), 199–207. doi:10.1016/j.immuni.2012.08.002
 Chatterji, P., and Rustgi, A. K. (2018). RNA Binding Proteins in Intestinal Epithelial Biology and Colorectal Cancer. Trends Mol. Med. 24 (5), 490–506. doi:10.1016/j.molmed.2018.03.008
 Chen, Y., Wang, J., Wang, X., Liu, X., Li, H., Lv, Q., et al. (2013). STAT3, a Poor Survival Predicator, Is Associated with Lymph Node Metastasis from Breast Cancer. J. Breast Cancer 16 (1), 40–49. doi:10.4048/jbc.2013.16.1.40
 Coussens, L. M., and Werb, Z. (2002). Inflammation and Cancer. Nature 420 (6917), 860–867. doi:10.1038/nature01322
 Fletcher, C., Unni, K., and Mertens, F. (2002). “WHO Classification of Tumours,” in Pathology and Genetics of Tumours of Soft Tissue and Bone . Lyon, France: IARC Press. 
 Gao, G., Guo, X., and Goff, S. P. (2002). Inhibition of Retroviral RNA Production by ZAP, a CCCH-type Zinc finger Protein. Science 297 (5587), 1703–1706. doi:10.1126/science.1074276
 Gerstberger, S., Hafner, M., and Tuschl, T. (2014). A Census of Human RNA-Binding Proteins. Nat. Rev. Genet. 15 (12), 829–845. doi:10.1038/nrg3813
 Gianferante, D. M., Mirabello, L., and Savage, S. A. (2017). Germline and Somatic Genetics of Osteosarcoma - Connecting Aetiology, Biology and Therapy. Nat. Rev. Endocrinol. 13 (8), 480–491. doi:10.1038/nrendo.2017.16
 Guan, X., Guan, Z., and Song, C. (2020). Expression Profile Analysis Identifies Key Genes as Prognostic Markers for Metastasis of Osteosarcoma. Cancer Cel Int. 20, 104. doi:10.1186/s12935-020-01179-x
 Johnson, D. E., O'Keefe, R. A., and Grandis, J. R. (2018). Targeting the IL-6/JAK/STAT3 Signalling axis in Cancer. Nat. Rev. Clin. Oncol. 15 (4), 234–248. doi:10.1038/nrclinonc.2018.8
 Kansara, M., Teng, M. W., Smyth, M. J., and Thomas, D. M. (2014). Translational Biology of Osteosarcoma. Nat. Rev. Cancer 14 (11), 722–735. doi:10.1038/nrc3838
 Kempf-Bielack, B., Bielack, S. S., Jürgens, H., Branscheid, D., Berdel, W. E., Exner, G. U., et al. (2005). Osteosarcoma Relapse after Combined Modality Therapy: an Analysis of Unselected Patients in the Cooperative Osteosarcoma Study Group (COSS). J. Clin. Oncol. 23 (3), 559–568. doi:10.1200/jco.2005.04.063
 Khan, A. A., Khan, Z., and Warnakulasuriya, S. (2016). Cancer-associated Toll-like Receptor Modulation and Insinuation in Infection Susceptibility: Association or Coincidence?Ann. Oncol. 27 (6), 984–997. doi:10.1093/annonc/mdw053
 Köster, T., Marondedze, C., Meyer, K., and Staiger, D. (2017). RNA-binding Proteins Revisited - the Emerging Arabidopsis mRNA Interactome. Trends Plant Sci. 22 (6), 512–526. doi:10.1016/j.tplants.2017.03.009
 Kudinov, A. E., Karanicolas, J., Golemis, E. A., and Boumber, Y. (2017). Musashi RNA-Binding Proteins as Cancer Drivers and Novel Therapeutic Targets. Clin. Cancer Res. 23 (9), 2143–2153. doi:10.1158/1078-0432.CCR-16-2728
 Kumar, S. U., Kumar, D. T., Siva, R., Doss, C. G. P., and Zayed, H. (2019). Integrative Bioinformatics Approaches to Map Potential Novel Genes and Pathways Involved in Ovarian Cancer. Front. Bioeng. Biotechnol. 7, 391. doi:10.3389/fbioe.2019.00391
 Kusaba, T., Nakayama, T., Yamazumi, K., Yakata, Y., Yoshizaki, A., Inoue, K., et al. (2006). Activation of STAT3 Is a Marker of Poor Prognosis in Human Colorectal Cancer. Oncol. Rep. 15 (6), 1445–1451. doi:10.3892/or.15.6.1445
 Lallemant, B., Evrard, A., Combescure, C., Chapuis, H., Chambon, G., Raynal, C., et al. (2009). Reference Gene Selection for Head and Neck Squamous Cell Carcinoma Gene Expression Studies. BMC Mol. Biol. 10, 78. doi:10.1186/1471-2199-10-78
 Li, B., Fang, L., Wang, B., Yang, Z., and Zhao, T. (2021). Identification of Prognostic RBPs in Osteosarcoma. Technol. Cancer Res. Treat. 20, 153303382110049. doi:10.1177/15330338211004918
 Li, B., Ruotti, V., Stewart, R. M., Thomson, J. A., and Dewey, C. N. (2010). RNA-seq Gene Expression Estimation with Read Mapping Uncertainty. Bioinformatics 26 (4), 493–500. doi:10.1093/bioinformatics/btp692
