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17 Abstract  

18 Background: Hepatocellular carcinoma (HCC) is among the deadliest forms of cancer. While 

19 RNA-binding proteins (RBPs) have been shown to be key regulators of oncogenesis and tumor 

20 progression, their dysregulation in the context of HCC remains to be fully characterized.  

21 Methods: Data from the Cancer Genome Atlas - liver HCC (TCGA-LIHC) database were 

22 downloaded and analyzed in order to identify RBPs that were differentially expressed in HCC 

23 tumors relative to healthy normal tissues. Functional enrichment analyses of these RBPs were 

24 then conducted using the GO and KEGG databases to understand their mechanistic roles. 

25 Central hub RBPs associated with HCC patient prognosis were then detected through Cox 

26 regression analyses, and were incorporated into a prognostic model. The prognostic value of 

27 this model was then assessed through the use of Kaplan-Meier curves, time-related ROC 

28 analyses, univariate and multivariate Cox regression analyses, and nomograms. Lastly, the 

29 relationship between individual hub RBPs and HCC patient overall survival (OS) was 

30 evaluated using Kaplan-Meier curves.  

31 Results: In total, we identified 81 RBPs that were differentially expressed in HCC tumors 

32 relative to healthy tissues (54 upregulated, 27 downregulated). Seven prognostically-relevant 

33 hub RBPs (SMG5, BOP1, LIN28B, RNF17, ANG, LARP1B, and NR0B1) were then used to 

34 generate a prognostic model, after which HCC patients were separated into high- and low-risk 

35 groups based upon resultant risk score values. In both the training and test datasets, we found 

36 that high-risk HCC patients exhibited decreased OS relative to low-risk patients, with time-

37 dependent area under the ROC curve values of 0.801 and 0.676, respectively. This model thus 

38 exhibited good prognostic performance. We additionally generated a prognostic nomogram 

39 based upon these seven hub RBPs and found that four other genes were significantly correlated 

40 with OS. 

41 Conclusion: We herein identified a seven RBP signature that can reliably be used to predict 
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42 HCC patient OS, underscoring the prognostic relevance of these genes.  

43 Keywords: RNA binding protein; hepatocellular carcinoma; prognosis; comprehensive 

44 bioinformatics analysis 

45 Introduction 

46 Liver cancer is among the most common forms of cancer, and owing to its highly invasive 

47 nature it is the fourth leading cancer-related cause of death globally [1]. Hepatocellular 

48 carcinoma (HCC) accounts for approximately 80% of all liver cancer cases [2], and it can be 

49 difficult to reliably diagnose and treat in its early stages, as its detection is largely dependent 

50 upon imaging evaluations and biopsy. HCC treatments generally include hepatectomy, liver 

51 transplantation, radiofrequency ablation (RFA), and transcatheter arterial chemoembolization 

52 (TACE). As his disease is generally only detected when it is in an advanced stage, HCC patients 

53 generally have a poor overall prognosis [3,4]. The identification of novel diagnostic and 

54 prognostic biomarkers associated with HCC is thus very important.  

55 RNA binding proteins (RBPs) are a broad class of highly-conserved RNA-interacting 

56 proteins, of which roughly 60% are expressed in a tissue-specific manner [5]. Genome-wide 

57 screening analyses have detected over 1500 RBPs in the human genome. These proteins are 

58 capable of binding to diverse RNA types (including rRNAs, ncRNAs, snRNAs, miRNAs, 

59 mRNAs, tRNAs, and snoRNAs), and can serve as key post-transcriptional regulators of gene 

60 expression to maintain intracellular homeostasis [6,7]. RBP dysregulation has been shown to 

61 be associated with oncogenesis in multiple studies [8]. For example, Lin28 is an oncogenic 

62 RBP that has been found to promote the metastatic progression of diverse human cancers [9]. 

63 The RBP Musashi1 (Msi1) has been shown to promote glioma progression when its normal 

64 interactions with miR-137 are disrupted [10]. PUM2 is an RBP that is overexpressed in breast 

65 cancer and to be negatively correlated with OS and a lack of tumor recurrence in these patients 
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66 [11]. The RBP insulin-like growth factor 2 mRNA-binding protein 3 (IGF2BP3) has similarly 

