

  ijms-24-14862




ijms-24-14862







Int. J. Mol. Sci. 2023, 24(19), 14862; doi:10.3390/ijms241914862




Article



RNA-Based Strategies for Cancer Therapy: In Silico Design and Evaluation of ASOs for Targeted Exon Skipping



Chiara Pacelli 1, Alice Rossi 2, Michele Milella 2, Teresa Colombo 3,*,† and Loredana Le Pera 4,*,†





1



Department of Biochemical Sciences “A. Rossi Fanelli”, Sapienza University of Rome, 00185 Rome, Italy






2



Section of Oncology, Department of Medicine, University of Verona-School of Medicine and Verona University Hospital Trust, 37134 Verona, Italy






3



Institute of Molecular Biology and Pathology (IBPM), National Research Council (CNR), 00185 Rome, Italy






4



Core Facilities, Italian National Institute of Health (ISS), 00161 Rome, Italy









*



Correspondence: teresa.colombo@cnr.it (T.C.); loredana.lepera@iss.it (L.L.P.)






†



These authors contributed equally to this work.









Citation: Pacelli, C.; Rossi, A.; Milella, M.; Colombo, T.; Le Pera, L. RNA-Based Strategies for Cancer Therapy: In Silico Design and Evaluation of ASOs for Targeted Exon Skipping. Int. J. Mol. Sci. 2023, 24, 14862. https://doi.org/10.3390/ijms241914862



Academic Editor: Cristoforo Comi



Received: 25 July 2023 / Revised: 26 September 2023 / Accepted: 27 September 2023 / Published: 3 October 2023



Abstract

:

Precision medicine in oncology has made significant progress in recent years by approving drugs that target specific genetic mutations. However, many cancer driver genes remain challenging to pharmacologically target (“undruggable”). To tackle this issue, RNA-based methods like antisense oligonucleotides (ASOs) that induce targeted exon skipping (ES) could provide a promising alternative. In this work, a comprehensive computational procedure is presented, focused on the development of ES-based cancer treatments. The procedure aims to produce specific protein variants, including inactive oncogenes and partially restored tumor suppressors. This novel computational procedure encompasses target-exon selection, in silico prediction of ES products, and identification of the best candidate ASOs for further experimental validation. The method was effectively employed on extensively mutated cancer genes, prioritized according to their suitability for ES-based interventions. Notable genes, such as NRAS and VHL, exhibited potential for this therapeutic approach, as specific target exons were identified and optimal ASO sequences were devised to induce their skipping. To the best of our knowledge, this is the first computational procedure that encompasses all necessary steps for designing ASO sequences tailored for targeted ES, contributing with a versatile and innovative approach to addressing the challenges posed by undruggable cancer driver genes and beyond.
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1. Introduction


Cancer, the second leading cause of mortality worldwide, is expected to increase by more than 60% in the next two decades, posing a significant public health challenge [1]. Over the past few decades, significant advancements in DNA sequencing and a more comprehensive understanding of the cancer genome have revolutionized the cancer treatment landscape. The traditional paradigm, according to which chemotherapy drugs (chemical substances predominantly targeting rapidly proliferating cells) are selected based on the organ of origin, histology, and staging, has shifted towards the molecular profiling of the tumor (mostly based on genomics) to guide the choice of therapeutic strategies, including chemotherapy, immunotherapy, and molecularly targeted agents [2]. This paradigm shift has paved the way for the emergence of personalized or precision medicine approaches, which hold great promise as effective strategies for treating cancer. Identifying and targeting cancer driver genes [3] containing driver mutations that confer a selective growth advantage to cells is crucial to developing innovative and precision therapeutic approaches. Specifically, these genes can be classified as oncogenes or tumor suppressors based on the type and location of the genetic alterations they undergo. Oncogenes exhibit “gain-of-function” mutations, stimulating cell growth and division, while loss-of-function mutations in tumor suppressor genes lead to the disruption of key checkpoints, such as those regulating cell proliferation, DNA repair, and cell cycle. Taking this into account, classification processes can incorporate various criteria, such as functional studies, somatic mutations, and copy-number alterations [4,5,6]. In particular, the widely used “20/20 rule” combines gain-of-function and loss-of-function mutation occurrence to classify genes as oncogenes or tumor suppressors, as described in the article by Pavel et al., 2016 [7] (see Materials and Methods section for details). Overall, according to the comprehensive Catalogue of Somatic Mutations in Cancer (COSMIC) [8], which provides extensive information on genes with a causal impact on human cancer, there are currently 719 cancer driver genes documented (COSMIC v. 86, August 2018) [9]. This catalog includes details about gene contribution to disease causation, the specific types of mutations that lead to gene dysfunction in cancer, and types of cancer in which mutations have been observed at an increased frequency [10]. Despite the large number of cancer driver genes identified, approved treatments are only available for approximately 40 of these genes [11,12]. Certain genes, such as the RAS family of proteins (KRAS, NRAS, and HRAS, the most frequently mutated oncogenes in cancer [13]), the MYC proto-oncogene (MYC, a commonly amplified gene [14,15]), and tumor protein 53 (TP53, the most frequently altered tumor suppressor gene in human cancer [16]), present significant challenges to pharmacological targeting and have been categorized as “undruggable” [12]. To successfully address these limitations, innovation and technological advancement are necessary [17].



