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Abstract

:

Somatic mutations in 3′-untranslated regions (3′UTR) do not alter amino acids and are considered to be silent in cancers. We found that such mutations can promote tumor progression by altering microRNA (miRNA) targeting efficiency and consequently affecting miRNA–mRNA interactions. We identified 67,159 somatic mutations located in the 3′UTRs of messenger RNAs (mRNAs) which can alter miRNA–mRNA interactions (functional somatic mutations, funcMutations), and 69.3% of these funcMutations (the degree of energy change > 12 kcal/mol) were identified to significantly promote loss of miRNA-mRNA binding. By integrating mRNA expression profiles of 21 cancer types, we found that the expression of target genes was positively correlated with the loss of absolute affinity level and negatively correlated with the gain of absolute affinity level. Functional enrichment analysis revealed that genes carrying funcMutations were significantly enriched in the MAPK and WNT signaling pathways, and analysis of regulatory modules identified eighteen miRNA modules involved with similar cellular functions. Our findings elucidate a complex relationship between miRNA, mRNA, and mutations, and suggest that 3′UTR mutations may play an important role in tumor development.
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1. Introduction


MicroRNAs (miRNAs) are a class of small noncoding RNAs consisting of 19–25 nucleotides that play important roles in regulating mRNA expression at the post-transcriptional level. By binding to 3′-untranslated regions (3′UTR) of cytosolic messenger RNAs (mRNAs), miRNAs either reduce the translation or increase the degradation of transcripts [1]. Cumulative studies have demonstrated the importance of miRNAs in targeting pivotal genes to promote tumor progression [2,3,4].



Somatic mutations play crucial rules in tumor initiation and progression [5,6,7]. A small number of mutations are identified to be “driver mutations” that yield a selective clonal growth advantage to cancer cells. Meanwhile, the large majority of mutations are “passenger mutations” which do not explicitly yield a growth advantage but may nonetheless provide useful information about the evolutionary forces within the cancer genome [8]. Studies have demonstrated that the accumulation of somatic mutations influence the regulation of several important signaling pathways including the P53, TGF-β, and WNT signaling pathways [9,10]. Importantly, different mutational processes may generate different mutation types (or signatures) [11]. For instance, the UV-induced mutation was strongly associated with C>T and CC>TT alterations [12], and it was recently suggested that temozolomide (TMZ) treatment may also increase the C>T alterations in glioblastoma multiforme (GBM) patients [13].



Non-synonymous gene mutations which alter the amino acids of protein products may result in significant functional changes and accelerate the progression of tumors. For example, somatic mutation at R132 of IDH1, a gene encoding NADP+-dependent isocitrate dehydrogenase 1, was found to be associated with early gliomagenesis [14]. By changing the function of the enzyme to produce 2-hydroxyglutarate, the IDH1 mutation remodeled the environment to fuel tumor cell development [15]. Synonymous mutations, meanwhile, do not alter amino acids and are largely considered to be “silent mutations”. Yet, Supek et al. present a compelling analysis that suggests synonymous mutations in cancer can be oncogenic by altering transcript splicing and thereby affecting protein function [16]. Others have also implicated mutations in cancer [17].



Akdeli et al. found a 3′UTR polymorphism that can influence PLK1 mRNA stability and may be a factor for response to PLK1 inhibitors [18], suggesting that the mutations residing in the 3′UTR may alter miRNA binding efficiency and consequently trigger loss/gain of gene function. Cui et al. found 11 mutations in 3′UTR that alter miRNA target sites in cancer-related genes [19]. A number of methods and tools have been developed for compiling the compendiums of functional genomic variations in miRNA target sites, including PolymiRTS [20], Patrocles [21], MicroSNiPer [22], and dbSMR [23]. SomamiR is a database for collecting somatic mutations in miRNAs and their target sites that potentially alter the interactions between RNAs [24]. Systematic characterization of the functional implications of mutations in cancers remains to be done.



In the present study we analyzed 744,270 3′UTR mutations among which we identified 67,159 mutations located in the 3′UTR of mRNAs that can alter miRNA–mRNA interactions, and 69.3% of these functional somatic mutations (funcMutations, the degree of energy change > 12 kcal/mol) were found to result in the loss of miRNA-mRNA binding. G>T mutations were observed with the highest proportion (about 22.9%) among funcMutations. The C and G wild-type mutation was prone to result in loss of miRNA binding while the A and T wild-type mutation may promote the ability for genes to bind with miRNAs. By integrating mRNA expression profiles of 21 cancer types, we found that the expression of target genes showed a positive correlation with the loss of absolute affinity level and a negative correlation with the gain of absolute affinity level. Functional enrichment analysis revealed that the funcMutations may regulate gene expression and affect cancer-related signaling pathways (e.g., WNT signaling pathway). Analysis of regulatory modules identified eighteen miRNA modules co-regulating similar cellular processes. Our findings suggest that 3′UTR mutations may perturb miRNA–mRNA interactions and consequently have important implications for tumor development.