 Li, L., Liu, X., Sanders, K. L., Edwards, J. L., Ye, J., Si, F., et al. (2019). TLR8-Mediated Metabolic Control of Human Treg Function: A Mechanistic Target for Cancer Immunotherapy. Cel Metab. 29 (1), 103–123. doi:10.1016/j.cmet.2018.09.020
 Li, N., Yousefi, M., Nakauka-Ddamba, A., Li, F., Vandivier, L., Parada, K., et al. (2015). The Msi Family of RNA-Binding Proteins Function Redundantly as Intestinal Oncoproteins. Cel Rep. 13 (11), 2440–2455. doi:10.1016/j.celrep.2015.11.022
 Lin, Y., Zhang, H., Liang, J., Li, K., Zhu, W., Fu, L., et al. (2014). Identification and Characterization of Alphavirus M1 as a Selective Oncolytic Virus Targeting ZAP-Defective Human Cancers. Proc. Natl. Acad. Sci. USA 111 (42), E4504–E4512. doi:10.1073/pnas.1408759111
 Liu, T., Yuan, X., and Xu, D. (2016). Cancer-Specific Telomerase Reverse Transcriptase (TERT) Promoter Mutations: Biological and Clinical Implications. Genes 7 (7), 38. doi:10.3390/genes7070038
 Ludwig, H., Nachbaur, D., Fritz, E., Krainer, M., and Huber, H. (1991). Interleukin-6 Is a Prognostic Factor in Multiple Myeloma [letter] [see Comments]. Blood 77 (12), 2794–2795. doi:10.1182/blood.v77.12.2794
 Lunde, B. M., Moore, C., and Varani, G. (2007). RNA-binding Proteins: Modular Design for Efficient Function. Nat. Rev. Mol. Cel Biol. 8 (6), 479–490. doi:10.1038/nrm2178
 Luo, N., and Wang, Z. (2020). TRIM11 Stimulates the Proliferation of Gastric Cancer through Targeting CPEB3/EGFR axis. J. BUON 25 (4), 2097–2104.
 Ma, R., Liu, C., Lu, M., Yuan, X., Cheng, G., Kong, F., et al. (2019). The TERT Locus Genotypes of Rs2736100-CC/CA and Rs2736098-AA Predict Shorter Survival in Renal Cell Carcinoma. Urol. Oncol. Semin. Original Invest. 37 (5), e1–301. doi:10.1016/j.urolonc.2019.01.014
 Mao, R., Nie, H., Cai, D., Zhang, J., Liu, H., Yan, R., et al. (2013). Inhibition of Hepatitis B Virus Replication by the Host Zinc finger Antiviral Protein. Plos Pathog. 9 (7), e1003494. doi:10.1371/journal.ppat.1003494
 Mohibi, S., Chen, X., and Zhang, J. (2019). Cancer the'RBP'eutics-RNA-binding Proteins as Therapeutic Targets for Cancer. Pharmacol. Ther. 203, 107390. doi:10.1016/j.pharmthera.2019.07.001
 Moore, S., Järvelin, A. I., Davis, I., Bond, G. L., and Castello, A. (2018). Expanding Horizons: New Roles for Non-canonical RNA-Binding Proteins in Cancer. Curr. Opin. Genet. Develop. 48, 112–120. doi:10.1016/j.gde.2017.11.006
 O’Donohue, M.-F., Choesmel, V., Faubladier, M., Fichant, G., and Gleizes, P.-E. (2010). Functional Dichotomy of Ribosomal Proteins during the Synthesis of Mammalian 40S Ribosomal Subunits. J. Cel Biol. 190 (5), 853–866. doi:10.1083/jcb.201005117
 Ortiz-Zapater, E., Pineda, D., Martínez-Bosch, N., Fernández-Miranda, G., Iglesias, M., Alameda, F., et al. (2011). Key Contribution of CPEB4-Mediated Translational Control to Cancer Progression. Nat. Med. 18 (1), 83–90. doi:10.1038/nm.2540
 Osborne, M. J., Volpon, L., Kornblatt, J. A., Culjkovic-Kraljacic, B., Baguet, A., and Borden, K. L. B. (2013). eIF4E3 Acts as a Tumor Suppressor by Utilizing an Atypical Mode of Methyl-7-Guanosine Cap Recognition. Proc. Natl. Acad. Sci. 110 (10), 3877–3882. doi:10.1073/pnas.1216862110
 Pereira, B., Billaud, M., and Almeida, R. (2017). RNA-binding Proteins in Cancer: Old Players and New Actors. Trends Cancer 3 (7), 506–528. doi:10.1016/j.trecan.2017.05.003
 Pérez-Guijarro, E., Karras, P., Cifdaloz, M., Martínez-Herranz, R., Cañón, E., Graña, O., et al. (2016). Lineage-specific Roles of the Cytoplasmic Polyadenylation Factor CPEB4 in the Regulation of Melanoma Drivers. Nat. Commun. 7, 13418. doi:10.1038/ncomms13418
 Ritter, J., and Bielack, S. S. (2010). Osteosarcoma. Ann. Oncol. 21 (Suppl. 7), vii320–vii325. doi:10.1093/annonc/mdq276
 Stiller, C. A., Bielack, S. S., Jundt, G., and Steliarova-Foucher, E. (2006). Bone Tumours in European Children and Adolescents, 1978-1997. Report from the Automated Childhood Cancer Information System projectReport from the Automated Childhood Cancer Information System Project. Eur. J. Cancer 42 (13), 2124–2135. doi:10.1016/j.ejca.2006.05.015
