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Abstract

:

Uveal melanoma (UM) is the most frequently found primary intra-ocular tumor in adults. It is a highly aggressive cancer that causes metastasis-related mortality in up to half of the patients. Many independent studies have reported somatic genetic changes associated with high metastatic risk, such as monosomy of chromosome 3 and mutations in BAP1. Still, the mechanisms that drive metastatic spread are largely unknown. This study aimed to elucidate the potential role of microRNAs in the metastasis of UM. Using a next-generation sequencing approach in 26 UM samples we identified thirteen differentially expressed microRNAs between high-risk UM and low/intermediate-risk UM, including the known oncomirs microRNA-17-5p, microRNA-21-5p, and miR-151a-3p. Integration of the differentially expressed microRNAs with expression data of predicted target genes revealed 106 genes likely to be affected by aberrant microRNA expression. These genes were involved in pathways such as cell cycle regulation, EGF signaling and EIF2 signaling. Our findings demonstrate that aberrant microRNA expression in UM may affect the expression of genes in a variety of cancer-related pathways. This implies that some microRNAs can be responsible for UM metastasis and are promising potential targets for future treatment.
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1. Introduction


Uveal melanoma (UM) is an aggressive cancer that arises from melanocytes located in the uveal tract of the eye. Although treatment of primary tumors has a high success rate, up to half of the patients develop metastasis which often results in death within several months [1]. UM display chromosomal aberrations and genetic abnormalities that underlie both the development and metastasis of UM tumors. Most tumors carry a GNAQ or GNA11 mutation. These mutations are considered to be tumor-initiating mutations and do not increase the risk of metastasis [2,3,4]. UM patients can be stratified into three different metastatic risk groups; those who have a low-, intermediate-, or high-risk of developing metastasis [5].



High-risk UM harbor a mutation in the tumor suppressor gene BRCA-associated protein (BAP1), located on chromosome 3 [6]. Mutations in this gene often coincide with monosomy 3, resulting in loss of expression of the BAP1 protein. BAP1 is a deubiquitinating enzyme known to be active in several cellular processes such as DNA damage response, apoptosis, and chromatin remodeling [7,8,9]. Intermediate-risk tumors carry a mutation in the gene-encoding splicing factor 3 subunit 1 (SF3B1), which is part of a protein complex involved in pre-mRNA splicing [5,10,11]. SF3B1 mutations in UM are known to result in aberrantly spliced transcripts that can either be degraded by nonsense-mediated decay or translated into unique, aberrant proteins. Low-risk UM often harbor a mutation in the eukaryotic translation initiation factor 1A (EIF1AX) gene, which is involved in the transfer of methionyl initiator tRNA to the small ribosomal subunit during translation [10].



Besides the classification of UM into different metastatic risk groups based on gene mutations, the disease can also be separated into two subclasses based on mRNA expression analysis. Each subclass has a distinct gene expression profile. Class 2 tumors, which include high-risk UM, have a stem cell-like expression pattern; whereas class 1 tumors, which include low- and intermediate-risk UM, have the transcriptome of a differentiated melanocyte [12].



Another mechanism that is thought to be essential in the development and metastatic progression of a tumor is aberrant expression of microRNAs. MicroRNAs (miRNAs) are small, single-stranded, non-coding RNAs that can regulate gene expression by binding to mRNA [13,14]. Although limited studies of miRNA expression in UM have been done [15,16,17,18,19,20,21,22,23,24], the miRNA profiles of the three risk groups and the downstream effects of any aberrant miRNA expression remains unclear. In this study we; therefore, performed small RNA sequencing in UM tissue. Additionally, mRNA sequencing of all UM samples allowed us to determine associations between miRNAs that were differentially expressed and the expression of their putative downstream mRNA-targets. Our aim was to identify miRNAs that might contribute to the invasive and metastatic potential of UM.




2. Results


2.1. Sample Collection and Analysis


Twenty-six UM patients were enrolled in this study and grouped into three subtypes based on risk of developing metastasis (i.e. disease-free survival (DFS) and mutation status). Clinical, molecular, and histopathological characteristics of all patients are listed in Table 1. All patients had a choroidal or ciliary body UM, iris UM were excluded. Seven patients showed a mean DFS of 145 months and had an UM harboring an EIF1AX mutation. These patients were included in the low-risk group and did not show disease progression. Twelve patients with a mean DFS of 103 months and an SF3B1 mutated UM were included in the intermediate-risk group. The high-risk group consisted of seven patients with a mean DFS of 28 months, a BAP1 mutated tumor, and a negative BAP1 immunohistochemistry (IHC). Within the high-risk UM, all patients died due to metastasis, whereas in the intermediate group three patient were still metastasis-free and died because of other causes. From all 26 samples, mRNA and miRNA sequencing was performed and differentially expressed (DE) miRNA and mRNA were identified (Figure 1). DE-miRNAs were verified in The Cancer Genome Atlas (TCGA) dataset. The target genes identified by the prediction algorithm analysis that also showed a significant negative correlation with the corresponding miRNA were considered to be a potential miRNA target gene and were used subsequently in the expression network.




2.2. Identification of Differentially Expressed miRNAs


To investigate which miRNAs might be involved in the metastatic progression of UM, differential count analyses were performed among the three risk groups. We found 423 mature miRNAs to be expressed in UM. To identify samples with a similar miRNA expression, we generated a principal component analysis (PCA) plot based on total miRNA expression. Unsupervised clustering revealed different clusters; one containing the high-risk UM and the other cluster containing low-risk UM (Figure 2A). The intermediate-risk UM were found in a larger cluster that partially overlapped with the other two clusters. Seventeen miRNAs were differentially expressed between high- vs. low-risk UM, 20 DE-miRNAs were identified between high- vs. intermediate-risk UM, and two DE-miRNAs were found between low- vs. intermediate-risk UM (Figure 2B,C and Figure S1). Since we aimed to identify miRNAs involved in the early metastasis of UM, we continued with thirteen miRNAs that were differentially expressed in the high-risk group, compared to the other two groups (Figure 2D). Of these thirteen, five miRNAs were upregulated significantly in high-risk UM and eight miRNAs were downregulated significantly in high-risk UM. Specifically, miRNA 132-5p, 151a-3p, 17-5p, 16-5p, and 21-5p all had a higher expression in high-risk tumors, whereas miRNA 181b-5p, 101-3p, 378d, 181a-2-3p, 99a-5p, let-7c-5p, 1537-3p, and 99a-3p showed downregulation in the high-risk UM (Figure 2E). The DE-miRNAs were also analyzed in TCGA dataset (Figure S2).




