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RNA-Binding Proteins CLK1 and POP7 as Biomarkers for Diagnosis and Prognosis of Esophageal Squamous Cell Carcinoma
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The abnormality of RNA-binding proteins (RBPs) is closely related to the tumorigenesis and development of esophageal squamous cell carcinoma (ESCC), and has been an area of interest for research recently. In this study, 162 tumors and 11 normal samples are obtained from The Cancer Genome Atlas database, among which 218 differentially expressed RBPs are screened. Finally, a prognostic model including seven RBPs (CLK1, DDX39A, EEF2, ELAC1, NKRF, POP7, and SMN1) is established. Further analysis reveals that the overall survival (OS) rate of the high-risk group is lower than that of the low-risk group. The area under the receiver operating characteristic (ROC) curve (AUC) of the training group and testing group is significant (AUCs of 3 years are 0.815 and 0.694, respectively, AUCs of 5 years are 0.737 and 0.725, respectively). In addition, a comprehensive analysis of seven identified RBPs shows that most RBPs are related to OS in patients with ESCC, among which EEF2 and ELCA1 are differentially expressed at the protein level of ESCC and control tissues. CLK1 and POP7 expressions in esophageal cancer tumor samples are undertaken using the tissue microarray, and show that CLK1 mRNA levels are relatively lower, and POP7 mRNA levels are higher compared with non-cancerous esophageal tissues. Survival analysis reveals that a higher expression of CLK1 predicts a significant worse prognosis, and a lower expression of POP7 predicts a worse prognosis in esophageal cancer. These results suggest that CLK1 may promote tumor progression, and POP7 may hinder the development of esophageal cancer. In addition, gene set enrichment analysis reveals that abnormal biological processes related to ribosomes and abnormalities in classic tumor signaling pathways such as TGF-β are important driving forces for the occurrence and development of ESCC. Our results provide new insights into the pathogenesis of ESCC, and seven RBPs have potential application value in the clinical prognosis prediction of ESCC.
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INTRODUCTION

Esophageal cancer is the eighth common cancer in the world and the sixth leading cause of cancer-related deaths (Ferlay et al., 2019; Macedo-Silva et al., 2019; Lin et al., 2020; Zeng et al., 2021). Esophageal cancer is mainly divided into two subtypes, esophageal squamous cell carcinoma (ESCC) and esophageal adenocarcinoma (EAC). The former one accounts for nearly 90% of cases and is the main subtype in Asia and East Africa. However, the recent epidemiology shows that the incidence rate of EAC has increased by 3–4 times, and its proportion is increasing among patients with esophageal cancer (Harada et al., 2020; Mikuni et al., 2021; Thrift, 2021). In western countries, EAC incidence has exceeded ESCC and has become the main histological type (Arnold et al., 2015; Thrift, 2021). At present, the molecular mechanism of the occurrence and development of ESCC has not been fully elucidated, and the prognosis of patients with ESCC is still poor, with a 5-years survival rate of less than 30% (Mariette et al., 2005). Therefore, new diagnostic methods for the early detection and early intervention of esophageal cancer must be explored.

RNA-binding protein (RBP) is a kind of protein that binds to RNA in RNA regulation. At present, more than 1500 RBPs are encoded in the human genome, accounting for 7.5% of protein coding genes (Uchida et al., 2019; Seo and Choi, 2021). As a trans acting factor, RBP and RNA recognition and interaction are mainly mediated by specific RNA binding domain (RBD) (Ostareck and Ostareck-Lederer, 2019). RBD is a structure with unique characteristics. At present, more than 600 types of RBD with different structures have been found in human beings, such as K-homology motif, RNA recognition motif, and zinc finger domain. In addition, an auxiliary domain on RBP mediates the protein–protein interaction (PPI). One or more RBD domains and one or more auxiliary domains are assembled together in different ways to form different RBPs (Hattori et al., 2016). RNA is combined with RBP to form ribonucleoprotein (RNP) complex to regulate gene expression. RBP has many effects on the binding target RNA, including splicing, modification, transportation, localization, stability, degradation, and translation (Attig and Ule, 2019). Therefore, the defect or obstruction of RNP formation affects the occurrence and development of the disease (Sephton and Yu, 2015). RBP also plays an important role in the occurrence and development of cancer (Pelava et al., 2016). Cancer is a complex, heterogeneous disease. Tumor cells can regulate the level of protein expression by hijacking post transcriptional regulation, such that they can better adapt to the microenvironment. Studies have found that RBP is dysregulated in different types of cancer, which affects the expression and function of oncoproteins and tumor suppressor proteins. For example, the deletion of insulin-like growth factor 2 mRNA binding protein 1 (IMP1) can promote the occurrence and development of colon tumor microenvironment (Mongroo et al., 2011; Hamilton et al., 2015). However, the increased copy number of negative elongation factor E in HCC can lead to the over activation of MYC signaling pathway and promote the progression of HCC (Dang et al., 2017). Therefore, deciphering the intricate interaction network between RBP and its cancer-related RNA targets will provide a better understanding of tumor biology and may reveal new cancer treatment targets.