Despite the availability of diverse, promising nucleic acid-based modalities for therapeutic intervention, this work is focused on exploring the potential of antisense oligonucleotide (ASO)-mediated approaches to cancer treatment. This focus is motivated by the greater versatility [18] of ASOs compared, for instance, with small interfering RNAs (siRNAs), which have been also extensively studied in the literature [19,20]. In fact, ASOs not only enable the inactivation of target genes but also offer the ability to modulate protein activity. ASOs could represent a promising class of drugs for personalized medicine approaches, particularly for targeting driver genes that were previously considered unresponsive to traditional therapeutics [21]. ASOs are single-stranded analogs of nucleic acids able to modulate gene expression by selectively binding to target regions through base pairing. Several ASO chemistries have been developed, including 2   ′  -O-methyl phosphorothioate (2   ′  -OMePS), 2   ′  -O-methoxyethyl phosphorothioate (2   ′  -MOE-PS), and phosphorodiamidate morpholino oligomer (PMO, also known as morpholinos). These chemistries possess distinct properties aimed at improving the stability, solubility, and cellular uptake of ASOs [22]. They have the ability to interfere with RNA splicing, a crucial step in gene-expression regulation that removes intronic sequences and joins exonic regions to produce mature RNA molecules. Specifically, RNA splicing is catalyzed by the spliceosome, a multimegadalton ribonucleoprotein complex composed of multiple small nuclear RNAs (snRNAs) and many associated protein factors [23]. The spliceosome is recruited through consensus sequence elements at the 5   ′   and 3   ′   splice sites (donor and acceptor sites, respectively) and branch-point sequences, and its action is further modulated by an array of cis-acting exonic and intronic splicing enhancers (ESEs and ISEs), and exonic and intronic splicing silencers (ESSs and ISSs) [24]. It is precisely by targeting these specific splice sites or splicing regulatory elements that ASOs can induce exon skipping, thereby modulating the splicing outcome [25]. The impact of ASOs on RNA splicing has specific implications in the case of mature transcripts that undergo translation into proteins. An exon-skipping (ES) event can lead to either an in-frame or an out-of-frame transcript, with a potentially significant impact on the protein product and its biological activity [26]. In addition, in the case of an out-of-frame transcript, the loss of the original reading frame may lead to the generation of a premature termination codon (PTC). If the PTC is located at a position sensitive to Nonsense-Mediated Decay (NMD), the transcript may be degraded through NMD, resulting in a loss of protein expression. On the other hand, an in-frame transcript does not affect the reading frame but generates a shorter protein (compared with the original one), which might still retain part of its function. Therefore, the effect of altered skipping on protein synthesis and function depends on the location and size of the skipped exon, as well as on the specific protein and its biological role.