 Tang, H., Zhang, J., Yu, Z., Ye, L., Li, K., Ding, F., et al. (2017). Mir-452-3p: A Potential Tumor Promoter that Targets the CPEB3/EGFR Axis in Human Hepatocellular Carcinoma. Technol. Cancer Res. Treat. 16 (6), 1136–1149. doi:10.1177/1533034617735931
 Todorova, T., Bock, F. J., and Chang, P. (2015). Poly(ADP-ribose) Polymerase-13 and RNA Regulation in Immunity and Cancer. Trends Mol. Med. 21 (6), 373–384. doi:10.1016/j.molmed.2015.03.002
 Tu, Z., Wu, L., Wang, P., Hu, Q., Tao, C., Li, K., et al. (2020). N6-Methylandenosine-Related lncRNAs Are Potential Biomarkers for Predicting the Overall Survival of Lower-Grade Glioma Patients. Front. Cel Dev. Biol. 8, 642. doi:10.3389/fcell.2020.00642
 Udhaya Kumar, S., Madhana Priya, N., Thirumal Kumar, D., Anu Preethi, V., Kumar, V., Nagarajan, D., et al. (2021). An Integrative Analysis to Distinguish between Emphysema (EML) and Alpha-1 Antitrypsin Deficiency-Related Emphysema (ADL)-A Systems Biology Approach. Adv. Protein Chem. Struct. Biol. 127, 315–342. doi:10.1016/bs.apcsb.2021.02.004
 Udhaya Kumar, S., Thirumal Kumar, D., Bithia, R., Sankar, S., Magesh, R., Sidenna, M., et al. (2020). Analysis of Differentially Expressed Genes and Molecular Pathways in Familial Hypercholesterolemia Involved in Atherosclerosis: A Systematic and Bioinformatics Approach. Front. Genet. 11, 734. doi:10.3389/fgene.2020.00734
 Vo, D. T., Subramaniam, D., Remke, M., Burton, T. L., Uren, P. J., Gelfond, J. A., et al. (2012). The RNA-Binding Protein Musashi1 Affects Medulloblastoma Growth via a Network of Cancer-Related Genes and Is an Indicator of Poor Prognosis. Am. J. Pathol. 181 (5), 1762–1772. doi:10.1016/j.ajpath.2012.07.031
 Volpon, L., Osborne, M. J., Culjkovic-Kraljacic, B., and Borden, K. L. B. (2013). eIF4E3, a New Actor in mRNA Metabolism and Tumor Suppression. Cell Cycle 12 (8), 1159–1160. doi:10.4161/cc.24566
 Wagner, G. P., Kin, K., and Lynch, V. J. (2012). Measurement of mRNA Abundance Using RNA-Seq Data: RPKM Measure Is Inconsistent Among Samples. Theor. Biosci. 131 (4), 281–285. doi:10.1007/s12064-012-0162-3
 Wang, S., Li, N., Yousefi, M., Nakauka-Ddamba, A., Li, F., Parada, K., et al. (2015). Transformation of the Intestinal Epithelium by the MSI2 RNA-Binding Protein. Nat. Commun. 6, 6517. doi:10.1038/ncomms7517
 Wang, Z.-L., Li, B., Luo, Y.-X., Lin, Q., Liu, S.-R., Zhang, X.-Q., et al. (2018). Comprehensive Genomic Characterization of RNA-Binding Proteins across Human Cancers. Cel Rep. 22 (1), 286–298. doi:10.1016/j.celrep.2017.12.035
 Xiong, X., Zhao, Y., Tang, F., Wei, D., Thomas, D., Wang, X., et al. (2014). Ribosomal Protein S27-like Is a Physiological Regulator of P53 that Suppresses Genomic Instability and Tumorigenesis. eLife 3, e02236. doi:10.7554/eLife.02236
 Yuan, X., Larsson, C., and Xu, D. (2019). Mechanisms Underlying the Activation of TERT Transcription and Telomerase Activity in Human Cancer: Old Actors and New Players. Oncogene 38 (34), 6172–6183. doi:10.1038/s41388-019-0872-9
 Zhang, H., Zou, C., Qiu, Z., E, F., Li, Q., Chen, M., et al. (2020). CPEB3-mediated MTDH mRNA Translational Suppression Restrains Hepatocellular Carcinoma Progression. Cell Death Dis. 11 (9), 792. doi:10.1038/s41419-020-02984-y
 Zhong, Q., Fang, Y., Lai, Q., Wang, S., He, C., Li, A., et al. (2020). CPEB3 Inhibits Epithelial-Mesenchymal Transition by Disrupting the Crosstalk between Colorectal Cancer Cells and Tumor-Associated Macrophages via IL-6R/STAT3 Signaling. J. Exp. Clin. Cancer Res. 39 (1), 132. doi:10.1186/s13046-020-01637-4
Conflict of Interest: The authors declare that the research was conducted in the absence of any commercial or financial relationships that could be construed as a potential conflict of interest.
Copyright © 2021 Zhang, Miao, Wu, Jia and Cheng. 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/fmolb-08-751842-g005.gif
L