2. Materials and Methods


2.1. Functional Somatic Mutation Identification


Sequences of mature miRNA were acquired from miRBase version 21 [25]. Somatic mutations located in the 3′UTRs were obtained from The Cancer Genome Atlas (TCGA, https://portal.gdc.cancer.gov, annotated data) [26]. Variants calling results (VCF files) of whole-exome target sequencing (WES) datasets of 10,429 tumors for 33 cancer types were obtained from TCGA which detected 1,648,474 potential single nucleotide variants in 3′UTRs. The 3′UTR position annotation analysis for mutation data were conducted by reference file derived from Ensembl (https://www.ensembl.org/index.html, Version GRCh38.p10) [27]. The sequences of mRNA 3′UTRs were obtained from the UCSC Genome browser (UCSC Genome Browser, http://genome.ucsc.edu/, version: GRCh38, Dec. 2013) [28]. The mRNAs with or without 3′UTR mutations were considered as the mutant or the wild-type mRNA, respectively. The sequences of mRNAs (either mutant or wild-type) were extended 30 bp on both upstream and downstream of variant position. Finally, these paired sequences were analyzed by Probability of Interaction by Target Accessibility (PITA) [29] (with default parameters) to assess the change of free energy and predict potential miRNA target sites. We defined that miRNA and mRNA had a binding event if the absolute value of the PITA score > 10 kcal/mol (ΔΔG < −10). The somatic mutations changing the free energy between miRNA and mRNA sequences were defined as functional somatic mutations (funcMutations). According to the binding of miRNA to the mRNA 3′UTR, we assigned the potential funcMutations to one of the four classes: “complete gain”, the mRNA acquires a new miRNA binding site through the wild-type somatic mutation into variant-type somatic mutation; “complete loss”, mRNA loses a predicted miRNA binding site through the wild-type somatic mutation into variant-type somatic mutation; “partial gain”, mRNA acquires more stable miRNA binding site than that without the somatic mutation; “partial loss”, mRNA target site turns into unstable miRNA binding site with the somatic mutation. The degree of binding is quantified by the change of the PITA score, which was defined as follows:


  absolute   affinity =  |   T  v a r   −  T  w t    |   








where    T  w t     represents the score of miRNA binding to the wild-type 3′UTR sequences and    T  v a r     represents the score of miRNA binding to the variant-type 3′UTR sequences. Absolute affinity represents a strengthened miRNA regulation ability from wild-type allele to the variant-type. To analyze the position feature of somatic mutations in 3′UTR of genes, we calculated the distance between somatic mutations and the start position of 3′UTR of genes and the length of the localized 3′UTR of genes. Finally, we calculated the relative position of somatic mutations in 3′UTR.




2.2. Gene Expression Analysis and Tumor Hallmarks Enrichment Analysis


mRNA expression data of multiple cancer types were obtained from TCGA (RNA-SeqV2). The expression profiles were normalized level 3 data across twenty-one kinds of cancer types (total 6078 samples), including bladder urothelial carcinoma (BLCA), breast invasive carcinoma (BRCA), cervical squamous cell carcinoma and endocervical adenocarcinoma (CESC), cholangiocarcinoma (CHOL), colon adenocarcinoma (COAD), esophageal carcinoma (ESCA), head and neck squamous cell carcinoma (HNSC), kidney chromophobe (KICH), kidney renal clear cell carcinoma (KIRC), kidney renal papillary cell carcinoma (KIRP), liver hepatocellular carcinoma (LIHC), lung adenocarcinoma (LUAD), lung squamous cell carcinoma (LUSC), pancreatic adenocarcinoma (PAAD), pheochromocytoma and paraganglioma (PCPG), prostate adenocarcinoma (PRAD), rectum adenocarcinoma (READ), stomach adenocarcinoma (STAD), thyroid carcinoma (THCA), thymoma (THYM), and uterine corpus endometrial carcinoma (UCEC). In order to reduce the influence of the batch effect of expressions across different cancer types, the gene expression value was adjusted by the average expression within the same cancer type. The ratio for each gene was denoted as the ratio of the gene expression in mutated sample to the mean of gene expression level in all samples.



To interpret the influence of functional somatic mutations on tumors, we applied the affected genes (designated as tarGenes) to enrichment analysis, including subcellular localization (from The Human Protein Atlas, https://www.proteinatlas.org/) [30,31] and KEGG pathway enrichment analysis. In addition, tumor hallmarks (50 gene sets) were available from GSEA dataset (Gene Set Enrichment Analysis, http://software.broadinstitute.org/gsea/index.jsp) [32,33] and the relationship between tarGenes and cancer hallmarks were explored. The network was visualized by Cytoscape (https://www.cytoscape.org) [34].