At present, the research on RBPs in esophageal cancer is rare. Thus, this study attempts to analyze the potential value of RBPs in ESCC systematically by integrating a full set of RNA related proteins (RBPs) with clinical data obtained from The Cancer Genome Atlas (TCGA) portal. The expression profile analysis based on the gene chip provides convenience for the quantitative evaluation of esophageal cancer biology and measures the gene expression level in the whole genome. It paves the way for individualized therapy based on gene expression profiles, overcomes the heterogeneity of ESCC, and improves the therapeutic effect. First, the risk prediction model of the differentially expressed RBPs related genes (DERBPs) was constructed by identifying the DERBPs in ESCC. Then, Lasso regression and Cox regression analysis were used to optimize the model, and DERBPs related to overall survival (OS) were selected. These DERBPs were used to establish a Cox regression model (OS model), and ROC curve analysis was used to evaluate the specificity and sensitivity of the model. Human tissue microarray was used to verify the results, which showed that these specific models can accurately predict the prognosis of patients. These findings provide a new understanding of the pathogenesis of the disease and an effective multidimensional strategy based on biomarkers for the prognosis prediction of patients with ESCC.



MATERIALS AND METHODS


RBP Expression Data Set and Preprocessing

The RNA sequencing data and corresponding clinical data of 162 ESCC and 11 normal esophageal tissue specimens were obtained from TCGA. A total of 1542 RBPs present in the human genome were extracted from the literature (Gerstberger et al., 2014). The expression log2 (x + 1) was used to standardize the RNA sequence map of ESCC. DESeq2 software package in R was used to evaluate the differential expression of RBP between ESCC and non-tumor specimens, and genes with at least 1.5-fold change and a corresponding P-value less than 0.05 were selected as DERBPs with significant differential expression. The heatmap package in R was used to cluster the DERBPs.



Gene Ontology Function and Pathway Enrichment Analysis, PPI Network Construction, and Key Module Screening

The clusterProfiler package in R was used to perform gene ontology (GO) enrichment and Kyoto Encyclopedia of Genes and Genomes (KEGG) pathway analysis on DERBPs, and the main biological characteristics of these RBPs were comprehensively tested. The GO analysis term included three parts: biological process, molecular function, and cell composition. P < 0.05 and FDR < 0.05 were statistically significant. STRING database1 was used to identify the PPI information of the DERBPs. Then, the PPI network was further constructed and visualized by using Cytoscape 3.6.1 software. Finally, the molecular complex detection (MCODE) plugin was used to screen out important modules and genes in the PPI network, and the MCODE score and the number of nodes were greater than 5.



Construction of the ESCC Prognostic Model

The significantly DERBPs data were integrated with the corresponding clinical information, the RBPs coexpressed in the PPI network were screened out, and then the data were randomly divided into training group and testing group for subsequent verification. The expression data of 197 RBPs in the training group were analyzed by univariate Cox regression, and the RBPs significantly correlated with survival rate were obtained (P < 0.05). Then, Lasso regression analysis was used to eliminate false positive parameters caused by overfitting. Finally, multivariate Cox regression analysis was used to determine seven prognostic RBPs and their coefficients, and then a prognostic model was constructed.