In the last decade, ASOs have shown promising results in the treatment of certain genetic diseases, such as Duchenne muscular dystrophy (DMD; MIM #310200) [27,28]. The FDA has authorized the use of four drugs based on this antisense approach to induce ES for therapeutic purposes in DMD [29,30,31,32]. DMD is a debilitating and progressive neuromuscular disorder that results from mutations in a single gene, the dystrophin gene [33], encoded by a vast locus spanning over 2 million bases on chromosome X and encompassing 79 exons [34,35]. Among the extensive number of annotated mutations (>7000) observed in DMD patients, the majority (∼80%) are large mutations, including deletions of one or more exons (68%) and large duplications (12%), while the remaining ones (∼20%) concern small mutations, such as small in-dels and point mutations [34]. Over 90% of these mutations, which tend to cluster in the region spanning exons 45–53 [36], cause the disruption of the translational reading frame [37], ultimately leading to the complete absence of the dystrophin protein, which plays a crucial role in proper muscle function [34,36]. A milder form of muscular dystrophy that is also linked to mutations in the dystrophin gene is known as Becker muscular dystrophy (BMD; MIM #300376). Of note, mutations found in BMD patients maintain the translational reading frame and result in a shorter yet partially functional protein [38]. In DMD, the therapeutic intervention aims to restore the dystrophin reading frame, thereby reinstating at least partial expression of dystrophin in DMD-affected muscles and consequently reducing disease severity, similar to what happens in BMD. This is achieved with the design of tailored ASOs, which selectively induce exon exclusion, resulting in the restoration of a correct reading frame [39,40]. Consequently, a shorter yet partially functional protein is produced [40], leading to improved muscle strength and function in affected individuals. In recent years, some attempts to use ES as a therapeutic approach have also been made in cancer. For instance, ASOs have been designed to induce skipping of a specific exon (i.e., exon 4) of the ETS-Related Gene (ERG), which is an oncogene, in prostate cancer cells. This generates an out-of-frame transcript with significant reduction in ERG protein levels, leading in turn to reduced cell proliferation, increased cell death, and reduced cell migration [41]. In a more recent study involving the two isoforms of the PKM (Pyruvate Kinase M1/2) gene, ASOs were used in one case (PKM1 isoform, a tumor suppressor) to restore its expression, and in the other (PKM2 isoform, an oncogene) to decrease it, resulting in reduced tumor growth [42]. In another study, a gene that is often improperly over-expressed in leukemia and solid tumors, the Wilms tumor 1 (WT1) gene, was considered for the ES approach [43]. Specifically, the ASO-mediated skipping of exon 5 resulted in decreased cell viability and survival in leukemia cell cultures [44].



To enhance and broaden these endeavors for a wider range of applications, including undruggable targets in cancer, it is vital to acknowledge the challenges associated with designing ASOs. In particular, numerous design criteria must be taken into account when selecting therapeutic sequences. To assist in this process, some computational tools have been developed to evaluate essential nucleic acid properties and facilitate ASO design. These tools include various functionalities, including estimation of self-complementarity and tendency to form intra-molecular hairpins, as well as the calculation or estimation of molecular weight, solution concentration, melting temperature, and absorbance coefficients [45]. Concerning the study of RNA molecules in particular, software packages such as ViennaRNA Package 2.0 [46] and RNAstructure [47] offer tools for predicting secondary structures and RNA–RNA interactions. Additionally, databases such as SpliceAid 2 [48] provide information on RNA target motifs that are bound by splicing proteins in humans. In particular, a couple of recent web applications and databases have been developed for the design, analysis, and visualization of siRNA and antisense oligonucleotides, PFRED (PFizer RNAi Enumeration and Design tool) [49] and eSkip-Finder [50], offering comprehensive features to aid researchers in their ASO design efforts.



The computational procedure proposed in this study aims to streamline the entire process of designing ad hoc ASOs, from in silico identification of potential target candidates to a list of customized ASOs to induce the intended ES events. Moreover, it takes into account cancer-relevant features, such as mutation frequency in patients, holding special value for the design of ES-based therapeutic intervention in oncology. To this end, our approach incorporates state-of-the-art rules to identify the most promising candidate exons of a gene of interest, which is first classified in silico as an oncogene or a tumor suppressor. Subsequently, specific ASOs are designed following guidelines for morpholinos [51,52], tailored for selected ES events. These events can contribute to desired outcomes, such as generating oncogene variants that lack activity or tumor suppressor variants that could exhibit partially restored functionality. By combining these methodologies, our computational procedure provides researchers with valuable assistance in their efforts to develop innovative therapeutic interventions based on targeted ES.