2.3. Integration of miRNA and mRNA Expression Data Identifies Target Genes


To explore the biological relevance of the differentially expressed miRNAs involved in the metastatic progression of UM, such as their interaction with cancer-related genes, miRNA expression data were integrated with mRNA expression data. We performed mRNA sequencing on all 26 tumors and unsupervised clustering based on total mRNA expression showed a similar clustering as seen with the miRNA data (Figure 3A). The high-risk UM clustered in a separate group, whereas the low and intermediate-risk UM showed a partial overlap. All DE genes (log2FC > 1.5) with a p-value of less than 0.05 were separated into two clusters; one cluster contained all genes that showed downregulation in the high-risk UM and the other group contained the upregulated genes (Figure 3B). From this list, we subsequently generated a target gene list for each miRNA by using four different prediction algorithms (Figure S3). If a gene was predicted to be a target gene by at least two prediction algorithms and showed anti-correlation with its predicted miRNA, the gene was included into our analysis (n = 106) (Table 2).




2.4. miRNA Target Genes From Several Cancer-Related Pathways


The 106 identified target genes were analyzed by Ingenuity Pathway Analysis (IPA) software, to elucidate which canonical pathways were mainly affected by aberrant miRNA expression (Table S1). One of the most significantly enriched pathways was the cell cycle: G1/S-checkpoint regulation pathway. Moreover, 13 other pathways from IPA also showed a highly significant enrichment, including fibroblast growth factor signaling, Apelin endothelial signaling, and Leukocyte extravasation signaling (Figure 4A). Four target genes were found to be involved in cell cycle regulation (Figure 4B and Figure S4). MiRNA-101-3p inhibits the cyclin-dependent kinase 6 (CDK6) which regulates the G1/S phase transition by inhibiting RB1. It also targets E2F transcription factor 8 (E2F8), which inhibits the G1/S phase transition. The miRNA let-7c-5p inhibits cyclin D2 (CCND2) which binds to CDK6, in order to activate the protein kinase complex. Histone deacetylase 4 (HDAC4) is being targeted by two different miRNAs; miRNA-1537-5p and microRNA-181a-2-3p. Whereas all other genes are involved in the G1/S phase transition, HDAC is mainly active in the G2/M phase transition.





3. Discussion


In this study we identified a set of miRNAs that are likely to be involved in the metastatic progression of UM by comparing miRNA expression in high-metastatic-risk UM and low/intermediate-metastatic-risk UM. Hierarchical clustering of total miRNA expression showed three different clusters, which corresponded to metastatic risk. In the UM samples, 423 mature miRNAs were shown to be present, of which 13 miRNAs were differentially expressed between low-, intermediate- or, high-risk UM. MiRNAs that are highly expressed in high-risk UM include several known oncomirs such as miRNA-17-5p [25,26,27], miRNA-151a-3p [28], and miRNA-21-5p [29,30,31,32]. MiRNA-17-5p has been described to promote cell proliferation, invasion, and metastasis through several mechanisms, such as PTEN repression, downregulation of EGFR2, and TGFBR2 targeting. Whereas, miRNA-21-5p and miR-151a-3p have been shown to be involved in the epithelial-mesenchymal transition necessary for metastasis. However, we also identified two new potential oncomirs; miRNA-16-5p and miRNA-132-5p. Interestingly, miRNA-16-5p has been described to be stably expressed in breast cancer and normal breast tissue [33], indicating that aberrant miRNA expression differs per tumor type. We observed a downregulation of eight miRNAs, of which most are known to function as tumor suppressors. MiRNA-99a-5p has been shown to inhibit cell proliferation in bladder and breast cancer [34,35]. Whereas miRNA-101-3p is involved in suppressing epithelial-to-mesenchymal transition, necessary for metastasis [36,37,38].



Several studies have investigated miRNA expression in UM, of which most are done in cell lines or very small sample sizes. These studies already identified miRNAs that were shown to be differentially expressed in high-risk UM, such as miRNA-21, miRNA-146b, miRNA-143, miRNA-199a, and miRNA-134 [17,23,32]. However, not all of these previously identified miRNAs showed differential expression in our dataset. The lack of overlap between these studies and our results can be explained by the employment of different techniques and different tissues (cell lines versus tumor tissue). The majority of the articles describing the miRNA expression in UM analyze the miRNA expression by microarrays, which is known to produce data that does not fully overlap with RNA sequencing data. Comparing our dataset to The Cancer Genome Atlas (TCGA) dataset, which is the only study that performed miRNA analysis in UM by using next-generation sequencing, we did observe an overlap (e.g., miRNA-21-5p, miR-101-3p, miR-181a-2-3p, miR-181b-5p, let-7c-5p, and miRNA-17-5p) [39]. As shown in Figure S2, the observed fold changes of each miRNA have the same directionality in both studies, but the observed fold changes and corresponding p-values do show some differences. This could be explained by a platform bias, but also by the fact that we could not differentiate in our own analysis of the TCGA dataset between the 3p- and 5p-miRNAs.