Validation of the ESCC Prognostic Model

Risk score is an index to measure the prognosis risk of each patient with ESCC. The risk score of each patient in the training group and testing group was calculated according to the regression coefficient and expression value of each gene in the prognosis model. The calculation formula is as follows: β1∗Exp1 + β2∗Exp2 + βi∗Expi, where β represents the coefficient value, and Exp represents the gene expression level. Then, the patients with ESCC were divided into high-risk group and low-risk group based on the median risk score of the training group, the Kaplan–Meier (K–M) survival curve was drawn, and the difference of the OS rate between the two groups was evaluated by log rank test to determine statistical significance. In addition, a receiver operating characteristic (ROC) curve was generated to determine the accuracy of the prediction model. The area under the curve (AUC) value greater than or equal to 0.70 is the effective predictive value, and the AUC value greater than or equal to 0.6 is the acceptable predictive value. Finally, RMS R package was used for nomogram analysis to predict the possibility of OS. P < 0.05 was significant difference.



Comprehensive Analysis of RBPs in the ESCC Prognostic Model

Correlation analysis was performed on the seven selected RBPs in the Tumor immune estimation resource (TIMER) online database, and the Pearson correlation coefficient between each gene pair was calculated. Then, the online database Gene expression profiling interactive analysis 2 (GEPIA2)2 was utilized to analyze the survival of RBPs in the risk-specific model, and the log rank test was used to evaluate the prognosis value. Logrank P ≤ 0.05 is a significant difference. Subsequently, by comparing the immunohistochemical staining images in the human protein Atlas database,3 the expression of the selected RBPs at the translation level was analyzed. Based on staining intensity, it was marked as high, medium, low, and undetected. cBioPortal online database was used to analyze the mutation and copy number changes of seven RBPs in the risk-specific model further.4 Finally, gene set enrichment analysis (GSEA) was performed to evaluate the potential mechanism of RBPs involved in esophageal carcinogenesis. The differences in pathways and corresponding biomarkers between high-risk and low-risk patients were determined. The normalized enrichment score (NES) and the normalized P-value were used to calculate the enrichment of the marker and the canonical path. Terms with |NES| > 1 and P < 0.05 were considered significantly rich.



Microarray Analysis

Human esophageal cancer/adjacent tissue cDNA microarray is a cDNA array that detects the expression of target genes by the real-time fluorescence quantitative method. The cDNA was obtained from esophageal cancer tissues and corresponding adjacent tissues of patients with esophageal cancer. The expression of CLK1 and POP7 in esophageal carcinoma (n = 28) was analyzed, and adjacent normal tissues were matched (n = 28). Twenty-eight pairs of esophageal cancer cDNA were obtained from me-hesos095su01 tissue cDNA array (Shanghai, China). The mRNA levels of CLK1, POP7, and GAPDH were detected by ABI 7,500 rapid real-time PCR system (Applied Biosystems, Carlsbad, CA, United States) and SYBR Premix Ex Tag (Takara). Relative mRNA expression was determined using the cycle threshold (CT) formula 2–Δ CT, whereΔCT = [CT(target gene)—CT(GAPDH)]. The expression level was standardized with endogenous GAPDH. The specific primers were as follows: human CLK1, forward 5′-AGAGACCATGAAAGCCGGTAT-3′, reverse 5′-CATGTGAACGACGATGTGAAGT-3′; human POP7, forward 5′-GGTGCTGTGGAGGCTGAACT-3′, reverse 5′-GCCCAAGCCGTGAATGTAGAT-3′; Human GAPDH, forward 5′-TGC-ACC-AAC-TGC-TTA-GC-3′, and reverse 5′-AGC-TCA-GGGATG ACC TTG CC-3′.