2. Results


2.1. Development of an Integrated Computational Procedure to Support the Design of ES-Based Therapeutic Strategies in Cancer


We developed a computational procedure that, given a gene of interest, initially classifies it as either an oncogene or a tumor suppressor, and once all its annotated transcripts are collected, the pipeline proceeds to select potential target exons for ES and return the expected protein variants as the outcome. The pipeline predicts whether the skipping of these exons results in a shortened transcript that remains in frame or shifts out of frame. To further investigate the shortened products, they are translated in silico into amino acid sequences, and those labeled as out-of-frame are subjected to the prediction of their potential degradation through NMD. The procedure then allows for the design and evaluation of candidate ASO sequences to induce the skipping of specific exons that are favorable for achieving the intended goals, such as producing inactive oncogene variants or restoring at least partially functional tumor suppressor variants. The overall procedure is illustrated in Figure 1, and an overview of each individual sub-task is briefly presented in the next subsections.



2.1.1. Classification of a Gene of Interest as an Oncogene or Tumor Suppressor


Based on COSMIC data [10] regarding annotated mutations, the computational procedure enables the in silico classification of a gene as either an oncogene or a tumor suppressor. This classification is based on the principles of the so-called “20/20 rule” proposed by Pavel et al., 2016 [7]. According to this rule, oncogenes tend to have more than 20% of annotated mutations occurring as missense mutations at recurrent positions, while tumor suppressors tend to have over 20% of inactivating mutations (for more details, refer to the Materials and Methods section). Considering this evidence, the procedure automatically assesses the likelihood of a gene belonging to either category, and the classifier assigns the appropriate label, either “oncogene” or “tumor suppressor” (Figure 1A).




2.1.2. Identification of Candidate Exons to Be Targeted for Skipping


Given a gene of interest, the procedure performs a comprehensive screening of all isoforms annotated by GENCODE [53] to identify exons amenable to be skipped (Figure 1B). Only protein-coding transcripts are considered for further investigation. Of all exons in the selected transcripts, those containing the start and stop codons are excluded from the procedure, as well as any non-coding exons that may occur before and/or after them. This exclusion is made to prevent interference with the essential regions responsible for initiating and terminating protein translation [51,52]. To identify candidate exons to induce therapeutic targeted exon skipping, the procedure proceeds to determine the specific outcome by considering the following two scenarios, which may potentially result from ES: (1) in-frame transcript; (2) out-of-frame transcript. Each shortened transcript is then translated into the corresponding amino acid sequence. The skipping of an exon can result in the formation of a PTC, sometimes leading to the degradation of the resulting mRNA through NMD [54]. Thus, the prediction of the occurrence of degradation via NMD is performed for all the out-of-frame transcripts based on the most relevant rules associated to NMD evasion, namely, the so-called “50–55 nt rule”, the “last-exon rule”, and the “start-proximal rule” (see Materials and Methods section for details), which evaluate the position of the PTC formed following ES. The above step in the procedure (Figure 1B) returns the list of all exons deemed potential targets for ES, along with the corresponding shortened transcript and amino acid sequences obtained as a result of their skipping and, for the subset of out-of-frame transcripts, prediction of NMD events.




2.1.3. Analysis of the Mutational Profile


Aimed at the selection of the best candidate exonic targets for the design of ES-based therapeutic strategies, their mutational profile in cancer is next evaluated based on COSMIC data [10]. To this end, the implemented procedure identifies the exons marked by the highest mutational burden, specifically those exhibiting mutations in the largest number of cancer patients. In particular, taking into account only point mutations, the procedure automatically and carefully maps the annotated genomic mutations to the corresponding exon regions [55] and calculates the absolute frequency of mutations within each exon of the gene of interest. This is performed by counting the number of patients who have at least one mutation in a specific exon. Next, the procedure calculates the relative frequency of mutations per exon by computing the ratio between the number of patients with at least one mutation in the given exon and the total number of patients with at least one mutation across the whole gene. Finally, exons are ranked by the decreasing number of absolute mutation frequency, and the top 10 ranking exons are reported to proceed to ASO design (Figure 1C). This step of the computational procedure aims to prioritize ASO design on exons enriched in clinically relevant mutations, while limiting the list of candidate exons to a manageable number.