In order to determine the downstream effect of the DE-miRNAs, we integrated miRNA data with matching mRNA data containing expression data of target genes by at least two different prediction algorithms. Since miRNAs are known to downregulate or degrade mRNA of their target genes, we only selected genes that were negatively correlated with miRNA expression. Four of these identified target genes (HDAC4, CDK6, E2F8, and CCND2) play a crucial role in the regulation of the cell cycle. The development of cancer is tightly linked to changes in the activity of the cell cycle [40]. In normal cells there is a checkpoint between the G1 phase and S phase, in order to regulate proliferation. This checkpoint is controlled by several regulators, such as CDK6 [41]. Cancer cells; however, require increased cell division in order to proliferate and invade other tissues and one way to achieve this is by aberrant miRNA expression. Previous research has shown that high metastatic risk UM vastly express Ki-67, a protein that is only present in actively dividing cells, indicating that high-metastatic-risk UM has a greater proliferative activity than low-metastatic-risk UM [42]. Since no UM-specific mutations have been identified in cell cycle-related genes, this indicates that miRNAs probably play a crucial role in cell cycle deregulation in UM. We also observed several target genes to be deregulated in the EIF2 signaling pathway. Protein synthesis is a regulated process in the cell and initiation of translation requires several eukaryotic initiation factors (eIFs), such as eIF2. In cancer cells the function of these eIFs is hampered, inhibiting translation and, thereby, promoting translation of mRNA by alternative mechanisms [43]. Incorrect translation of oncogenes and tumor suppressor genes can promote abnormal proliferation in cancer cells. Restoring these eIFs in UM cells could reduce the oncogenic potential of UM and might; therefore, be an interesting therapeutic target [44].



Another pathway that could affect the metastatic potential of UM cells is epidermal growth factor (EGF) signaling. Several studies show involvement of aberrant EGF signaling in the development of several cancer types [45]. The EGF pathway plays a crucial role in several cellular processes, such as proliferation, migration, and survival. In addition, the fibroblast growth factor (FGF) pathway contributes to the same cellular processes [46]. All of these processes could make uveal melanocytes more malignant and promote metastasis. However, functional assays in which a specific miRNA is overexpressed or knocked-down in an UM cell line are still needed to investigate to what extent these DE-miRNAs contribute to metastasis. Since one miRNA can target a large number of genes and most studies use target genes identified by online prediction algorithms, it is important to perform these additional experiments. For several miRNAs this has already been done in UM cell lines or other cancer cell lines; overexpressing miRNA-21 in UM cell lines resulted in increased migration and invasion [32]. Whereas inhibition of miRNA-17 suppresses the epithelial-mesenchymal transition in gastric cancer cell lines [47].



Because of their stable nature in tissues and body fluids, it is often suggested that miRNAs are excellent biomarkers for clinical applications. They could serve as early prognosis indicators and as a marker for therapy efficiency [48,49]. In our study we have observed a large number of differentially expressed miRNAs between low/intermediate-risk UM and high-risk UM, indicating that these miRNAs could be used to distinguish between these UM subtypes. However, differentiating between low- and intermediate-risk UM based on miRNAs expression will be challenging, since we only identified two miRNAs to be differentially expressed. The miRNA signature specific for high-risk UM might also be detectable in the plasma of UM patients and could; therefore, be a promising non-invasive biomarker to identify high-risk UM patients. This has already been shown in several cancer types, such as germ-cell tumor [50]. Non-invasive biomarkers will allow us to provide all UM patients, including the patients treated with radiotherapy or proton therapy, with a prognosis and good clinical counselling.



This study shows that miRNAs play an important role in the deregulation of several oncogenic pathways in UM and can, thereby, promote metastatic spreading to distant organs, such as the liver. Differentially expressed miRNAs could be an interesting biomarker for metastatic risk in diagnostics, furthermore it also offers us a promising therapeutic target. Until now, no successful treatment has been developed for metastatic UM. miRNA mimics and molecules targeted at miRNAs (anti-miRs) have shown promising results in preclinical development and could compensate for the upregulation of oncogenic pathways, and thereby aid in UM management and treatment [51,52,53].




4. Materials and Methods


4.1. Tissue Samples


26 patients diagnosed with UM were selected from our Rotterdam Ocular Melanoma Studygroup (ROMS) database. The specimens were collected from enucleated eyes between 1995 and 2010 at the Erasmus University Medical Centre and the Rotterdam Eye Hospital (Rotterdam, The Netherlands). Shortly after surgery, half of the tumor was snap-frozen in liquid nitrogen to allow for DNA and RNA extraction. The other half of the eye was formalin-fixed paraffin-embedded and stained with hematoxylin and eosin for routine histological examination by an ophthalmic pathologist to verify neoplastic nature. This study was performed according to the guidelines of the Declaration of Helsinki (MEC-2009-375, 12 November 2009) and informed consents were obtained at the time of diagnosis.




4.2. Mutational Analysis


DNA was extracted from fresh tumor tissue using the QIAmp DNA-mini kit (Qiagen, Hilden, Germany) according to the manufacturer’s instructions. Mutation analysis of EIF1AX, SF3B1 and BAP1 was carried out using Sanger sequencing as reported in previous publications [4,54]




4.3. Isolation and Sequencing of Small RNA and mRNA


Total RNA was isolated from sections of snap-frozen tumor samples, using the Qiagen miRNeasy isolation kit (Qiagen) according to the manufacturer’s manual. The quantity and purity of the RNA was determined using Bioanalyzer (Agilent Genomics, Santa Clara, CA, USA). A total amount of 4 μg RNA (RIN > 7.0) was used for the preparation of the small RNA and larger RNA libraries using the Ion Total RNA-seq kit (Thermofisher Scientific, Waltham, MA, USA) following the manufacturer’s protocol. Both RNA libraries were subsequently sequenced with the Ion Proton sequencer (Thermofisher Scientific).