RESULTS


Differential Expression and Functional Annotation of RBPs in ESCC

The detailed workflow of this research is shown in Figure 1. The characteristics of DERBPs from TCGA–ESCC were defined. Multiple indicators were utilized for verification. The mRNA expression data and corresponding clinical information of 162 ESCC tissue samples and 11 non-tumor samples were downloaded from TCGA database (Table 1). After extracting the expression values of 1495 RBPs, the DERBPs were obtained, and the expression patterns of the DERBPs in ESCC and non-tumor tissues were shown by volcano map and thermogram. In ESCC, 218 differentially expressed genes were found, among which 100 were downregulated and 118 were upregulated (Figures 2A,B). Functional enrichment analysis was performed to analyze the biological characteristics of DERBPs. Figures 2C–F and Supplementary Table 1 summarize the GO terms and KEGG pathway enrichment of these genes. Our results show that in the biological processes related to esophageal cancer, upregulated RBPs are significantly enriched nucleocytoplasmic transport, nuclear transport, RNA localization, ribonucleoprotein complex biogenesis, and nucleic acid transport. The downregulated RBPs are significantly enriched in regulation of translation, regulation of cellular amide metabolic process, RNA splicing, regulation of RNA splicing, and translational elongation. In terms of molecular function, upregulated RBPs are significantly enriched in spliceosomal complex, cytoplasmic ribonucleoprotein granule, ribonucleoprotein granule, catalytic step 2 spliceosome, and SMN-Sm protein complex, whereas downregulated RBPs are significantly enriched in ribosome, cytoplasmic ribonucleoprotein granule, ribonucleoprotein granule, transcription elongation factor complex, and P-body. The findings show that upregulated RBPs are mainly enriched in catalytic activity, acting on RNA, ribonuclease activity, ribonucleoprotein complex binding, nuclease activity, and TRNA binding, whereas downregulated RBPs are significantly enriched in translation regulator activity, nuclear acid binding, translation regulator activity, mRNA binding, translation factor activity, RNA binding and translation reporter activity, and mRNA regulatory element binding. In addition, the KEGG pathway enrichment analysis of the DERBPs showed that upregulated RBPs are enriched in RNA transport, spliceosome, ribosome biogenesis in eukaryotes, mRNA surveillance pathway, and Influenza A, whereas downregulated RBPs are enriched in progesterone mediated oocyte formation, legionellosis, oocyte meiosis, and aminoacyl-tRNA biosynthesis.
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FIGURE 1. Flow chart of this study.



TABLE 1. Clinicopathological parameters of ESCC patients in the TCGA database.
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FIGURE 2. Expression and functional annotation of RBPs in ESCC. Volcano plot (A) and heatmap (B) of DERBPs in ESCC and normal tissues Results of GO functional annotation analysis of upregulated (C) and downregulated (D) DERBPs, Results of KEGG pathways enrichment analyses of upregulated (E) and downregulated (F) DERBPs. The dot size represents the enriched gene number. RBPs, RNA binding proteins GO, Gene ontology; KEGG, Kyoto Encyclopedia of Genes and Genomes.




Construction of PPI Network and Screening of Key Modules

A PPI network was constructed using STRING database and Cytoscape software to understand the potential molecular functions of these DERBPs in ESCC better. This PPI network contains 197 nodes and 1281 edges (Figure 3A). Subsequently, the coexpression network was further analyzed, the plugin mode in Cytoscape was to detect potential key modules, and the first three important modules were identified (Figure 3B). Module 1 included 31 nodes and 232 edges, Module 2 included 21 nodes and 61 edges, and Module 3 included 7 nodes and 21 edges. Functional enrichment analysis showed that the gene of Module 1 is mainly enriched in spliceosome, mRNA surveillance pathway, and RNA transport. The gene of Module 2 is significantly enriched in mitochondrial gene expression, translational elongation, and mitochondrial translation. However, the gene of Module 3 is significantly enriched in Type I interferon signaling pathway, regulation of protein binding, and response to exogenous dsRNA (Supplementary Table 2).
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FIGURE 3. PPI network and module analysis. (A) PPI network of DERBPs; (B) three critical modules from the PPI network. The outer circle is critical module 1, the middle circle is critical module 2, and the inner circle is critical module 3. Green circles: Downregulation RBPs, Red circles: Upregulation RBPs PPI, Protein–protein interaction RBPs, RBPs, RNA binding proteins.