”x.»’ffﬂ’f u

2 R
!Lath P 3*-'“‘ ™

FEFFFFFS f,«f FEEFFETEES






OPS/images/fmolb-08-751842-g006.gif





OPS/images/fmolb-08-751842-g003.gif
4
3






OPS/images/fmolb-08-751842-g004.gif
A A S——" B

o wm o ISR
e P
Mt o 41321 [H—

s oo sesain e s o

GsE21287 covot

e
sz
Presiyndt JESE.
s e

SRR2IIBY senart
s EEy g






OPS/images/inline_2.gif





OPS/images/fmolb-08-751842-g007.gif
>

Ratie mRNA exprossion el

CoE) ERiED NXT2 RN RPSZTL RPS TORDS TERT TLRD ZGOHAVY

St of dRTPCR o IV sy i st e Rl son (GTEX s TARGET)
= GRToCR 050 w205
GRTPCR (708 2 1438)

g2 (o change) of Noma s Tumer

ey eRaEs NIz RBwor RS Aoz TORDS TRRT TLR Zohavt

g

.

°3
P ’g
poodt=- S
H

H






OPS/images/inline_1.gif
Coef;





OPS/xhtml/nav.xhtml
Contents

		Cover

		Development and Validation of Ten-RNA Binding Protein Signature Predicts Overall Survival in Osteosarcoma		Introduction

		Materials and Methods		Data Collection and Processing

		Identification of Differentially Expressed RBPs (DERBPs) and Functional Enrichment Analysis

		Identification and Construction of Prognostic Signatures

		Evaluation and Verification of the Prognostic Signature

		Gene Set Enrichment Analysis (GSEA)

		Cell Lines and Cell Culture

		Clinical Specimens

		RNA Extraction and Quantitative Real-Time PCR

		Western Blotting

		Statistical Analysis





		Results		Screening and Functional Analysis of DERBPs

		Establishment of RBPs Prognostic Signature

		Evaluation and Verification of the RBPs Prognostic Signature

		Relationship Between Risk Model and Clinical Characteristics

		Establishment of a Clinical Nomogram

		Signal Pathway Enrichment Analysis of Characteristic Gene Sets

		Verification of the Expression Level of RBP-Related Prognostic Genes





		Discussion

		Data Availability Statement

		Ethics Statement

		Author Contributions

		Funding

		Publisher’s Note

		Acknowledgments

		Supplementary Material

		References









OPS/images/cover.jpg
frontiers
In Molecular Biosciences

Development and Validation of
Ten-RNA Binding Protein
Signature Predicts Overall
Survival in Osteosarcoma





OPS/images/fmolb-08-751842-g001.gif
KEGG Malyss






OPS/images/fmolb-08-751842-g002.gif
A e o L] —

o wctes iy o
T M e
e e |
ST T i L
g ST
o oxmanim |
vo ot E
T oot |
T ey
TR s

e e e yreder ) B .

c

I
!
!

oosmer]
oo
o






OPS/images/math_qu1.gif









OPS/images/crossmark.jpg
©

|





OPS/images/logo.jpg
, frontiers o
in Molecular Biosciences