3. Results


3.1. Identification of Functional Somatic Mutations in 3′UTRs


We obtained a total of 2048 sequences of miRNA from miRBase and a total of 25,539 effective 3′UTR sequences of transcripts of human protein-coding genes from the UCSC Genome browser. We integrated 744,270 somatic mutations located in 3′UTR from TCGA. Through mapping somatic mutations into 3′UTR of transcripts, 451,002 out of 744,270 somatic mutations were mapped into the 3′UTR sequences of transcripts obtained from the UCSC Genome browser. For each somatic mutation in human mRNA 3′UTR regions, we assessed whether its two alleles would cause different miRNA-mRNA target binding. Then, we obtained 451,002 pairs of the length of 61 bp of wild-type and variant-type mRNA sequences. After calculating the PITA score, 67,159 funcMutations were detected and these somatic mutations causing the change of 3,314,904 pairs of miRNA-mRNA binding, as shown in Supplement Table S1. In addition, 9107 funcMutations were selected for subsequent analysis, which most significantly impacted 33,385 pairs of miRNA–mRNA interactions and the absolute affinity (degree of energy change) > 12 kcal/mol, as shown in Supplement Figure S1. On the other hand, we integrated and compared the results with experimentally validated miRNA–mRNA interactions found in miRTarBase [35]. We found that 54,244 of 3,314,904 pairs of miRNA–mRNA interactions were experimentally validated, as shown in Supplement Table S2.




3.2. Position Feature and Base Substitution Characteristics of 3′UTR Mutations


In the present study, all mutations located in the 3′UTRs were collected from TCGA. To explore the positional features of these somatic mutations, we conducted a statistical analysis of the positional distribution of somatic mutations in 3′UTR. Intriguingly, the position of somatic mutations concentrated on 5′ ends of 3′UTR, which is closer to the gene body, as shown in Figure 1A. This finding may be caused by data bias as nearly all samples are WES data. The Illumina TruSeq Exome Enrichment Kit (Illumina, San Diego, CA, USA) is used by the TCGA project and covers 62 Mb DNA sites. Somatic mutations located in 3′UTR can be captured by WES since the enriched sequences include ~28 Mb of UTR. In addition, somatic mutations in TCGA cases were identified by Mutect2, which is a sensitive method to detect somatic mutations. Mutect2 will provide at least 80% power to detect mutations with an allelic fraction of 0.3 if the coverage of depth is more than 14-fold in tumors and 8-fold in normal samples [36,37]. In order to confirm whether the capture kit for WES can provide efficient power to detect mutations in 3′UTR, we analyzed the coverage of depth of 3′UTR in both tumor and normal samples. We found that 85.3% of 3′UTRs have more than 14-fold coverage in tumors, as shown in Supplement Figure S2A, and 88.5% of 3′UTRs have more than 8-fold coverage in normal samples, as shown in Supplement Figure S2B. The analysis demonstrates that the coverage of depth captured by the targeted sequencing kit utilized in the TCGA project provides an effective capability to detect mutations in 3′UTR.



To assess the functional implications of different base substitutions located in the 3′UTR of genes, we analyzed the different base substitutions and their effect on binding status. We found that G>T mutations (~22.9%) occurred most frequently. Intriguingly, C and G wild-type mutations tended to result in loss of miRNA binding. Meanwhile, A and T wild-type mutations were more likely to result in gain of miRNA binding, as shown in Figure 1B. Among the 30 mutational signatures collected in COSMIC (Catalogue of Somatic Mutations in Cancer, https://cancer.sanger.ac.uk/cosmic/) [38], signatures 11 and 23 exhibit strong transcriptional strand-bias for C>T mutation. For example, signature 11 has been found in melanomas and glioblastomas and exhibits a mutational pattern resembling that of alkylating agents. Patient histories have revealed an association between treatment with the alkylating agent TMZ and Signature 11 mutations [13]. Accordingly, we speculate that some mutations can impact cancer development by altering miRNA targeting efficiency and thereby affecting miRNA-mRNA binding status.




3.3. The Impact of 3′-Untranslated Regions Mutations on Gene Expression


The function of a gene depends on its expression and may be regulated by miRNAs. To further explore the implications of 3′UTR mutations for gene expression, we integrated mRNA expression across 21 cancer types (normalized by average expression) and analyzed their funcMutations. We focused on the genes having gain or loss of miRNA binding for which the frequency detected in cancer types was greater than two (common mutation) and the average absolute affinity was greater than 1 kcal/mol (explicit loss or gain status). As expected, we found that the expression of tarGenes exhibited a positive correlation with the loss of absolute affinity level, as shown in Figure 2A. In contrast, in gaining status, expression of tarGenes significantly declined with the increase of absolute affinity level, as shown in Figure 2B. These findings demonstrate the importance of funcMutations on the regulation of gene expression.




3.4. 3′UTR Mutations Promote Tumor Progression


To evaluate the influence of 3′UTR mutations in tumors, we performed enrichment analysis of the tarGenes by using subcellular localization and KEGG pathway enrichment analysis. Most of the organelles were enriched with a slight proportion (~0.3) and only five were found with a proportion ranging from 0.33 to 0.50. Moreover, Fisher’s exact test analysis revealed that tarGenes were significantly correlated with expression in the cytosol, vesicles, nucleoplasm, nucleus, mitochondria, and nucleoli (Benjamini–Hochberg adjustment, q-value <    10   − 3    ), as shown in Figure 3A. The enrichment analysis based on the KEGG pathway indicated that tarGenes have a number of cancer-related functions including Pathways in cancer, Basal cell carcinoma, MAPK signaling pathway, Calcium signaling pathway, WNT signaling pathway, Ras signaling pathway, and Rap1 signaling pathway, as shown in Figure 3B.