Construction and Verification of the ESCC Prognostic Model

A total of 197 DERBPs were identified from the PPI network. A prognostic model in the training set of patients with esophageal cancer was established to explore the relationship between these RBPs and prognosis. Initially, univariate Cox regression analysis was performed to obtain genes significantly related to the prognosis, and then Lasso regression and multivariate Cox regression were used to generate a seven-gene model (CLK1, DDX39A, EEF2, ELAC1, NKRF, POP7, and SMN1), as shown in Table 2 and Figures 4A,B. This model was used to calculate the risk score of each patient, and the results showed that CLK1, DDX39A, NKRF, and SMN1 are positive risk-related genes, and EEF2, ELAC1, and POP7 are negative risk-related genes. Then, the patients were divided into high-risk group and low-risk group according to the median risk score, and K–M survival analysis was carried out on the training set and testing set. The results showed that the overall survival time of patients with higher risk score is significantly worse than that of patients with lower risk score in ESCC data set (Figures 4C,D). In addition, the ROC curve was constructed to evaluate the accuracy of the model. The area under the ROC curve of the training group and the testing group is significant (3-years AUC, 0.815 vs. 0.694; 5-years AUC, 0.737 vs. 0.725) (Figures 4E,F). In addition, all patients with ESCC were ranked according to the risk score to analyze the distribution of survival. The survival status of patients with different risk scores can be seen from the scatter plot, and risk score increases the mortality of patients. Thermography showed that the expression of RBPs is associated with the increase of risk score (Figures 4G,H).


TABLE 2. The seven selected RNA binding proteins.
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FIGURE 4. Construction and validation of the ESCC prognostic risk model. (A,B) Lasso regression using prognosis-significant RBPs (C,D) K–M analysis of the high-risk and low-risk patients in the training group and testing group (E,F) 3- and 5-years ROC curves in the training group and testing group. Risk score distribution of patients with ESCC and different risks in the training group (G, Top) and testing group (H, Top) (low, green; high, red). Dot plots showing the survival time and risk score in training group (G, Middle) and testing group (H, Middle) Heatmap of the seven key gene expression profiles in the training group (G, Bottom) and testing group (H, Bottom) (low, blue; high, red).




Prognosis Model of Patients With ESCC Is Independently Related to OS

Cox regression analysis was used to analyze the correlation between clinical parameters such as age, gender, histological grade, pathological TMN stage, risk score, and OS. Univariate Cox regression analysis showed that the pathological M, N staging, and risk score of patients with ESCC are related to OS (P < 0.05). However, multiple regression analysis found only the risk score is an independent prognostic factor related to OS (P < 0.05), as shown in Figure 5. Moreover, seven RBPs were combined to construct a quantitative model for the prognosis of patients with ESCC. Based on the multivariate Cox analysis, the point scale in the nomogram was used to assign points to each variable. A horizontal line was drawn to determine the point of each variable, and the total point of each patient was calculated by summing the points of all variables and then normalizing it to a distribution of 0–100. By drawing a vertical line between the total point axis and each prognostic axis, the estimated survival rate of patients with ESCC at 1, 3, and 5 years can be calculated, which is helpful for relevant practitioners to make clinical decisions for patients with ESCC. Our results indicated that the established specific prognostic model can be used to predict OS in patients with ESCC.
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FIGURE 5. Prognostic value of different clinical parameters. (A,B) Univariate and multivariate Cox regression were performed to calculate HR and 95% CI of RBPs. (C) Nomogram for predicting 1-, 3-, and 5-years OS of patients with ESCC.




Comprehensive Analysis of RBP Prognostic Model Genes

Seven genes were obtained from the prognostic model, and then the prognostic value of the selected genes was further evaluated in other databases. Correlation analysis of the six selected genes in the timer data showed that most genes are closely related in mRNA expression (Supplementary Figure 1). K–M analysis was performed on the GEPIA2 database. The results showed that in ESCC, CLK1, NKRF, and SMN1 are positively correlated with OS, and EEF2, ELAC1, and POP7 are negatively correlated with OS (Figures 6A–F). In general, the results of K–M analysis are consistent with those of univariate Cox analysis, which means that most genes are implanted into specific prognostic models and have strong predictive ability. Next, the HPA database was used to analyze the protein expression patterns of genes in the prognostic model. The results showed that EEF2 protein is highly expressed in normal esophageal tissues but moderately expressed in esophageal cancer tissues (Figure 6G). The expression of ELAC1 protein was not detected in normal esophageal tissues, but it was moderately expressed in esophageal cancer tissues (Figure 6H). The copy number variation (CNV) and mRNA expression changes of these genes were examined using the cBioPortal database (Figure 6I). The results showed that CNVs are involved in the change of mRNA expression of these genes. POP7 showed the highest changes in CNVs and mRNA expression in the entire analyzed sample, which indicates that CNVs may as a potential driving force for the changes in the mRNA expression of these genes.
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FIGURE 6. Comprehensive analyses of RBPs in the prognostic model. K–M analyses of (A) CLK1, (B) EEF2, (C) ELAC1, (D) NKRF, (E) POP7, and (F) SMN1 in patients with ESCC. The protein levels of (G) EEF2 and (H) ELAC1 were determined by immunohistochemistry using indicated antibodies in HPA database, and the staining strengths were annotated as Not detected, Low, Medium, and High. The bar plots indicate the number of samples with different staining strengths in the HPA database. (I) Copy number alterations and mRNA expression alterations of seven RBPs in the prognostic model are shown in OncoPrint database.