2.1.4. Design and Evaluation of Ad Hoc ASOs to Induce Desired ES Products


This step of the computational process integrates the sequence of exons that may undergo ES and those that are highly mutated and generates 25-nucleotide-long ASO sequences, which is the recommended length for morpholino oligos [51,52], to induce ES. These ASOs, whose binding is based on the principle of base complementarity, are designed to interact with two types of splicing regulatory sites: splice junction sites (donor and/or acceptor splice sites) and intra-exon splice sites (Figure 2). For each splice junction, we design a set of 7 ASOs (14 for each exon) to hit the target mRNA at the overlap of the intron–exon or exon–intron border, because this approach has been shown to maximize the efficiency of mRNA splicing alteration using morpholinos [51]. For the ASO sequences designed within exon regions, only those completely overlapping at least one exonic splicing enhancer (ESE) domain are selected for further consideration. The number of ASO sequences drawn within each exon varies depending on the exon’s length and the number of annotated ESE regions therein. Finally, ASO sequences undergo evaluation based on specificity and reference physicochemical parameters, including CG percentage, G percentage, presence of tetra G, and self-complementarity. Only ASO sequences that meet the optimal threshold values for each parameter, as documented in the relevant literature [52], and have a unique match in the genome are selected and included in the output (Figure 1D) (see Materials and Methods section for details). As a point of reference for evaluating the results of our procedure in generating candidate ASOs, we compared them with four available FDA-approved ASO drugs for DMD treatment [29,30,31,32]. Indeed, our procedure successfully identified ASO sequences either identical or closely matched to all drugs, as shown in Appendix B and Table A1.





2.2. Application of the Bioinformatic Pipeline to Frequently Mutated Cancer Genes


As a proof of concept to demonstrate the relevance of the entire computational procedure described previously, we applied it to a clinically relevant set of genes. Specifically, we selected the top 10% most frequently mutated genes in cancer patients based on data stored in the COSMIC database (v. 96) [10]. A total of 72 genes were identified, as shown in Figure 3. The following subsections provide insights into the output data and biological knowledge gained by applying the procedural steps outlined in Figure 1 to this cancer-relevant dataset.



2.2.1. Classifying Role in Cancer for Selected Genes


By applying the above-mentioned 20/20 rule [3,7] (see Materials and Methods section for details), the 72 selected genes were classified according to their predicted role in cancer as follows: 25 tumor suppressors, 23 oncogenes, and 24 genes unclassified due to inconclusive scores (Figure 3, inset). To validate our classification, available for 48 genes, the results were compared with two publicly available compendia of oncogenes and tumor suppressors: (1) Futreal et al., 2004 [56], hereafter MSigDB; (2) Tokheim et al., 2016 [57], hereafter Tokheim. Overall, 35 out of 48 were also evaluated by MSigDB, while Tokheim assessed 37 of 48, with classification concordance rates of 86% and 97%, respectively. For detailed information, please refer to Appendix A and Figure A1A,B.




2.2.2. Identifying Potential Exon Targets for ES in Selected Cancer Genes


The analysis of the selected cancer genes (N = 72) revealed an average of 10 protein-coding transcripts per gene according to annotations available in the GENCODE database (release 43). Among these transcripts, the majority (9 out of 10) harbored at least one exon predicted to be susceptible to skipping according to the computational procedure (Figure 1B). Overall, these cancer genes had an average number of 26 exons per gene as possible targets. The in silico simulation of ES events demonstrated that the vast majority of these genes (68 out of 72; 94%) could yield both in-frame and out-of-frame transcripts, supporting the potential for designing therapeutic ES strategies for both purposes: inactivation and functional rescue. Furthermore, our computational procedure evaluates possible degradation via NMD for all shortened products generated through in silico ES that are out-of-frame. Specifically, when considering the 23 genes previously classified as oncogenes in our gene compendium, the majority of them (21/23) produced at least one out-of-frame transcript that was expected to undergo NMD.



In summary, the set of cancer genes analyzed exhibited a diverse range of transcript isoforms, many of which contained exons susceptible to skipping. Importantly, a significant portion of these genes had the potential to generate both in-frame and out-of-frame transcripts when subjected to in silico exon-skipping simulations. Additionally, a considerable number of oncogenes in this dataset have the capacity to generate out-of-frame transcripts that are predicted to undergo degradation through NMD.