4.4. Analysis of the Sequencing Data


Adapter sequences, low quality reads, and reads containing poly-N were removed from the generated RNA sequenced data using the Torrent Suite Software V 4.4.3 (Thermofisher Scientific, Waltham, MA, USA). Reads shorter than 15 nucleotides were removed from downstream analysis in the small RNA dataset. The remaining reads were aligned against a miRBase reference genome using an in-house developed script [55]. Read per million mapped reads (RPM) was applied to quantify the expression of each miRNAs. Differential expression and fold changes of miRNAs between each of the patients sets was determined using the statistical package DEseq, with the cut-off FDR < 0.05 (v.1.32.0) [56]. The miRNAs at low expression levels were removed by requiring an average of at least 250 RPM. Short Time-Series Expression Miner [57], under the K-mean clustering method, was used to perform the miRNA expression clustering analysis. The long sequencing reads (>25 bp) were aligned to the human reference genome (hg19) with TopHat2 [58]. Genes at low expression level were removed by the requiring an average of at least 10 RPM. Differentially expressed genes were identified using DEseq [59] with the cut-off fold discovery rate (FDR) < 0.05. Genes were considered to be differentially expressed if they had at least a log2FC of 1.5. The selected resulting genes were used as input for Ingenuity Pathway Analysis (IPA) (Qiagen) for the canonical pathway analysis. All analyses were performed using R statistical environment version 3.5.




4.5. miRNA Target Gene Prediction and Validation


To obtain functional information from the differentially expressed miRNAs we integrated mRNA expression data with the miRNA expression data by cluster analysis. A list of putative target genes from the differentially expressed miRNAs was composed using miRwalk 3.0 [60], Targetscan 7.2 [61], Diana micro-T 5.0 [62], and miRDB 6.0 [63]. Genes were considered to be target genes if they were reported by at least two different prediction algorithms.




4.6. Acquisition of TCGA Data


miRNA expression data of 80 UM samples [39] were retrieved from the publicly accessible data repository at the Genomic Data Commons Data Portal (https://portal.gdc.cancer.gov/).





5. Conclusions


In this study we elucidated the potential role of miRNAs in the early metastasis of UM by integrating miRNA and mRNA sequencing data derived from 26 UM samples. We showed that differentially expressed miRNAs could play an important role in several oncogenic pathways, such as cell cycle regulation and EGF signaling, which could contribute to the early metastasis of UM. These results do not only bring us one step closer to unraveling the mechanisms that drive UM metastasis, but it also provides us with a promising potential target for future treatment. Targeting these differentially expressed miRNAs could compensate for the deregulation of oncogenic pathways and, thereby, aid in UM treatment.








Supplementary Materials


The following are available online at https://www.mdpi.com/2072-6694/11/6/815/s1. Figure S1: Volcano plot with DE-miRNAs high- vs. intermediate-risk UM, high- vs. low-risk UM, and low- vs. intermediate-risk UM. Figure S2: miRNA expression analysis of TCGA cohort. Figure S3: Overlap in the target genes predicted by four different algorithms (Diana, miRDB, miRWalk, and Targetscan). Figure S4: Heatmap showing the differential expression of the four cell-cycle related genes; CDK6, CCND2, E2F8 and HDAC4. Table S1: IPA target analysis.





Author Contributions


Conceptualization and design of the study was done by A.d.K and E.K. Patient samples were provided by R.M.V., H.W.M. and E.K. The experiments were performed and analyzed by K.N.S, J.C. and K.D.; J.V. and T.B. contributed to the experiments and data acquisition. E.A.C.W. and J.P. made important contributions to the interpretation of the results. Original draft preparation was done by K.N.S., A.d.K. and E.K. All authors reviewed and edited the manuscript.




Funding


This research was funded by a grant of the Combined Ophthalmic Research Rotterdam.




Conflicts of Interest


All of the authors declare no conflict of interest.




References


	



Damato, B.; Eleuteri, A.; Taktak, A.F.; Coupland, S.E. Estimating prognosis for survival after treatment of choroidal melanoma. Prog. Retin. Eye Res. 2011, 30, 285–295. [Google Scholar] [CrossRef] [PubMed]

	



Van Raamsdonk, C.D.; Griewank, K.G.; Crosby, M.B.; Garrido, M.C.; Vemula, S.; Wiesner, T.; Obenauf, A.C.; Wackernagel, W.; Green, G.; Bouvier, N.; et al. Mutations in gna11 in uveal melanoma. N. Engl. J. Med. 2010, 363, 2191–2199. [Google Scholar] [CrossRef] [PubMed]

	



Van Raamsdonk, C.D.; Bezrookove, V.; Green, G.; Bauer, J.; Gaugler, L.; O’Brien, J.M.; Simpson, E.M.; Barsh, G.S.; Bastian, B.C. Frequent somatic mutations of gnaq in uveal melanoma and blue naevi. Nature 2009, 457, 599–602. [Google Scholar] [CrossRef] [PubMed]

	



Koopmans, A.E.; Vaarwater, J.; Paridaens, D.; Naus, N.C.; Kilic, E.; de Klein, A.; Rotterdam Ocular Melanoma Study Group. Patient survival in uveal melanoma is not affected by oncogenic mutations in gnaq and gna11. Br. J. Cancer 2013, 109, 493–496. [Google Scholar] [CrossRef] [PubMed]

	



Yavuzyigitoglu, S.; Koopmans, A.E.; Verdijk, R.M.; Vaarwater, J.; Eussen, B.; van Bodegom, A.; Paridaens, D.; Kilic, E.; de Klein, A.; Rotterdam Ocular Melanoma Study Group. Uveal melanomas with sf3b1 mutations: A distinct subclass associated with late-onset metastases. Ophthalmology 2016, 123, 1118–1128. [Google Scholar] [CrossRef] [PubMed]

	



Harbour, J.W.; Onken, M.D.; Roberson, E.D.; Duan, S.; Cao, L.; Worley, L.A.; Council, M.L.; Matatall, K.A.; Helms, C.; Bowcock, A.M. Frequent mutation of bap1 in metastasizing uveal melanomas. Science 2010, 330, 1410–1413. [Google Scholar] [CrossRef] [PubMed]

	



Farquhar, N.; Thornton, S.; Coupland, S.E.; Coulson, J.M.; Sacco, J.J.; Krishna, Y.; Heimann, H.; Taktak, A.; Cebulla, C.M.; Abdel-Rahman, M.H.; et al. Patterns of bap1 protein expression provide insights into prognostic significance and the biology of uveal melanoma. J. Pathol. Clin. Res. 2018, 4, 26–38. [Google Scholar] [CrossRef]