We also explored the relationship between tarGenes and cancer hallmarks. As expected, the number of tarGene mutations decreased with increasing number of hallmarks, as shown in Figure 4A. By leveraging permutation analysis, we selected some of the tarGenes which exhibited large numbers of mutations relative to genes involved in an equal number of hallmarks, as shown in Supplement Table S3, as we speculated they may be important for tumor progression. For example, PRX (permutation q-value < 0.001, mutations = 18) is a protein coding gene that contains PSD95 (post synaptic density protein) and DlgA (Drosophila disc large tumor suppressor) domains. The 3′UTR mutations of PRX generally resulted in a loss of binding affinity to miRNAs, as shown in Figure 4B. The miRNAs may otherwise up-regulate PRX expression and thereby inhibit tumor progression. HIPK2 (permutation q-value = 0.001, mutations = 10), a tumor suppressor gene [39], was found to be involved in two tumor hallmarks. The 3′UTR mutations in HIPK2 generally resulted in a gain of binding affinity to miRNAs, as shown in Figure 4C. The miRNAs may down-regulate the expression of HIPK2 and thereby promote tumor progression. The 3′UTR mutations in PPARD (permutation p-value = 0.001, mutations = 10) were associated with loss of miRNA binding, as shown in Figure 4D. The binding of miRNAs may otherwise inhibit PPARD expression as studies have demonstrated that PPARD expression promotes tumor progression and metastasis [40]. These findings together indicate that mutations in the 3′UTR of tarGenes may have a complex impact on tumor progression by changing binding affinity of a spectrum of miRNAs.




3.5. microRNA Modules Co-Regulate the Tumor Hallmarks


Based on the analysis above, we next explored the involvement of miRNAs in co-regulating tumor hallmarks. In general, the 3′UTR mutations in cancers contributed to a loss of binding affinity (69.3% of the funcMutations were identified triggering the loss of miRNA-mRNA binding), as shown in Figure 5A. To explore the function of changes in binding ability (designated as a loss and gain status), we applied the tumor hallmark enrichment analysis of the corresponding tarGenes to each of the miRNAs. In the loss status, a number of potential tumor suppressor miRNAs were free from mutated binding sites, including hsa-miR-4763-3p, and hsa-miR-328-5p [41]. Meanwhile, tumor progression hallmarks that support the invasion and metastasis of tumors, including inflammatory response, DNA repair, and IL6/JAK/STAT3 signaling, were activated, as shown in Figure 5B. A number of miRNAs (e.g., hsa-miR-6803-5p, etc.) that re-gained the tarGene binding site may inhibit pathways otherwise involved in tumor suppression (e.g., the P53 pathway) or activate pathways involved with oncogenesis (e.g., the IL6/JAK/STAT3 pathway), as shown in Figure 5C. We investigated the latent correlation between the miRNAs that gained binding ability to new tarGenes (e.g., the number of tarGenes > 100). By conducting Fisher’s exact test (q-value < 0.01, odds ratio > 10) and MCODE cluster analysis (default parameter), we found eighteen modules consisting of 98 miRNAs, as shown in Figure 5D and Supplement Figure S3. For example, module3 was derived from the miRNAs having similar functions. Previous studies have demonstrated that the hsa-miR-331-3p [42], hsa-miR-4486 [43], hsa-miR-378g [44], hsa-miR-6860 [45], hsa-miR-615-3p [46], and hsa-miR-5189-5p [47] were involved in the proliferation, invasion, and metastasis of cancers. Herein we provide a new method for analysis of miRNA modules co-regulating tumor pathways, and our findings contribute to a better understanding of the implications of 3′UTR mutations in tumor biology.





4. Discussion


Mutations of 3′UTR may affect tumor progression. In this article, we analyzed the mutation position feature, base substitution characteristics, tumor progression, and gene regulation to explore a broad landscape of miRNA–mRNA interactions. Theoretically, the greater change of free energy between miRNA and mRNA sequences indicates an increasing or decreasing impact of somatic mutations on miRNA-mRNA binding which may, in turn, result in a negative or positive regulation of mRNA expression. Most miRNAs primarily target the 3′UTR regions of mRNAs, and accordingly, the present study focused on that aspect in an effort to promote confidence of the analysis results. Future studies will integrate more functional somatic mutations in different regions of both miRNA and their target sites to further explore the influence of mutations on miRNA-mediated gene regulation.