67 been found to be overexpressed in mixed-lineage leukemia–rearranged (MLL rearranged) B-

68 acute lymphoblastic leukemia (B-ALL) and to be associated with poorer outcomes and higher 

69 recurrence risks in these patients [12]. There is also specific evidence linking certain RBPs to 

70 liver cancer. For example, Sorbin and SH3 domain containing 2 (RBPSORBS2) expression is 

71 reduced in HCC patients and associated with a poor prognosis. This RBP is believed to function 

72 via regulating RORA expression to control liver cancer onset and metastasis [13]. RBM3 is an 

73 RBP capable of promoting HCC cell proliferation owing to its ability to regulate SCD-

74 CircRNA2 production, with RBM3 overexpression being linked to reduced OS and decreased 

75 recurrence-free survival (RFS) in HCC patients[14]. While these findings are informative, few 

76 studies to date have systematically evaluated RBP expression patterns in liver cancer. 

77 In the present study, we downloaded HCC patient gene expression and clinical data from 

78 The Cancer Genome Atlas (TCGA) database, after which we used these data to identify RBPs 

79 that were differentially expressed in HCC tumor tissues relative to healthy normal tissues. We 

80 further explored the functional roles of these RBPs through protein-protein interaction (PPI) 

81 network, gene ontology (GO) enrichment analyses, and Kyoto gene and genome encyclopedia 

82 (KEGG) pathway analyses. We also constructed a prognostic model based upon seven key hub 

83 RBPs, identifying them as potentially viable diagnostic and prognostic biomarkers of HCC.  

84 Materials and Methods  

85 Data collection 

86 We downloaded level 3 mRNA expression and clinical data from 374 HCC and 50 normal 

87 control samples from the TCGA – liver HCC dataset (TCGA-

88 LIHC)(https://portal.gdc.cancer.gov/). 
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89 Differentially expressed RBP identification 

90 Appropriate R packages were used to standardize data by excluding genes with an average 

91 count < 1. Differentially expressed RBPs were then identified using R (v3.6.0) with the 

92 following criteria: | log2FC | ≥ 1 and FDR < 0.05. 

93 Functional enrichment analyses 

94 In order to explore the functional roles of these differentially expressed RBPs, they were next 

95 separated into those that were upregulated and downregulated in HCC. The clusterProfiler R 

96 package [15] was then used to conduct GO and KEGG pathway enrichment [16] analyses on 

97 these two groups of RBPs, with P < 0.05 and FDR < 0.05 being used as significance thresholds.  

98 PPI network construction and analysis 

99 The STRING database (http://www.string-db.org/) [17] was used to assess interactions 

100 between proteins related to these differentially expressed RBPs, with Cytoscape v3.7.1 being 

101 used to construct a PPI network. The MCODE plugin was then used to identify key modules 

102 and hub genes within this network based on the following criteria: degree cutoff=5, node score 

103 cutoff=0.2, k-core=5, max.depth=100 truncation standard, and P < 0.05 was the significance 

104 threshold.  

105 Evaluation of hub gene prognostic relevance 

106 Follow-up analyses incorporated all HCC patients surviving for at least 30 days. Hub RBPs 

107 associated with patient prognosis were identified through univariate Cox regression analyses, 

108 with patients being randomly separated into training and test cohorts. RBPs identified in these 

109 initial analyses were then assessed via a multivariate stepwise Cox regression approach to 

110 identify hub RBPs individually associated with HCC patient OS.  
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111 Prognostic risk score model construction and analysis 

112 A prognostic risk score model was constructed using patients in the training cohort (n=172) 

113 based upon multivariate stepwise Cox regression model coefficient (β) values for selected hub 

114 RBPs. Risk scores for n hub genes were computed as follows:  risk score = (β-mRNA1 * 

115 expression mRNA1) + (β-mRNA2 * expression mRNA2) + (β-mRNA3 * expressionmRNA3) 

116 + (β-mRNAn * expression mRNAn). The R survival and Survminer packages were used to 

117 select the optimal risk score cutoff values [18]. HCC patients were then separated into low- 

118 and high-risk groups based upon median risk score values. The OS of patients in these two risk 

119 groups was then compared using Kaplan-Meier survival curves and log-rank sum tests with the 

120 R survival package. The Survival ROC package was additionally utilized for time-related ROC 

121 analyses assessing the value of individual hub RBPs as predictors of patient OS. These analyses 

122 were then repeated in the test group of patients.  