	



Yu, H.; Mashtalir, N.; Daou, S.; Hammond-Martel, I.; Ross, J.; Sui, G.; Hart, G.W.; Rauscher, F.J.; Drobetsky, E.; Milot, E.; et al. The ubiquitin carboxyl hydrolase bap1 forms a ternary complex with yy1 and hcf-1 and is a critical regulator of gene expression. Mol. Cell Biol. 2010, 30, 5071–5085. [Google Scholar] [CrossRef]

	



Yu, H.; Pak, H.; Hammond-Martel, I.; Ghram, M.; Rodrigue, A.; Daou, S.; Barbour, H.; Corbeil, L.; Hebert, J.; Drobetsky, E.; et al. Tumor suppressor and deubiquitinase bap1 promotes DNA double-strand break repair. Proc. Natl. Acad. Sci. USA 2014, 111, 285–290. [Google Scholar] [CrossRef]

	



Martin, M.; Masshofer, L.; Temming, P.; Rahmann, S.; Metz, C.; Bornfeld, N.; van de Nes, J.; Klein-Hitpass, L.; Hinnebusch, A.G.; Horsthemke, B.; et al. Exome sequencing identifies recurrent somatic mutations in eif1ax and sf3b1 in uveal melanoma with disomy 3. Nat. Genet. 2013, 45, 933–936. [Google Scholar] [CrossRef]

	



Harbour, J.W.; Roberson, E.D.; Anbunathan, H.; Onken, M.D.; Worley, L.A.; Bowcock, A.M. Recurrent mutations at codon 625 of the splicing factor sf3b1 in uveal melanoma. Nat. Genet. 2013, 45, 133–135. [Google Scholar] [CrossRef] [PubMed]

	



Onken, M.D.; Worley, L.A.; Ehlers, J.P.; Harbour, J.W. Gene expression profiling in uveal melanoma reveals two molecular classes and predicts metastatic death. Cancer Res. 2004, 64, 7205–7209. [Google Scholar] [CrossRef] [PubMed]

	



Ambros, V. The functions of animal micrornas. Nature 2004, 431, 350–355. [Google Scholar] [CrossRef] [PubMed]

	



Bartel, D.P. Micrornas: Target recognition and regulatory functions. Cell 2009, 136, 215–233. [Google Scholar] [CrossRef] [PubMed]

	



Chen, X.; Wang, J.; Shen, H.; Lu, J.; Li, C.; Hu, D.N.; Dong, X.D.; Yan, D.; Tu, L. Epigenetics, micrornas, and carcinogenesis: Functional role of microrna-137 in uveal melanoma. Investig. Ophthalmol. Vis. Sci. 2011, 52, 1193–1199. [Google Scholar] [CrossRef] [PubMed]

	



Dong, F.; Lou, D. Microrna-34b/c suppresses uveal melanoma cell proliferation and migration through multiple targets. Mol. Vis. 2012, 18, 537–546. [Google Scholar]

	



Larsen, A.C.; Holst, L.; Kaczkowski, B.; Andersen, M.T.; Manfe, V.; Siersma, V.D.; Kolko, M.; Kiilgaard, J.F.; Winther, O.; Prause, J.U.; et al. Microrna expression analysis and multiplex ligation-dependent probe amplification in metastatic and non-metastatic uveal melanoma. Acta Ophthalmol. 2014, 92, 541–549. [Google Scholar] [CrossRef]

	



Li, Z.; Yu, X.; Shen, J.; Jiang, Y. Microrna dysregulation in uveal melanoma: A new player enters the game. Oncotarget 2015, 6, 4562–4568. [Google Scholar] [CrossRef]

	



Liu, J.; Ma, L.; Li, C.; Zhang, Z.; Yang, G.; Zhang, W. Tumor-targeting trail expression mediated by mirna response elements suppressed growth of uveal melanoma cells. Mol. Oncol. 2013, 7, 1043–1055. [Google Scholar] [CrossRef]

	



Ma, Y.B.; Song, D.W.; Nie, R.H.; Mu, G.Y. Microrna-32 functions as a tumor suppressor and directly targets ezh2 in uveal melanoma. Genet. Mol. Res. 2016, 15, 7935. [Google Scholar] [CrossRef]

	



Ragusa, M.; Barbagallo, C.; Statello, L.; Caltabiano, R.; Russo, A.; Puzzo, L.; Avitabile, T.; Longo, A.; Toro, M.D.; Barbagallo, D.; et al. Mirna profiling in vitreous humor, vitreal exosomes and serum from uveal melanoma patients: Pathological and diagnostic implications. Cancer Biol. Ther. 2015, 16, 1387–1396. [Google Scholar] [CrossRef] [PubMed]

	



Yan, D.; Zhou, X.; Chen, X.; Hu, D.N.; Dong, X.D.; Wang, J.; Lu, F.; Tu, L.; Qu, J. Microrna-34a inhibits uveal melanoma cell proliferation and migration through downregulation of c-met. Investig. Ophthalmol. Vis. Sci. 2009, 50, 1559–1565. [Google Scholar] [CrossRef] [PubMed]

	



Worley, L.A.; Long, M.D.; Onken, M.D.; Harbour, J.W. Micro-rnas associated with metastasis in uveal melanoma identified by multiplexed microarray profiling. Melanoma Res. 2008, 18, 184–190. [Google Scholar] [CrossRef] [PubMed]

	



Yang, C.; Wei, W. The mirna expression profile of the uveal melanoma. Sci. China Life Sci. 2011, 54, 351–358. [Google Scholar] [CrossRef] [PubMed]

	



Qu, Y.; Zhang, H.; Duan, J.; Liu, R.; Deng, T.; Bai, M.; Huang, D.; Li, H.; Ning, T.; Zhang, L.; et al. Mir-17-5p regulates cell proliferation and migration by targeting transforming growth factor-beta receptor 2 in gastric cancer. Oncotarget 2016, 7, 33286–33296. [Google Scholar] [CrossRef]