To explore how mutations may affect tumor progression, we assessed the position feature and base substitution characteristics of 3′UTR mutations. We found that some 3′UTR mutations alter miRNA targeting efficiency and thereby can impact tumor development. By analyzing the position feature, however, we found that sequencing technology may introduce data bias. In future studies, we need unbiased whole genome sequencing data to confirm our findings. To further evaluate the influence of mutations in tumors, we next integrated subcellular localization and KEGG pathway enrichment analysis to functionally explore the genes with 3′UTR somatic mutations. The analysis revealed significant enrichment of a number of cancer-related processes including MAPK and WNT signaling pathways. In addition, we identified that regulation of some of the tarGenes (e.g., PRX, HIPK2, and PPARD) may be important for tumor progression. Overall, the differential analysis demonstrated that the 3′UTR mutations in cancers generally caused an increasing loss of miRNA binding ability. The miRNAs with either loss or gain status appeared to regulate a series of tarGenes to activate or deactivate the tumor-related pathways in a parallel fashion which, together, may result in coordinated and stable effects in tumor development. Specifically, we identified eighteen miRNA modules co-regulating similar functions. We also found that the expression of tarGenes positively correlated with the loss of absolute affinity level and negatively correlated with the gain of absolute affinity level in 21 cancer types. Our findings together demonstrate that 3′UTR mutations may play an important role in tumor development and the phenomenon should be further investigated.








Supplementary Materials


The following are available online at http://www.mdpi.com/2073-4425/9/11/545/s1, Figure S1: The distribution of absolute affinity, Figure S2: The density of depth in 3′UTR, Figure S3: Eighteen modules of miRNAs in gain status, Table S1: FuncMutations, Table S2: FuncMutations in experimentally validated miRNA-mRNA interactions, Table S3: The relationship between tarGenes and cancer hallmarks.





Author Contributions


J.S., S.L. and Q.W. designed the project; W.W. and L.W. collected and analyzed data; W.W., L.W., M.Z. and Z.W. provided implementation of visualization of longitudinal datasets; P.L., Y.N., M.W., J.H., X.L. and E.E. provided intellectual contributions in this study; W.W. and L.W. wrote the manuscript.




Acknowledgments


This research was supported by grants from project supported by the Natural Science Foundation of Jiangsu Province, China (Grant nos. BE2017733, BK20161026, BK20180036), the Natural Science Foundation of China (Grant nos. 81572893, 81502443), the Science and Technology Development Foundation of Nanjing Medical University, Jiangsu Province, China (Grant nos. 2016NJMUZD003, 2015NJMUZD003, 2014NJMUZD013, 2017NJMURC002, 2017NJMU007), the Natural Science Foundation of the Jiangsu Higher Education Institutions of China (Grant nos. 15KJB310009, 16KJB180022), the Foundation of State Key Laboratory of Reproductive Medicine, China (Grant nos. SKLRM-K201804).




Conflicts of Interest


The authors declare no conflict of interest.




References


	



Brennecke, J.; Stark, A.; Russell, R.B.; Cohen, S.M. Principles of microRNA-target recognition. PLoS Biol. 2005, 3, e85. [Google Scholar] [CrossRef] [PubMed][Green Version]

	



Stahlhut, C.; Slack, F.J. MicroRNAs and the cancer phenotype: Profiling, signatures and clinical implications. Genome Med. 2013, 5, 111. [Google Scholar] [CrossRef] [PubMed]

	



Acunzo, M.; Romano, G.; Wernicke, D.; Croce, C.M. MicroRNA and cancer—A brief overview. Adv. Biol. Regul. 2015, 57, 1–9. [Google Scholar] [CrossRef] [PubMed]

	



Lin, S.; Gregory, R.I. MicroRNA biogenesis pathways in cancer. Nat. Rev. Cancer 2015, 15, 321–333. [Google Scholar] [CrossRef] [PubMed][Green Version]

	



Merlo, L.M.; Pepper, J.W.; Reid, B.J.; Maley, C.C. Cancer as an evolutionary and ecological process. Nat. Rev. Cancer 2006, 6, 924–935. [Google Scholar] [CrossRef] [PubMed]

	



Attolini, C.S.; Michor, F. Evolutionary theory of cancer. Ann. N. Y. Acad. Sci. 2009, 1168, 23–51. [Google Scholar] [CrossRef] [PubMed]

	



Yates, L.R.; Campbell, P.J. Evolution of the cancer genome. Nat. Rev. Genet. 2012, 13, 795–806. [Google Scholar] [CrossRef] [PubMed][Green Version]

	



Stratton, M.R.; Campbell, P.J.; Futreal, P.A. The cancer genome. Nature 2009, 458, 719–724. [Google Scholar] [CrossRef] [PubMed]

	



Kanu, O.O.; Hughes, B.; Di, C.; Lin, N.; Fu, J.; Bigner, D.D.; Yan, H.; Adamson, C. Glioblastoma Multiforme Oncogenomics and Signaling Pathways. Clin. Med. Oncol. 2009, 3, 39–52. [Google Scholar] [CrossRef] [PubMed]

	