123 Nomogram construction  

124 Nomograms have been used to predict outcomes in patients with a range of cancer types [19]. 

125 In order to construct a nomogram in the present study, the multivariate Cox analysis results 

126 pertaining to hub RBPs were used to construct line diagrams. Total nomogram scores were 

127 then used to predict 1-, 3-, and 5-year OS in HCC patients in both the training and test cohorts.  

128 Assessment of the independent prognostic relevance of risk scores 

129 The independent prognostic relevance of hub RBP risk scores, age, sex, tumor grade, tumor 

130 stage, and TNM stage was analyzed through univariate and multivariate Cox regression 

131 analysis. TCGA entries with incomplete data were omitted from these analyses. P < 0.05 was 

132 the significance threshold. 
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133 Prognostic RBP validation 

134 To analyze the prognostic relevance of identified hub RBPs in HCC patients, we utilized 

135 Kaplan-Meier curves. The survival R package was used to compute P-values corresponding to 

136 these curves via the log-rank test, with P < 0.05 as the significance threshold.  

137 Results 

138 Differentially expressed RBP identification 

139 In total, we evaluated the expression of 1542 different RBPs in 374 HCC tumors and 50 normal 

140 tissue samples [6]. Of these, we identified 81 differentially expressed RBPs, including 54 and 

141 27 that were upregulated and downregulated, respectively (|log2FC| > 1.0 and P < 0.05) (Figure 

142 1).  

143 Functional enrichment analyses 

144 GO and KEGG analyses were next used to assess the potential functional roles of up- and 

145 down-regulated RBPs in HCC patients. GO analyses revealed upregulated RBPs to be enriched 

146 for roles in mRNA metabolic processes, RNA catabolic processes, DNA methylation or 

147 demethylation, DNA modification, and mRNA catabolic processes (Figure 2A). In contrast, 

148 downregulated RBPs were enriched for roles in RNA catabolic processes, intracellular mRNA 

149 localization, translational regulation, 3'−UTR−mediated mRNA destabilization, and RNA 

150 phosphodiester bond hydrolysis (Figure 2B). With respect to molecular functions, upregulated 

151 RBPs were enriched in mRNA 3'−UTR binding, catalytic activity, acting on RNA, translation 

152 regulator activity, poly(U) RNA binding, and poly−pyrimidine tract binding (Figure 2A), 

153 whereas downregulated RBPs were enriched in mRNA 3'−UTR AU−rich region binding, 

154 AU−rich element binding, mRNA 3'−UTR binding, ribonuclease activity and double−stranded 
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155 RNA binding (Figure 2B). Upregulated RBPs were additionally enriched in the cytoplasmic 

156 ribonucleoprotein granule, ribonucleoprotein granule, cytoplasmic stress granule, telomerase 

157 holoenzyme complex, and cytosolic large ribosomal subunit compartments (Figure 2A), while 

158 downregulated RBPs were primarily enriched in mRNA cap-binding complex, RNA cap-

159 binding complex, endolysosome membrane, and apical dendrite compartments (Figure 2B). 

160 Upregulated RBPs were additionally enriched in the mRNA surveillance pathway, microRNAs 

161 in cancer, RNA transport, RNA degradation, DNA replication, and cysteine and methionine 

162 metabolism KEGG pathways (Table 1), whereas downregulated RBPs were enriched in the 

163 influenza A, mRNA surveillance, and Hepatitis C pathways (Table 1). 

164 PPI network construction and analysis 

165 We next utilized Cytoscape (3.7.1) to construct a PPI network based on the STRING database. 

166 The resultant network incorporated 66 nodes and 127 edges (Figure 3A). Key co-expressed 

167 modules within this network were then identified using the MCODE plugin (Figure 3B). 