	



Fang, L.; Li, H.; Wang, L.; Hu, J.; Jin, T.; Wang, J.; Yang, B.B. Microrna-17-5p promotes chemotherapeutic drug resistance and tumour metastasis of colorectal cancer by repressing pten expression. Oncotarget 2014, 5, 2974–2987. [Google Scholar] [CrossRef] [PubMed]

	



Chen, P.; Zhao, H.; Huang, J.; Yan, X.; Zhang, Y.; Gao, Y. Microrna-17-5p promotes gastric cancer proliferation, migration and invasion by directly targeting early growth response 2. Am. J. Cancer Res. 2016, 6, 2010–2020. [Google Scholar] [PubMed]

	



Daugaard, I.; Sanders, K.J.; Idica, A.; Vittayarukskul, K.; Hamdorf, M.; Krog, J.D.; Chow, R.; Jury, D.; Hansen, L.L.; Hager, H.; et al. Mir-151a induces partial emt by regulating e-cadherin in nsclc cells. Oncogenesis 2017, 6, e366. [Google Scholar] [CrossRef]

	



Jiang, Y.; Zhang, M.; Guo, T.; Yang, C.; Zhang, C.; Hao, J. Microrna-21-5p promotes proliferation of gastric cancer cells through targeting smad7. Onco. Targets Ther. 2018, 11, 4901–4911. [Google Scholar] [CrossRef]

	



Han, M.; Wang, Y.; Liu, M.; Bi, X.; Bao, J.; Zeng, N.; Zhu, Z.; Mo, Z.; Wu, C.; Chen, X. Mir-21 regulates epithelial-mesenchymal transition phenotype and hypoxia-inducible factor-1alpha expression in third-sphere forming breast cancer stem cell-like cells. Cancer Sci. 2012, 103, 1058–1064. [Google Scholar] [CrossRef]

	



Cai, L.; Wang, W.; Li, X.; Dong, T.; Zhang, Q.; Zhu, B.; Zhao, H.; Wu, S. Microrna-21-5p induces the metastatic phenotype of human cervical carcinoma cells in vitro by targeting the von hippel-lindau tumor suppressor. Oncol. Lett. 2018, 15, 5213–5219. [Google Scholar] [CrossRef] [PubMed]

	



Wang, Y.C.; Yang, X.; Wei, W.B.; Xu, X.L. Role of microrna-21 in uveal melanoma cell invasion and metastasis by regulating p53 and its downstream protein. Int. J. Ophthalmol. 2018, 11, 1258–1268. [Google Scholar] [PubMed]

	



Rinnerthaler, G.; Hackl, H.; Gampenrieder, S.P.; Hamacher, F.; Hufnagl, C.; Hauser-Kronberger, C.; Zehentmayr, F.; Fastner, G.; Sedlmayer, F.; Mlineritsch, B.; et al. Mir-16-5p is a stably-expressed housekeeping microrna in breast cancer tissues from primary tumors and from metastatic sites. Int. J. Mol. Sci. 2016, 17, 156. [Google Scholar] [CrossRef] [PubMed]

	



Qin, H.; Liu, W. Microrna-99a-5p suppresses breast cancer progression and cell-cycle pathway through downregulating cdc25a. J. Cell Physiol. 2019, 234, 3526–3537. [Google Scholar] [CrossRef] [PubMed]

	



Liu, Y.; Li, B.; Yang, X.; Zhang, C. Mir-99a-5p inhibits bladder cancer cell proliferation by directly targeting mammalian target of rapamycin and predicts patient survival. J. Cell Biochem. 2018. [Google Scholar] [CrossRef] [PubMed]

	



Li, L.; Shao, M.Y.; Zou, S.C.; Xiao, Z.F.; Chen, Z.C. Mir-101-3p inhibits emt to attenuate proliferation and metastasis in glioblastoma by targeting trim44. J. Neurooncol. 2019, 141, 19–30. [Google Scholar] [CrossRef]

	



Zheng, F.; Liao, Y.J.; Cai, M.Y.; Liu, T.H.; Chen, S.P.; Wu, P.H.; Wu, L.; Bian, X.W.; Guan, X.Y.; Zeng, Y.X.; et al. Systemic delivery of microrna-101 potently inhibits hepatocellular carcinoma in vivo by repressing multiple targets. PLoS Genet. 2015, 11, e1004873. [Google Scholar] [CrossRef]

	



Zhao, S.; Zhang, Y.; Zheng, X.; Tu, X.; Li, H.; Chen, J.; Zang, Y.; Zhang, J. Loss of microrna-101 promotes epithelial to mesenchymal transition in hepatocytes. J. Cell Physiol. 2015, 230, 2706–2717. [Google Scholar] [CrossRef]

	



Robertson, A.G.; Shih, J.; Yau, C.; Gibb, E.A.; Oba, J.; Mungall, K.L.; Hess, J.M.; Uzunangelov, V.; Walter, V.; Danilova, L.; et al. Integrative analysis identifies four molecular and clinical subsets in uveal melanoma. Cancer Cell 2017, 32, 204–220. [Google Scholar] [CrossRef]

	



Hartwell, L.H.; Kastan, M.B. Cell cycle control and cancer. Science 1994, 266, 1821–1828. [Google Scholar] [CrossRef]

	



Tadesse, S.; Yu, M.; Kumarasiri, M.; Le, B.T.; Wang, S. Targeting cdk6 in cancer: State of the art and new insights. Cell Cycle 2015, 14, 3220–3230. [Google Scholar] [CrossRef] [PubMed]

	



Onken, M.D.; Worley, L.A.; Harbour, J.W. Association between gene expression profile, proliferation and metastasis in uveal melanoma. Curr. Eye Res. 2010, 35, 857–863. [Google Scholar] [CrossRef] [PubMed]

	



Martinez-Salas, E.; Pineiro, D.; Fernandez, N. Alternative mechanisms to initiate translation in eukaryotic mrnas. Comp. Funct. Genomics 2012, 2012, 391546. [Google Scholar] [CrossRef] [PubMed]