Lee, Y.; Lee, J.K.; Ahn, S.H.; Lee, J.; Nam, D.H. WNT signaling in glioblastoma and therapeutic opportunities. Lab. Investig. 2016, 96, 137–150. [Google Scholar] [CrossRef] [PubMed]

	



Alexandrov, L.B.; Nik-Zainal, S.; Wedge, D.C.; Aparicio, S.A.; Behjati, S.; Biankin, A.V.; Bignell, G.R.; Bolli, N.; Borg, A.; Børresen-Dale, A.L.; et al. Signatures of mutational processes in human cancer. Nature 2013, 500, 415–421. [Google Scholar] [CrossRef] [PubMed][Green Version]

	



Brash, D.E. UV signature mutations. Photochem. Photobiol. 2015, 91, 15–26. [Google Scholar] [CrossRef] [PubMed]

	



Johnson, B.E.; Mazor, T.; Hong, C.; Barnes, M.; Aihara, K.; McLean, C.Y.; Fouse, S.D.; Yamamoto, S.; Ueda, H.; Tatsuno, K.; et al. Mutational analysis reveals the origin and therapy-driven evolution of recurrent glioma. Science 2014, 343, 189–193. [Google Scholar] [CrossRef] [PubMed]

	



Yip, S.; Butterfield, Y.S.; Morozova, O.; Chittaranjan, S.; Blough, M.D.; An, J.; Birol, I.; Chesnelong, C.; Chiu, R.; Chuah, E.; et al. Concurrent CIC mutations, IDH mutations, and 1p/19q loss distinguish oligodendrogliomas from other cancers. J. Pathol. 2012, 226, 7–16. [Google Scholar] [CrossRef] [PubMed]

	



Yang, H.; Ye, D.; Guan, K.L.; Xiong, Y. IDH1 and IDH2 mutations in tumorigenesis: Mechanistic insights and clinical perspectives. Clin. Cancer Res. 2012, 18, 5562–5571. [Google Scholar] [CrossRef] [PubMed]

	



Supek, F.; Miñana, B.; Valcárcel, J.; Gabaldón, T.; Lehner, B. Synonymous mutations frequently act as driver mutations in human cancers. Cell 2014, 156, 1324–1335. [Google Scholar] [CrossRef] [PubMed]

	



Zheng, S.; Kim, H.; Verhaak, R.G.W. Silent mutations make some noise. Cell 2014, 156, 1129–1131. [Google Scholar] [CrossRef] [PubMed]

	



Akdeli, N.; Riemann, K.; Westphal, J.; Hess, J.; Siffert, W.; Bachmann, H.S. A 3′UTR polymorphism modulates mRNA stability of the oncogene and drug target Polo-like Kinase 1. Mol. Cancer 2014, 13, 87. [Google Scholar] [CrossRef] [PubMed][Green Version]

	



Ziebarth, J.D.; Bhattacharya, A.; Cui, Y. Integrative analysis of somatic mutations altering microRNA targeting in cancer genomes. PLoS ONE 2012, 7, e47137. [Google Scholar] [CrossRef] [PubMed]

	



Bhattacharya, A.; Ziebarth, J.D.; Cui, Y. PolymiRTS Database 3.0: Linking polymorphisms in microRNAs and their target sites with human diseases and biological pathways. Nucleic Acids Res. 2014, 42, D86–D91. [Google Scholar] [CrossRef] [PubMed]

	



Hiard, S.; Charlier, C.; Coppieters, W.; Georges, M.; Baurain, D. Patrocles: A database of polymorphic miRNA-mediated gene regulation in vertebrates. Nucleic Acids Res. 2010, 38, D640–D651. [Google Scholar] [CrossRef] [PubMed]

	



Barenboim, M.; Zoltick, B.J.; Guo, Y.; Weinberger, D.R. MicroSNiPer: A web tool for prediction of SNP effects on putative microRNA targets. Hum. Mutat. 2010, 31, 1223–1232. [Google Scholar] [CrossRef] [PubMed]

	



Hariharan, M.; Scaria, V.; Brahmachari, S.K. dbSMR: A novel resource of genome-wide SNPs affecting microRNA mediated regulation. BMC Bioinform. 2009, 10, 108. [Google Scholar] [CrossRef] [PubMed]

	



Bhattacharya, A.; Cui, Y. SomamiR 2.0: A database of cancer somatic mutations altering microRNA-ceRNA interactions. Nucleic Acids Res. 2016, 44, D1005–D1010. [Google Scholar] [CrossRef] [PubMed]

	



Kozomara, A.; Griffiths-Jones, S. miRBase: Integrating microRNA annotation and deep-sequencing data. Nucleic Acids Res. 2011, 39, D152–D157. [Google Scholar] [CrossRef] [PubMed]

	



McLendon, R.; Friedman, A.; Bigner, D.; Van Meir, E.G.; Brat, D.J.; Mastrogianakis, G.M.; Olson, J.J.; Mikkelsen, T.; Lehman, N.; Aldape, K.; et al. Comprehensive genomic characterization defines human glioblastoma genes and core pathways. Nature 2008, 455, 1061–1068. [Google Scholar] [CrossRef] [PubMed]