168 Functional enrichment analyses revealed that hub RBPs within this network were enriched in 

169 mRNA catabolic processes, RNA catabolic processes, mRNA surveillance pathways, and 

170 ribosome pathways.  

171 Identification of hub RBPs associated with HCC patient prognosis 

172 We next randomly separated 343 total HCC patients in the TCGA-LIHC dataset that had 

173 survived for a minimum of 30 days into a training cohort (n = 172) and a test cohort (n = 171). 

174 These two patient cohorts were then used to conduct survival analyses, leading us to identify 

175 22 hub RBPs that were associated with patient OS (Figure 4A). A further multivariate Cox 

176 regression analysis determined that seven of these hub RBPs (SMG5, BOP1, LIN28B, RNF17, 

177 ANG, LARP1B, NR0B1) were independently associated with HCC patient OS (Figure 4B).  
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178 Construction and validation of a hub RBP-based prognostic model  

179 We next utilized these seven independent prognostic hub RBPs to construct a prognostic risk 

180 score model as follows: risk score 

181 =0.7291*ExpressionSMG5+0.4424*ExpressionBOP1+0.0610*ExpressionLIN28B+0.0936*

182 ExpressionRNF17+(0.2779)*ExpressionANG+0.6005*ExpressionLARP1B+0.0731*Express

183 ionNR0B1. Risk scores for each patient in the training set were then calculated, and the 

184 Survminer R package was used to calculate the median risk score in this patient cohort. This 

185 median value was used to stratify patients into low- and high-risk groups, and survival 

186 outcomes between these groups were then compared via Kaplan-Meier survival and time-

187 dependent ROC analyses. This analysis confirmed that the OS of HCC patients in the high-risk 

188 group was significantly reduced relative to that of patients in the low-risk group (Figure 5A), 

189 with an area under the ROC curve value of 0.801 for this seven RBP risk score model (Figure 

190 5B), consistent with its moderate diagnostic performance. In Figure 5C, mRNA expression 

191 levels, survival status, and risk score values for patients in the low- and high-risk groups are 

192 shown. We then utilized this same risk score formula to analyze patients in the test cohort 

193 (n=171) (Figure 6A-C). Consistent with the above results, HCC patients in the low-risk group 

194 exhibited an OS that was significantly longer than that of patients in the high-risk group, with 

195 an area under the ROC curve of 0.676. This thus indicates that our prognostic model was able 

196 to successfully predict HCC patient survival outcomes.  

197 Construction of a hub RBP-based prognostic nomogram 

198 A nomogram incorporating the results of the above multivariate Cox regression analysis 

199 pertaining to the seven hub RBPs was next constructed and used to predict 1-, 3-, and 5-year 

200 HCC patient OS (Figure 7) in our training dataset. This analysis revealed that patient 1-, 3-, 

201 and 5-year OS declined as risk scores increased, consistent with our above results, confirming 
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202 the prognostic value of this risk nomogram.  

203 RBP risk scores independently predict HCC patient prognosis  

204 We next conducted univariate Cox analyses or factors associated with prognosis in 226 patients 

205 that survived for a minimum of 30 days and for whom complete clinical data were available. 

206 These analyses revealed that cancer tissue stage, T stage, and risk scores were all associated 

207 with HCC patient OS (P < 0.001) (Figure 8A). Subsequent multivariate Cox analysis confirmed 

208 that the RBP risk score was an independent predictor of HCC patient OS, with a hazard ratio 

209 (HR) of 1.160 and a 95% confidence interval of 1.095-1.229 (P=4.305E-07)(Figure 8B). 

210 Validation of hub RBP prognostic value  

211 Lastly, the relationship between identified hub RBPs and HCC patient OS was evaluated using 

212 the Kaplan-Meier plotter database. This analysis confirmed that 4/7 hub RBPs (ANG, LIN28B, 

213 SMG5, and NR0B1) were significantly associated with HCC patient OS, with respective P-

214 values of 0.017, 0.013, 0.002, and 0.003 (Figure 9A-D). 