Independent Verification and GSEA

Among the seven gene models, studies on CLK1 and POP7 were few. Our focus was on the expression of CLK1 and POP7 in esophageal cancer. First, the expressions of CLK1 and POP7 were compared in 28 pairs of primary esophageal cancer and non-cancerous tissues from the cDNA array. Consistent with our previous results, compared with non-cancerous tissues, CLK1 mRNA levels are lower in esophageal cancer, and POP7 mRNA levels are higher (Figures 7A,B). Survival analysis showed that the higher the expression of CLK1 in esophageal cancer tissues is, the worse the prognosis of patients (Figure 7C); the lower the expression of POP7 is, the worse the prognosis of patients (Figure 7D). These results suggested that CLK1 may play a role in promoting cancer in esophageal cancer, and POP7 may play a role in suppressing cancer in esophageal cancer. We intend to use GSEA to explain the rich characteristics and pathways between high-risk and low-risk patients because our findings revealed that high-risk and low-risk patients have significant prognostic differences in OS (Figure 8). The GSEA enrichment results showed that the high-risk group is enriched in RIBOSOME SPLICEOSOME, CELLULAR_RESPONSES_TO_EXTERNAL_STIMULI, EUKA RYOTIC_TRANSLATION_ELONGATION, HALLMARK_ MYC_ TARGETS_V1, HALLMARK_MYC_TARGETS_V2, HALLMARK_G2M_CHECKPOINT, and HALLMARK_E2F_ TARGETS, whereas the low-risk group is enriched in TGF_BETA_SIGNALING_PATHWAY, AMINOACYL_TRNA_ BIOSYNTHESIS, GENE_SILENCING_BY_RNA, and MITOCHONDRIAL_TRNA_AMINOACYLATION. Several studies showed that these pathways are related to the occurrence and development of esophageal cancer. The GSEA results suggested that RBPs related signals are related to the development and progression of ESCC.
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FIGURE 7. Independent verification in cDNA microarray of ESCC. (A,B) Expression of CLK1 and POP7 in esophageal carcinoma and matched adjacent normal tissues. (C,D) Survival analysis of CLK1 and POP7 in esophageal carcinoma. *P < 0.05 and ***P < 0.001.
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FIGURE 8. Gene set enrichment analysis in high-risk and low-risk patients with ESCC. (A) KEGG_RIBOSOME, (B) KEGG_SPLICEOSOME, (C) CELLULAR_RESPONSES_TO_EXTERNAL_STIMULI, (D) EUKARYOTIC_TRANSLATION_ELONGATION, (E) TGF_BETA_SIGNALING_PATHWAY, (F) AMINOACYL_TRNA_BIOSYNTHESIS, (G) GENE_SILENCING_BY_RNA, (H) MITOCHONDRIAL_TRNA_AMINOACYLATION (I) HALLMARK_MYC_TARGETS_V1, (J) HALLMARK_MYC_TARGETS_V2, (K) HALLMARK_G2M_CHECKPOINT, (L) HALLMARK_E2F_TARGETS.