	



Birney, E.; Andrews, T.D.; Bevan, P.; Caccamo, M.; Chen, Y.; Clarke, L.; Coates, G.; Cuff, J.; Curwen, V.; Cutts, T.; et al. An overview of Ensembl. Genome Res. 2004, 14, 925–928. [Google Scholar] [CrossRef] [PubMed]

	



Casper, J.; Zweig, A.S.; Villarreal, C.; Tyner, C.; Speir, M.L.; Rosenbloom, K.R.; Raney, B.J.; Lee, C.M.; Lee, B.T.; Karolchik, D.; et al. The UCSC Genome Browser database: 2018 update. Nucleic Acids Res. 2018, 46, D762–D769. [Google Scholar] [PubMed]

	



Kertesz, M.; Iovino, N.; Unnerstall, U.; Gaul, U.; Segal, E. The role of site accessibility in microRNA target recognition. Nat. Genet. 2007, 39, 1278–1284. [Google Scholar] [CrossRef] [PubMed]

	



Uhlén, M.; Oksvold, P.; Fagerberg, L.; Lundberg, E.; Jonasson, K.; Forsberg, M.; Zwahlen, M.; Kampf, C.; Wester, K.; Hober, S.; et al. Towards a knowledge-based Human Protein Atlas. Nat. Biotechnol. 2010, 28, 1248–1250. [Google Scholar] [CrossRef] [PubMed]

	



Uhlén, M.; Fagerberg, L.; Hallström, B.M.; Lindskog, C.; Oksvold, P.; Mardinoglu, A.; Sivertsson, Å.; Kampf, C.; Sjöstedt, E.; Asplund, A.; et al. Proteomics. Tissue-based map of the human proteome. Science 2015, 347, 1260419. [Google Scholar] [CrossRef] [PubMed]

	



Subramanian, A.; Tamayo, P.; Mootha, V.K.; Mukherjee, S.; Ebert, B.L.; Gillette, M.A.; Paulovich, A.; Pomeroy, S.L.; Golub, T.R.; Lander, E.S.; et al. Gene set enrichment analysis: A knowledge-based approach for interpreting genome-wide expression profiles. Proc. Natl. Acad. Sci. USA 2005, 102, 15545–15550. [Google Scholar] [CrossRef] [PubMed][Green Version]

	



Mootha, V.K.; Lindgren, C.M.; Eriksson, K.F.; Subramanian, A.; Sihag, S.; Lehar, J.; Puigserver, P.; Carlsson, E.; Ridderstråle, M.; Laurila, E.; et al. PGC-1α-responsive genes involved in oxidative phosphorylation are coordinately downregulated in human diabetes. Nat. Genet. 2003, 34, 267–273. [Google Scholar] [CrossRef] [PubMed]

	



Shannon, P.; Markiel, A.; Ozier, O.; Baliga, N.S.; Wang, J.T.; Ramage, D.; Amin, N.; Schwikowski, B.; Ideker, T. Cytoscape: A software environment for integrated models of biomolecular interaction networks. Genome Res. 2003, 13, 2498–2504. [Google Scholar] [CrossRef] [PubMed]

	



Hsu, S.D.; Lin, F.M.; Wu, W.Y.; Liang, C.; Huang, W.C.; Chan, W.L.; Tsai, W.T.; Chen, G.Z.; Lee, C.J.; Chiu, C.M.; et al. miRTarBase: A database curates experimentally validated microRNA-target interactions. Nucleic Acids Res. 2011, 39, D163–D169. [Google Scholar] [CrossRef] [PubMed]

	



Carter, S.L.; Cibulskis, K.; Helman, E.; McKenna, A.; Shen, H.; Zack, T.; Laird, P.W.; Onofrio, R.C.; Winckler, W.; Weir, B.A.; et al. Absolute quantification of somatic DNA alterations in human cancer. Nat. Biotechnol. 2012, 30, 413–421. [Google Scholar] [CrossRef] [PubMed][Green Version]

	



Brennan, C.W.; Verhaak, R.G.; McKenna, A.; Campos, B.; Noushmehr, H.; Salama, S.R.; Zheng, S.; Chakravarty, D.; Sanborn, J.Z.; Berman, S.H.; et al. The somatic genomic landscape of glioblastoma. Cell 2013, 155, 462–477. [Google Scholar] [CrossRef] [PubMed]

	



Tate, J.G.; Bamford, S.; Jubb, H.C.; Sondka, Z.; Beare, D.M.; Bindal, N.; Boutselakis, H.; Cole, C.G.; Creatore, C.; Dawson, E.; et al. COSMIC: The Catalogue Of Somatic Mutations In Cancer. Nucleic Acids Res. 2018, gky1015. [Google Scholar] [CrossRef] [PubMed]

	