215 Discussion 

216 While available treatments for HCC have improved significantly in recent years [20], it remains 

217 a condition associated with high rates of morbidity and mortality [21]. As such, it is essential 

218 that novel diagnostic and prognostic biomarkers of HCC be identified in order to improve 

219 patient outcomes.  

220 RBP dysregulation has been shown to be a hallmark of many tumor types [8]. In gliomas 

221 [10], breast cancer [11], and B-ALL [12], RBPs have been found to be directly related to tumor 

222 development and patient prognosis. In the present study, we identified 81 RBPs that were 

223 differentially expressed in HCC tissues relative to healthy control tissues in the TCGA-LIHC 
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224 dataset. We analyzed the biological roles of these RBPs through functional enrichment analyses 

225 and by constructing a PPI network, after which we employed Cox regression analyses, survival 

226 analyses, and time-dependent ROC analyses of key hub RBPs within this network to construct 

227 a prognostic risk model. This model was capable of predicting HCC patient OS based upon the 

228 intratumoral expression of seven key RBPs. As such, our results highlight these RBPs as novel 

229 prognostic biomarkers of HCC, and additionally identify these genes as potential diagnostic or 

230 therapeutic targets. These differentially expressed RBPs were found to be functionally enriched 

231 in pathways relating to the regulation of mRNA metabolism, RNA catabolism, DNA 

232 methylation or demethylation, DNA modification, translation regulation, mRNA3'-UTR 

233 binding, ribonuclease activity, , ribonucleoprotein granule, telomerase holoenzyme complex, 

234 and dsRNA binding. It has been reported that human ribosomal protein S3 (RPS3) regulates 

235 the expression of silent information regulator 1 (SIRT1) after transcription to promote liver 

236 cancer [22]. IGF2 mRNA-binding proteins (IGF2BPs) can specifically bind to the lncRNA 

237 HULC (Highly Up-regulated in Liver Cancer) HULC, thereby controlling its expression [23]. 

238 Polypyrimidine tract-binding protein 1 (PTBP1) is highly expressed in hepatocellular 

239 carcinoma and promotes the translation of cyclin D3 (CCND3) via interacting with the 5'-

240 untranslated region (5'-UTR) of its mRNA, thereby playing a role in the development of 

241 hepatocellular carcinoma [24].RBPs are capable of specifically binding to conserved 3’-UTR 

242 sequences in target mRNAs, thereby modulating their stability and subsequent translation 

243 [25,26]. Appropriate regulation of DNA modification is essential to ensure that chromosomes 

244 replicate correctly, and that genes are expressed or silenced in a context-appropriate manner 

245 [27]. Promoter or gene body hypermethylation can lead to the inactivation of key tumor 

246 suppressor genes, and methylation-based epigenetic silencing of specific genes is a hallmark 

247 of many forms of cancer [28]. There are also many studies that show that telomerase 

248 plays an important role in the development of liver cirrhosis and liver cancer [29]. 
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249 Our KEGG pathway analyses further suggested that these dysregulated RBPs may be linked to 

250 HCC onset and progression owing to their ability to influence mRNA monitoring pathway, 

251 microRNA, RNA transport, RNA degradation, and DNA replication pathway. For example, 

252 microRNAs have been shown to play an important role in post-transcriptional regulation of 

253 gene expression. Indeed, microRNA dysregulation is thought to be associated with tumor 

254 suppressor gene inactivation and oncogene activation in liver cancer [30]. The mRNA 

255 monitoring pathway is essential for maintaining homeostasis such that when this regulation is 

256 disrupted it can facilitate tumor pathogenesis [31]. As such, these mechansims may explain 

257 how differentially expressed RBPs are associated with the development of liver cancer. 