2.2.3. Analyzing Exon Mutation Profile of the Selected Cancer Gene Set


In the field of precision oncology, it can be valuable to devise therapeutic strategies targeting exons with the highest incidence of recurrent mutations. Therefore, our methodology involves prioritizing exons within the cancer genes selected (Figure 3), according to this criterion. Specifically, we focused on the exons deemed potential targets for ES (from the previous section, 26 exons on average) in each cancer gene. To identify the most mutated exons, we considered the protein-coding exons that had at least one mutation observed across the largest number of cancer patients. By analyzing the mutational profiles using data from the COSMIC database (Figure 1C), we found that these exons showed an average of about 300 point mutations each. Subsequently, the analyzed exons were ranked by frequency of mutations, and the 10 top-scoring exons per gene in this list were selected as the best candidates for ASO design.




2.2.4. Design and Evaluation of the Best Candidate ASO Sequences


As outlined above, the final step in our computational procedure involves the design of ASO sequences that hold promise for inducing desired protein variants (Figure 1D). In particular, to manage computational burden and prioritize experimental feasibility, we focused on designing and providing as output ASO sequences for a selected list of exons for each gene of interest. This list included the top exons that were evaluated as potential targets for exon skipping and were recurrently mutated in cancer patients, with a maximum of 10 exons per gene. A total of 674 protein-coding exons were considered, regarding 72 selected cancer genes (Figure 3, inset), and two sets of customized antisense ASOs were generated (Figure 2). The first set targeted splicing regulatory sites at the splice junctions, and 14 junction-exon ASOs were designed per exon. The second set of ASOs focused on regulatory sites located within the exon itself. Here, an average of approximately 306 intra-exon ASOs were designed per exon. Next, both sets of ASO sequences underwent an evaluation process based on state-of-the-art knowledge regarding optimal values for a series of physicochemical parameters (see Materials and Methods section for details). The ASO design and filtering step yielded an average of 6 ASOs at the splice junctions and 150 ASOs at the ESE sites, representing the best candidate sequences.





2.3. Proof-of-Concept Case Studies


2.3.1. Detecting High-Potential Cancer Genes for Effective Targeted ES Intervention


We prioritized genes based on the availability of the exons that were the most suitable for achieving effective targeted interventions. To accomplish this, we assessed the following conditions for each exon in our dataset: (a) Inclusion of the exon among the ten most frequently mutated exons for the corresponding gene. (b) Desired reading frame for the shortened transcript resulting from ES, taking into account the predicted role of the gene in cancer (oncogene or tumor suppressor) and the intended therapeutic objective (inactivation or functional rescuing, respectively). (c) Presence of at least one ASO for each design strategy (targeting splice sites within the exon or targeting splice junctions) that adheres to the recommended physicochemical parameters for effective targeted splicing. Subsequently, we ranked the cancer genes in our compendium based on the decreasing percentage of their exons that met all three criteria mentioned above (Figure 4). In what follows, we provide more detailed information on two exemplary cases, namely, the first oncogene (NRAS) and the first tumor-suppressor (VHL) featured in this ranking.



The NRAS proto-oncogene GTPase (NRAS) has one annotated protein-coding transcript (ENST00000369535.5) consisting of seven exons. From our computational analysis, two exons, namely, exon 3 and exon 4, emerged as potential targets for ES. The therapeutic objective of an ES-based approach would be to induce protein degradation in order to suppress its gain-of-function effect. Skipping either exon would result in out-of-frame transcripts, although our computational procedure predicts that neither of them would undergo degradation via NMD following ES. In terms of mutational profile analysis, both exon 3 and exon 4 rank among the top ten most mutated exons in cancer patients. Particularly, one of these exons (Ensembl ID: ENSE00001751295.1, exon 3) (Figure 5) accumulates mutations in 4052 patients, which accounts for over 60% of the total number of cancer patients with at least one annotated mutation in NRAS. Consistent with its role as an oncogene, the distribution of mutations along the gene sequence is concentrated at specific positions (Figure 5B) [3,7]. Our computational procedure designed a total of 103 ASOs for NRAS exon 3. Among these ASOs, 89 were designed to target regulatory splice sites within the exon, while 14 ASOs were designed to target splice sites at the junctions with flanking introns. After filtering based on physicochemical requirements, the procedure selected a subset of 63 ASOs, which included 52 ASOs targeting internal ESEs and 6 ASOs targeting splice sites at the junctions, with the latter being available only to target the upstream intron–exon junction (Table 1, Figure 5).