	



Sharma, D.K.; Bressler, K.; Patel, H.; Balasingam, N.; Thakor, N. Role of eukaryotic initiation factors during cellular stress and cancer progression. J. Nucleic. Acids 2016, 2016, 8235121. [Google Scholar] [CrossRef] [PubMed]

	



Normanno, N.; De Luca, A.; Bianco, C.; Strizzi, L.; Mancino, M.; Maiello, M.R.; Carotenuto, A.; De Feo, G.; Caponigro, F.; Salomon, D.S. Epidermal growth factor receptor (egfr) signaling in cancer. Gene 2006, 366, 2–16. [Google Scholar] [CrossRef]

	



Korc, M.; Friesel, R.E. The role of fibroblast growth factors in tumor growth. Curr. Cancer Drug Targets 2009, 9, 639–651. [Google Scholar] [CrossRef] [PubMed]

	



Wu, D.M.; Hong, X.W.; Wang, L.L.; Cui, X.F.; Lu, J.; Chen, G.Q.; Zheng, Y.L. Microrna-17 inhibition overcomes chemoresistance and suppresses epithelial-mesenchymal transition through a dedd-dependent mechanism in gastric cancer. Int. J. Biochem. Cell Biol. 2018, 102, 59–70. [Google Scholar] [CrossRef]

	



Chen, X.; Ba, Y.; Ma, L.; Cai, X.; Yin, Y.; Wang, K.; Guo, J.; Zhang, Y.; Chen, J.; Guo, X.; et al. Characterization of micrornas in serum: A novel class of biomarkers for diagnosis of cancer and other diseases. Cell Res. 2008, 18, 997–1006. [Google Scholar] [CrossRef] [PubMed]

	



Mitchell, P.S.; Parkin, R.K.; Kroh, E.M.; Fritz, B.R.; Wyman, S.K.; Pogosova-Agadjanyan, E.L.; Peterson, A.; Noteboom, J.; O’Briant, K.C.; Allen, A.; et al. Circulating micrornas as stable blood-based markers for cancer detection. Proc. Natl. Acad. Sci. USA 2008, 105, 10513–10518. [Google Scholar] [CrossRef]

	



Van Agthoven, T.; Looijenga, L.H.J. Accurate primary germ cell cancer diagnosis using serum based microrna detection (amptsmir test). Oncotarget 2017, 8, 58037–58049. [Google Scholar] [CrossRef]

	



Rupaimoole, R.; Slack, F.J. Microrna therapeutics: Towards a new era for the management of cancer and other diseases. Nat. Rev. Drug Discov. 2017, 16, 203–222. [Google Scholar] [CrossRef] [PubMed]

	



Stenvang, J.; Petri, A.; Lindow, M.; Obad, S.; Kauppinen, S. Inhibition of microrna function by antimir oligonucleotides. Silence 2012, 3, e1. [Google Scholar] [CrossRef] [PubMed]

	



Cheng, C.J.; Saltzman, W.M.; Slack, F.J. Canonical and non-canonical barriers facing antimir cancer therapeutics. Curr. Med. Chem. 2013, 20, 3582–3593. [Google Scholar] [CrossRef] [PubMed]

	



Koopmans, A.E.; Verdijk, R.M.; Brouwer, R.W.; van den Bosch, T.P.; van den Berg, M.M.; Vaarwater, J.; Kockx, C.E.; Paridaens, D.; Naus, N.C.; Nellist, M.; et al. Clinical significance of immunohistochemistry for detection of bap1 mutations in uveal melanoma. Mod. Pathol. 2014, 27, 1321–1330. [Google Scholar] [CrossRef] [PubMed]

	



Derks, K.W.; Misovic, B.; van den Hout, M.C.; Kockx, C.E.; Gomez, C.P.; Brouwer, R.W.; Vrieling, H.; Hoeijmakers, J.H.; van IJcken, W.F.; Pothof, J. Deciphering the rna landscape by rnaome sequencing. RNA Biol. 2015, 12, 30–42. [Google Scholar] [CrossRef] [PubMed]

	



Anders, S.; Huber, W. Differential expression analysis for sequence count data. Genome Biol. 2010, 11, R106. [Google Scholar] [CrossRef] [PubMed]

	



Ernst, J.; Bar-Joseph, Z. Stem: A tool for the analysis of short time series gene expression data. BMC Bioinf. 2006, 7, e191. [Google Scholar] [CrossRef] [PubMed]

	



Kim, D.; Pertea, G.; Trapnell, C.; Pimentel, H.; Kelley, R.; Salzberg, S.L. Tophat2: Accurate alignment of transcriptomes in the presence of insertions, deletions and gene fusions. Genome Biol. 2013, 14, R36. [Google Scholar] [CrossRef] [PubMed]

	



Robinson, M.D.; McCarthy, D.J.; Smyth, G.K. Edger: A bioconductor package for differential expression analysis of digital gene expression data. Bioinformatics 2010, 26, 139–140. [Google Scholar] [CrossRef] [PubMed]

	



Sticht, C.; De La Torre, C.; Parveen, A.; Gretz, N. Mirwalk: An online resource for prediction of microrna binding sites. PLoS ONE 2018, 13, e0206239. [Google Scholar] [CrossRef] [PubMed]

	



Agarwal, V.; Bell, G.W.; Nam, J.W.; Bartel, D.P. Predicting effective microrna target sites in mammalian mrnas. Elife 2015, 4, e05005. [Google Scholar] [CrossRef] [PubMed]

	



Maragkakis, M.; Reczko, M.; Simossis, V.A.; Alexiou, P.; Papadopoulos, G.L.; Dalamagas, T.; Giannopoulos, G.; Goumas, G.; Koukis, E.; Kourtis, K.; et al. Diana-microt web server: Elucidating microrna functions through target prediction. Nucleic. Acids Res. 2009, 37, 273–276. [Google Scholar] [CrossRef] [PubMed]

	