DISCUSSION

In this study, bioinformatic analysis was used to study the expression of RBPs in the ESCC database deeply, determine the prognostic-related RBPs, and develop a model for the prognosis of ESCC, which may be helpful in the development of biomarkers for diagnosis and prognosis. First, the DERBPs between ESCC and non-tumor tissues were screened, the PPI networks were established, and three key modules were obtained. Considering that these genes may be closely related to the occurrence of ESCC, GO, and KEGG analyses were performed. The module analysis of each network of PPI showed that DERBPs are mainly enriched in spliceosome, mRNA surveillance pathway, and RNA transport mitochondrial gene expression. The spliceosome is mainly composed of small molecules of nuclear RNA and protein. The precursor messenger RNA is formed by multiple introns and exon intervals. Introns must be removed, and exons must be connected by the role of spliceosome before they can be transformed into mature messenger RNA, thus translating into proteins to play a biological effect (JQN et al., 2020; Ochi and Ogawa, 2021). The abnormality of RNA splicing is related to the occurrence and development of tumors, and becomes a target of tumor treatment. RNA plays an important role in organism evolution, genetic information translation, gene expression, and cell function. Research has proven that the abnormal regulation of RNA transport, processing, translation, and catabolic processes is related to the occurrence and development of many diseases (Sciarrillo et al., 2020; Kolathur, 2021; Liu and Rabadan, 2021). In addition to being the place where the cells generate energy, mitochondria also encode 13 polypeptide chains, 22 tRNA molecules, and 2 rRNA molecules that participate in the oxidative respiratory chain of mitochondria (Bogenhagen and Haley, 2020; Lee et al., 2021). The abnormal expression of mitochondrial gene affects the utilization of oxygen, which is closely related to a series of pathophysiological processes. Studies have verified that the abnormal expression of mitochondrial and tumor mitochondrial-encoded gene is closely related to tumors in the liver, breast, colon, and other tissues (Huang et al., 2020; Boran et al., 2021). In most tumors, the number of mitochondria decreases, but the overall expression of mitochondrial oxidative respiratory chain coding gene increases (Penta et al., 2001). The results showed that the expression levels of NADH dehydrogenase, ATP synthetase 6, cytochrome oxidase B, and cytochrome oxidase I and III genes are upregulated in papillary thyroid carcinoma, whereas the expression of nuclear encoded mtTFA is not significantly changed (Haugen et al., 2003). These results indicated that RBPs affect the growth of tumor cells by regulating various biological processes.

Then, a model was established by univariate Cox regression and Lasso regression, and seven OS-related risk genes (CLK1, DDX39A, EEF2, ELAC1, NKRF, POP7, and SMN1) were finally identified. Further, the specific prognosis model (OS model) was constructed, and the model can provide accurate prediction for the prognosis of patients with ESCC. Multivariate Cox regression analysis of the prognostic model and other clinical parameters showed that the model could independently predict the prognosis of patients with ESCC. In addition, GESA enrichment analysis showed that ribosome and MYC related signaling pathways are over activated in high-risk patients. Studies have shown that ribosomal protein is abnormally expressed in a variety of tumors, and affects tumor cell apoptosis, senescence, growth, invasion, and drug and radiotherapy resistance through various mechanisms (Awah et al., 2020; Babaian et al., 2020). The proliferation of tumor cells is positively correlated with protein synthesis. Several tumor suppressors indirectly regulate cell proliferation by interfering with ribosome synthesis. Inactivation of ribosomal protein or p53 gene promotes the synthesis of ribosomal protein and leads to cell proliferation (Ibáñez-Cabellos et al., 2020). Carcinogenic factors facilitate cell proliferation by promoting the synthesis of ribosomal protein. In tumor evolution, tumor suppressor factors and carcinogenic factors jointly regulate the synthesis of ribosomal protein and determine the direction of cell development. The MYC gene family of nuclear oncogenes mainly encode proteins, and their activation and mutation can lead to cell canceration. Current research on MYC shows that its oncoprotein is abnormally expressed in oral and esophageal tumors, and its amplification is closely related to the occurrence and development of esophageal tumors (Sproll et al., 2018; McEvoy et al., 2021).