The tumor suppressor gene Von Hippel–Lindau (VHL) has a total of six annotated transcripts, with four of them encoding proteins. Using our computational procedure, we identified two specific exons as prime candidates for developing ES-based therapeutic approaches aimed at partially restoring their function by selecting in-frame transcripts. Skipping either of these two exons would result in shortened transcripts that maintain the correct reading frame. Among these exons, one of them (Ensembl stable ID: ENSE00003504189.1, exon 2) (Figure 6) exhibited a higher frequency of mutations in cancer patients, with 447 patients having at least one mutation in this exon, accounting for approximately 24% of the total mutations observed. To target the regulatory splice sites of exon 2, our computational procedure designed a total of 113 ASOs. Among these, 99 ASOs were designed within the exon itself, while 14 ASOs targeted the junctions with adjacent introns. After applying the effectiveness criteria, a subset of 85 ASOs met the requirements, including 47 ASOs targeting internal ESEs and all 14 ASOs designed at the junctions (Table 2, Figure 6).




2.3.2. Harnessing the Potential of Our Pipeline on Well-Studied Cancer Genes: BRAF and TP53


As a second set of case studies, we applied our computational pipeline to analyze one oncogene (BRAF) and one tumor suppressor (TP53), among those most frequently mutated in cancer (Figure 3, inset). For each of the two selected genes, the pipeline identified exons with the potential for being targeted by ES-based therapeutic strategies. The pipeline prioritized these exons based on their frequency of mutation in cancer patients. Table 3 displays the top ten exons that exhibit the highest mutation frequencies for each selected gene. The table also provides the number of candidate ASOs designed for inducing ES at the splice junctions (ASO-J) and within the target exon (ASO-E). Additionally, a flag (IN/OUT) is included to indicate the correctness of the transcript frame following targeted ES, according to the predicted role of the gene in cancer. In addition, Table A2 in Appendix C lists the best candidate ASO-J sequences for both the BRAF and TP53 genes, designed using our procedure to target the splice junctions of the indicated exons.






3. Discussion


The development of personalized therapeutic approaches based on molecular tumor profiling has made significant advancements in cancer treatment. However, many cancer driver genes, including frequently altered genes like the RAS family, MYC, and TP53, remain challenging to target with conventional approaches, making them “undruggable”. This poses a major hurdle to oncology drug development. This article aims to present an integrated computational procedure that facilitates the exploration and implementation of ES-based therapeutic strategies for cancer treatment. The developed computational procedure leverages existing knowledge of annotated transcripts and disease-causing mutations for a specific gene of interest. It guides the selection of target exons and the design of ASOs to induce ES. The procedure also provides insights into the consequences of exon exclusion, including the potential degradation of transcripts through NMD. This enables the evaluation of the impact of ES on protein expression and functionality, leading to a deeper understanding of the case of interest. The approach presented is versatile and can support strategies aimed at producing different desired protein variants, such as variants of inactive oncogenes or partially functional restored variants of tumor suppressors.



As a proof of concept, the study focused on the top 10% most mutated genes in cancer and ranked them based on their suitability for ES-targeted interventions. This resulted in a list of the most promising candidate genes for ES-based therapies that contain the highest percentage of exons meeting the following criteria: (a) The exon, when excluded, should result in desired protein variants that are expected to have a therapeutic effect. (b) The ASOs designed for exon skipping should meet recommended physicochemical parameters and have a unique match in the genome, ensuring their effectiveness in inducing exon exclusion. (c) The target exon should rank among the top ten most mutated exons in cancer patients, indicating its clinical relevance. Based on these criteria, NRAS, a member of the RAS protein family, emerged as one of the most promising candidates, with all of its exons being eligible for skipping. Similarly, other genes, such as KRAS, VHL, CALR, GRIN2A, JAK2, FLT3, IDH1, and IDH2, also exhibited a significant percentage of their exons meeting the criteria for optimal skipping targets. In particular, the percentage of optimal exons ranged from over 20% for GRIN2A, JAK2, FLT3, IDH1, and IDH2 to over 60% for KRAS (another member of the RAS family). These findings highlight the potential of these genes as promising candidates for ES-based therapeutic interventions in cancer.