258 Through Cox regression analyses, we detected seven key RBPs that were associated with 

259 HCC patient prognosis, including SMG5, BOP1, LIN28B, RNF17, ANG, LARP1B, and 

260 NR0B1. SMG5 [32], BOP1 [33], LIN28B [34], ANG [35], and NR0B1 (also known as DAX-

261 1) [36] have all previously been linked to HCC development. We then employed a multivariate 

262 stepwise Cox regression analysis to establish a risk model incorporating these seven hub RBPs 

263 that can be used to predict HCC patient prognosis. Time-dependent ROC curve analyses 

264 revealed that these seven genes offered good diagnostic ability, and that our risk model could 

265 be readily used to identify HCC patients with a poor prognosis. However, few studies to date 

266 have explored the molecular mechanisms whereby these hub RBPs influence HCC 

267 pathogenesis, and as such, further research is essential. We additionally constructed a 

268 nomogram capable of predicting the 1-, 3-, and 5-year HCC patient OS. In addition, we utilized 

269 Kaplan-Meier curves to assess the prognostic value of these seven hub RBPs, with four of them 

270 being found to be associated with patient outcomes. As such, these differentially expressed hub 

271 RBPs offer clear value in the assessment of HCC patients and may represent viable therapeutic 

272 targets. Despite the lack of effective adjuvant therapy for liver cancer, the application of 

273 targeted drugs provides a promising opportunity for imporiving the prognosis of those affected 
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274 by this disease [37]. 

275 In summary, in the present study we developed a predictive model of HCC patient survival 

276 based upon the expression of seven key RBPs within tumor tissues. While this model exhibited 

277 significant prognostic value, this study is limited by the fact that it is solely based upon data 

278 within the TCGA database and lacks any external validation. In addition, we have not explored 

279 the functional roles of these RBPs in the context of HCC, and as such, future in vitro and in 

280 vivo analyses will be necessary to confirm and expand upon our findings.  
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401 Tables 

402 Table1: analysis of KEGG pathway of aberrantly expressed RBPs 

 term count p-value 

Up-regulated RBPs mRNA surveillance pathway 5 1.71E-06 

 MicroRNAs in cancer 5 0.00061399 

 RNA transport 4 0.00072374 

 RNA degradation 3 0.000789978 

 DNA replication 2 0.00317763 

 Cysteine and methionine metabolism 2 0.005824133 

Down-regulated RBPs    

 Influenza A 4 0.000219498 

 mRNA surveillance pathway 3 0.000578381 

 Hepatitis C 3 0.002696851 

403  

404 Figure legends 

405 Figure 1. Volcano plots and Heat maps of differentially expressed RBPs. (A) Heat map; (B) 

406 Volcano plot. 

407  

408 Figure 2. The top 5 significantly enriched GO annotations associated with differentially 

409 expressed RBPs. (A) Up-regulated RBPs; (B) down-regulated RBPs. Where CC stands for 

410 cellular component, BP for the biological process, and MF for molecular function. 

411  

412 Figure 3. Analysis of modules and network of protein-protein interaction. (A) The network of 

413 protein-protein interaction of differentially expressed RBPs; (B) A critical module from the 

414 network of PPI. Red circles: > 2-fold up-regulation Green circles: > 2-fold down-regulation 

415  

416 Figure 4. Forest plot for univariate and multivariate Cox regression analyses of HCC patients. 
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417 (A) Univariate Cox regression analysis for the hub RBPs identification in the TCGA patient 

418 cohort; (B) Multivariate Cox regression analysis for the identification of hub RBPs related to 

419 patient prognosis in the training set (n=172) 

420  

421 Figure 5. Risk score analysis of a seven hub RBP-based prognostic model in the training set 

422 (n=172). (A) Survival curves for high- and low-risk patient groups; (B) ROC curves used to 

423 predict OS on the basis of risk score; (C) Expression survival status, distribution of risk score, 

424 and heat map. 

425  

426 Figure 6. Analysis of risk score of a seven hub RBP-based prognostic model in the testing set 

427 (n=171). (A) Survival curves for high- and low-risk patient groups; (B) ROC curves used to 

428 predict OS on the basis of risk score; (C) Expression survival status, distribution of risk score, 

429 and heat map. 

430  

431 Figure 7. Nomogram for the prediction of OS in LIHC patients at 1, 3, and 5 years in the 

432 training set (n=172) 

433  

434 Figure 8. Univariate and multivariate analyses of the correlation between  

435 risk score and OS. (A) Univariate Cox analyses; (B) multivariate Cox analysis. 

436  

437 Figure 9. Validation of the hub RBPs prognostic value in HCC patients in the TCGA cohort. 

438