Akaike, Y.; Kuwano, Y.; Nishida, K.; Kurokawa, K.; Kajita, K.; Kano, S.; Masuda, K.; Rokutan, K. Homeodomain-interacting protein kinase 2 regulates DNA damage response through interacting with heterochromatin protein 1gamma. Oncogene 2015, 34, 3463–3473. [Google Scholar] [CrossRef] [PubMed]

	



Wang, X.; Wang, G.; Shi, Y.; Sun, L.; Gorczynski, R.; Li, Y.J.; Xu, Z.; Spaner, D.E. PPAR-delta promotes survival of breast cancer cells in harsh metabolic conditions. Oncogenesis 2016, 5, e232. [Google Scholar] [CrossRef] [PubMed]

	



Ma, W.; Ma, C.N.; Zhou, N.N.; Li, X.D.; Zhang, Y.J. Up-regulation of miR-328-3p sensitizes non-small cell lung cancer to radiotherapy. Sci. Rep. 2016, 6, 31651. [Google Scholar] [CrossRef] [PubMed]

	



Fujii, T.; Shimada, K.; Asano, A.; Tatsumi, Y.; Yamaguchi, N.; Yamazaki, M.; Konishi, N. MicroRNA-331-3p Suppresses Cervical Cancer Cell Proliferation and E6/E7 Expression by Targeting NRP2. Int. J. Mol. Sci. 2016, 17, 1351. [Google Scholar] [CrossRef] [PubMed]

	



Wang, X.; Jiang, D.; Xu, C.; Wu, Q. Differential expression profile analysis of miRNAs with HER-2 overexpression and intervention in breast cancer cells. Int. J. Clin. Exp. Pathol. 2017, 10, 5039–5062. [Google Scholar]

	



Li, S.J.; Yang, F.; Wang, M.; Cao, W.; Yang, Z. miR-378 functions as an onco-miRNA by targeting the ST7L/Wnt/β-catenin pathway in cervical cancer. Int. J. Mol. Med. 2017, 40, 1047–1056. [Google Scholar] [CrossRef] [PubMed][Green Version]

	



Tang, J.; Kong, D.; Cui, Q.; Wang, K.; Zhang, D.; Yuan, Q.; Liao, X.; Gong, Y.; Wu, G. Bioinformatic analysis and identification of potential prognostic microRNAs and mRNAs in thyroid cancer. PeerJ 2018, 6, e4674. [Google Scholar] [CrossRef] [PubMed][Green Version]

	



Wang, J.Z.; Liu, L.; Sun, Y.; Xue, Y.; Qu, J.; Pan, S.; Li, H.; Qu, H.; Wang, J.; Zhang, J. miR-615-3p promotes proliferation and migration and inhibits apoptosis through its potential target CELF2 in gastric cancer. Biomed. Pharmacother. 2018, 101, 406–413. [Google Scholar] [CrossRef] [PubMed]

	



Luo, Y.S.; Zhang, C.; Tang, F.; Zhao, J.; Shen, C.; Wang, C.; Yu, P.; Wang, M.; Li, Y.; Di, J.I.; et al. Bioinformatics identification of potentially involved microRNAs in Tibetan with gastric cancer based on microRNA profiling. Cancer Cell Int. 2015, 15, 115. [Google Scholar] [CrossRef] [PubMed][Green Version]








[image: Genes 09 00545 g001 550] 





Figure 1. (A) The distribution of somatic mutations in 3′-untranslated regions (3′UTR). Horizontal axis represents the relative position of somatic mutations in 3′UTR from 5′ to 3′. Vertical axis represents the density of somatic mutations located in 3′UTR. (B) Contributions of base substitutions in 3′UTR mutations. 
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Figure 2. (A,B) Correlation between the expression of tarGene and miRNA (microRNA) binding absolute affinity (A: loss status, B: gain status). Vertical coordinate represents the ratio of the gene expression in mutated sample to the mean of gene expression level in all samples. Three colors represent different degrees of the absolute affinity level. Statistical testing was performed using the Wilcoxon rank-sum test. 
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Figure 3. (A) Subcellular localization. Blue line denotes the hit proportion of tarGenes across subcellular gene sets. Red line signifies the odd ratio of tarGenes across subcellular gene sets. The bottom bar plot represents the log-transformed q-value (Benjamini–Hochberg adjustment) for enrichment analysis of each subcellular gene set. (B) KEGG pathway enrichment analysis, the false discovery rate <0.05. 
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Figure 4. (A) Number of hallmarks versus number of mutations across tarGenes. Each tarGene was subjected to permutation analysis for significance evaluation. (B–D) Differential analysis of affinity changes between loss and gain of 3′UTR mutation in PRX, HIPK2, and PPARD. Blue and red lines represent the absolute affinity change of loss and gain, respectively. 
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Figure 5. (A) Influence of miRNAs on genes. Red bar represents the number of genes bound by miRNA which re-gained binding sites. Blue bar represents the number of genes that were free from miRNA due to the loss of binding sites; (B) Connections between tumor hallmarks and miRNAs in the loss status; (C) Connections between tumor hallmarks and miRNAs in the gain status; (D) The module of miRNAs in gain status. 
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