The enrichment analysis of the low-risk group suggests that it is enriched in classic tumor signaling pathways such as transforming growth factor-β (TGF-β) signaling pathway. In mammals, the TGF-β signaling pathway can affect cell differentiation, proliferation, migration, extracellular matrix remodeling, apoptosis, and other biological processes (Wharton and Derynck, 2009; Yan et al., 2014; Jia and Meng, 2021). In general, the binding of TGF-β family ligands to the extracellular domain of TGF-β receptor triggers the activation of downstream effectors of classical Smads Protein signal, leading to the transcription of important genes related to tissue homeostasis, tumor growth, and progression. Unexpectedly, TGF-β signaling seems to have a dual role in regulating tumorigenesis: it is a growth inhibitor in the early stage but promotes tumor progression and metastasis in the late stage (Morikawa et al., 2016; Zhao et al., 2018). This dual effect has been confirmed in ESCC and EAC. In the early stage of esophageal cancer, the TGF-β signaling pathway seems to have an inhibitory effect on tumor growth. EAC and ESCC cell lines reduce the TGF-β responsiveness by downregulating the expression of Smad4 or c-MYC (Batlle and Massagué, 2019). Accordingly, Smad4 expression gradually decreases in EAC metaplasia hyperplasia adenocarcinoma. After the recovery of Smad4 expression, the inhibition of proliferation recovers (Onwuegbusi et al., 2006). Unexpectedly, the results of TGF-β in ESCC are inconsistent. DACH1 methylation leads to downregulation of TGF-β or decreased expression of Smad4, which is related to increased depth of invasion, late tumor stage, and poor differentiation. The downregulation of TGF-β caused by proteasome degradation inhibits tumor growth and invasion in vivo. Nevertheless, the results of studies on patients with ESCC still support the tumor suppressor effect of TGF-β, and reduced signal transduction is associated with more aggressive tumor characteristics and worse prognosis (Chen et al., 2018).

The literature search of the seven selected model genes found few reports on the pathogenesis of CLK1, POP7, and ESCC. Therefore, they are expected to be new biological targets for ESCC treatment. CLK1 is a mitochondrial hydroxylase, an important regulatory component that encodes mitochondrial enzymes, which are involved in the biosynthesis of coenzyme Q, which is a necessary coaction factor in many redox reactions including mitochondrial respiratory chain (Takahashi et al., 2012). CLK1 affects many physiological processes; the cytoplasmic reactive oxygen species (ROS) level of cells with CLK1 gene mutations is significantly reduced, which leads to reduced lipoprotein oxidative damage and decreased activation of intracellular carcinogenic signals (Lapointe and Hekimi, 2008; Gu et al., 2017). Previous studies reported that CLK1 gene mutation in cryptodendromyonema is responsible for slowing down the growth of the nematodes and prolonging their life (Felkai et al., 1999). Studies have found that downregulating the CLK1 gene in glioma GL261 cells can inhibit mitochondrial function, reduce AMPK phosphorylation levels, activate the mTOR signaling pathway, promote the upregulation of HIF-1α in tumor cells, and enhance the sensitivity of GL261 cells to chemotherapy drugs. At present, no research focuses on the relationship between CLK1 and esophageal cancer (Zhang et al., 2017). Our results revealed that the level of CLK1 mRNA in esophageal cancer is relatively low. Survival analysis showed that the higher expression of CLK1 in esophageal cancer tissue is, the worse prognosis of patients, suggesting that CLK1 may play a role in promoting esophageal cancer. Therefore, indepth analysis of the changes and mechanisms of CLK1 is expected to provide new molecular markers for the early detection of ESCC. POP7 is a protein coding gene. Studies have found that POP7-related diseases include retinitis pigmentosa and hairy tongue. Among its related pathways are tRNA processing and gene expression (Perederina et al., 2007). No research studied the relationship between POP7 and esophageal cancer. Our results show that the level of POP7 mRNA in esophageal cancer is relatively higher, and the lower expression of CLK1 is, the worse prognosis of patients in esophageal cancer, suggesting that POP7 may play a role in promoting progression of esophageal cancer. Therefore, analysis of POP7 in the development of ESCC is expected to provide a new molecular marker for early detection.

RBP has a diverse structure of RNA binding domains and participates in the regulation of multiple transcriptional mechanisms. Dysfunction of RBPs in cancers cause abnormal translation and overexpression of mRNA, and promote tumor growth, invasion and angiogenesis. Specific prognostic models of RBPs based on the comprehensive analysis of RBP expression profile and corresponding clinical characteristics provide new targets for the treatment and intervention of esophageal cancer. Therefore, further research should focus on clarifying the accuracy of the comprehensive analysis of model gene expression and the mechanism by which RBPs regulate the occurrence and development of ESCC.
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