Wong, N.; Wang, X. Mirdb: An online resource for microrna target prediction and functional annotations. Nucleic. Acids Res. 2015, 43, 146–152. [Google Scholar] [CrossRef] [PubMed]








[image: Cancers 11 00815 g001 550]





Figure 1. Sample overview and analysis. Flowchart indicating the downstream analysis of the miRNA and mRNA sequencing data. Differentially expressed (DE) miRNAs between the high-risk samples and low/intermediate-risk samples were integrated with the DE genes extracted from the mRNA data. Subsequently, pathway analysis was performed in order to identify which canonical pathways were affected by differential miRNA expression. 
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Figure 2. Differential miRNA expression within UM subtypes. (A) Principal Component Analysis (PCA) plot showing the unsupervised clustering based on total miRNA expression of all samples. (B) Volcano plot indicating which miRNAs are differentially expressed between high- vs. low-risk UM. (C) High- vs. intermediate-risk UM. Blue dots indicate downregulation and red dots indicate upregulation of the miRNA (D) The correlation between high- vs. low-risk and high- vs. intermediate-risk UM (E) Heatmap showing the set of 13 miRNAs identified to be potentially involved in the high-metastatic-risk UM. 
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Figure 3. Integration of miRNA and mRNA data. (A) PCA plot showing the unsupervised clustering of all samples based on total mRNA expression. (B) DE genes were clustered according to gene expression pattern. One group contained all genes that showed downregulation in the high-risk group, compared to the low-risk group. The other group contained genes that were upregulated in the high-risk group. 
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Figure 4. Ingenuity Pathway Analysis. (A) Ingenuity pathways with at least three target genes and a log (p-value) above 2. (B) A cluster analysis visualizing the involvement of DE-miRNAs in the cell cycle. The light blue nodes indicate genes targeted by DE-miRNAs (darker blue nodes), whereas the grey genes are not. 
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Table 1. The clinical, histological, and molecular characteristics of all 26 uveal melanoma (UM) patients.
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Patients Characteristics

	
Low Risk Group

	
Intermediate Risk Group

	
High Risk Group




	
(n = 7)

	
(n = 12)

	
(n = 7)






	
Age

	

	

	




	
Mean ± SD

	
58 ± 9

	
50 ± 15

	
69 ± 14




	
Gender, N (%)

	

	

	




	
Male

	
5 (71)

	
5 (42)

	
1 (14)




	
Female

	
2 (29)

	
7 (58)

	
6 (86)




	
Disease free survival

	

	

	




	
Mean ± SD

	
145.1 ± 45.1

	
103.3 ± 50.6

	
28.2 ± 9.26




	
Mutation status, N (%)

	

	

	




	
GNAQ

	
4 (57)

	
7 (58)

	
4 (57)




	
GAN11

	
3 (43)

	
5 (42)

	
3 (43)




	
EIF1AX

	
7 (100)

	
0 (0)

	
0 (0)




	
SF3B1

	
0 (0)

	
12 (100)

	
0 (0)




	
BAP1

	
0 (0)

	
0 (0)

	
7 (100)




	
Monosomy 3, N (%)

	

	

	




	
Present

	
0 (0)

	
0 (0)

	
7 (100)




	
Absent

	
7 (100)

	
11 (92)

	
0 (0)




	
NE

	
0(0)

	
1 (8)

	
0 (0)




	
BAP1 IHC, N (%)

	

	

	




	
Positive

	
7 (100)

	
12 (100)

	
0 (0)




	
Negative

	
0 (0)

	
0 (0)

	
7 (100)




	
Metastasis

	

	

	




	
Present

	
0 (0)

	
9 (75)

	
7 (100)




	
Absent

	
7 (0)

	
3 (25)

	
0 (0)
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Table 2. The predicted target genes that show anti-correlation with a specific DE miRNA. An asterisk indicates that more than one miRNA regulates the gene.






Table 2. The predicted target genes that show anti-correlation with a specific DE miRNA. An asterisk indicates that more than one miRNA regulates the gene.





	miRNA
	Target Gene





	let-7c-5p
	ACSL6, AGO4, CACNB4, CCND2, CUX1, ESPL1, FRMD4B, LINGO1, MTDH, PALD1, PARP8, RDX, RGS16 *, RNF217, STARD13



	miR-16-5p
	CNTN3, COL24A1, DIXDC1, ESRRG, EXTL3, FAM110C, FGF2, HS3ST5, ITPR1, MBNL2, OTUD4, PDK4, SLC6A11, SLC7A2, SNRK, SOX5 *, SYT3, VEGFA, ZMAT3



	miR-17-5p
	ARAP2, CDC5L, DCBLD2, ENPP5, ETV1, HMGB3, NR4A3, NTNG1, PCDHA6, SESN3, SLC12A3, TUSC2



	miR-21-5p
	AMER1 *, BCL11A, CSRNP3, IRAK1BP1, LIFR, MEF2C, NKIRAS1, PAIP2B, PCSK6, PDZD2, PRPF4B, STATB1, SCN8A *, SLC22A15, SPRY1, ST6GAL, TIMP3



	miR-99a-5p
	FGFR3, HS3STB1



	miR-99a-3p
	GIMAP1



	miR-101-3p
	ASAP1, ATAD2B, C8orf44-SGK3, CDK6, CLDN11, E2F8, HSD11B2, IMPA1, ITGA8, MAGI2 *, MYCN, PBX3 *, PHACTR2, SALL1, SGK3, SH3PXD2A, SORL1, SRGAP *, STOX2, TRIB1, TSHZ3, ZDHHC21



	miR-132-5p
	ANO10, DUSP7



	miR-151a-3p
	SEC22C



	miR-181a-2-3p
	HDAC4 *, PAG1, RBMS3, ZFP62



	miR-181b-5p
	DERL1, FBXL17, MBOAT2, PLAG, SLC7A, YTHDF3 *



	miR-378d
	PHF21B, PTPN11



	miR-1537-3p
	NSMAF, SNX8, SPC25, TNFSF15







* Targeted by multiple DE miRNAs.
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