To provide more detailed examples, the study specifically investigated NRAS (an oncogene) and VHL (a tumor suppressor) as notable cases with clinical relevance. Oncogenic NRAS mutations occur in several cancer types, notably melanoma, acute myeloid leukemia, colon and thyroid cancers, and other hematologic malignancies. While attempts have been made to action NRAS for therapeutic purposes by targeting either downstream effectors (e.g., MEK, CDK4/6 [59]) or upstream activators (e.g., STK19 [60]), the NRAS oncogene itself remains currently undruggable and could be theoretically targeted using ES-inducing strategies, as proposed here. Similarly, the inactivation of the tumor suppressor VHL is a major genetic driver of both hereditary and sporadic renal cell carcinoma [61]. Although VHL-defective cancers can be targeted with clinical success by inhibiting its downstream effector HIF1a or VEGF-driven angiogenesis [62], we hypothesize that VHL function could be restored, at least in part, through ASO-mediated transcript modification. The comprehensive in silico approach successfully identified the highest-scoring exon for each gene and designed corresponding ASO sequences to induce its exclusion. Expanding the scope to include the most frequently mutated genes in cancer, the computational pipeline was applied to the extensively studied oncogene BRAF and tumor suppressor TP53. Although small-molecule inhibitors of oncogenic BRAF have proven highly successful for the clinical treatment of several tumor types, atypical (non-V600E) BRAF mutations and BRAF- dependent acquired resistance remain significant challenges and unmet medical needs, which could be targeted using ES-inducing strategies [63]. On the other hand, TP53, one of the most frequently mutated genes in cancer, remains the prototype of an undruggable tumor suppressor, for which no successful therapeutic strategy has been devised [64]. The computational procedure successfully predicted four potential ES events in the BRAF gene. These ES events would result in the generation of out-of-frame transcripts by skipping frequently mutated exons in cancer. The shortened transcripts would likely be targeted for degradation through NMD, thereby reducing the corresponding protein expression level. For each identified exon, the procedure designed an average of six ASO sequences at the exon–intron junctions and nine sequences overlapping ESEs within the exon. Regarding the TP53 gene, two exon candidates for ASO-mediated therapeutic ES events were identified. The aim of these events would be to maintain the transcript frame after exon deletion and potentially restore, at least partially, the biological protein function. An average of four ASOs to induce skipping were designed at the exon–intron junctions, while approximately 53 ASO sequences that cover the ESE regions within the exon were designed internally.



The results obtained by applying the entire procedure to these case studies demonstrate the effectiveness of the strategy in supporting the use of ASOs as innovative therapeutic interventions. This approach aims to induce exon skipping in oncogenes and tumor suppressors, even in cases with significant mutation burdens that are difficult to target with conventional pharmacological methods. It is important to note that the criteria employed in this procedure are independent of tissue and cancer type, adopting an agnostic approach. However, the same computational method can be tailored to specific cases by utilizing mutational profiles obtained from individual patient screenings. This personalized approach has the potential to enhance targeting accuracy and minimize off-target or side effects. While the systematic approach presented in this study allows for wide-ranging applicability across diverse contexts, offering several advantages, there are limitations to consider. In particular, we recognize the value of tailoring this computational method to specific cases, developing further in-depth analysis methods. For example, the current procedure relies on available genomic and transcriptomic data from databases like COSMIC and GENCODE, which may have limitations in terms of coverage and accuracy. In particular, the evaluation of whether a specific splicing-isoform target is generated and subsequently expressed could be more effectively conducted, by its nature, by analyzing expression profile data related to a specific tissue or tumor [65,66,67]. Furthermore, in this context, a more detailed examination of the consequences of the entire spectrum of mutations that can perturb splicing regulatory regions could be considered [68,69,70] (including synonymous mutations, intronic mutations, utilizing ad hoc developed tools [71,72]). Moreover, the potential role of cryptic regulatory sites in influencing splicing outcomes would deserve further study [73]. Finally, it should be noted that the classification of oncogenes and tumor suppressor genes proposed, which in turn determines the type of molecular effect sought through ES, can be debatable from several perspectives: classification methods and available compendia might not cover all potentially relevant genes; a small but non-negligible percentage of genes may be classified differently using various procedures; in some cases, the same gene can function as an oncogene or tumor suppressor, depending on the type of mutation it undergoes (loss vs. gain of function), such as in the case of TP53 [64]. It is important to note that the current approach, prioritizing the most frequently mutated exon in cancer patients, is flexible and can be adapted to different scenarios and therapeutic goals. For instance, in cases where the therapeutic strategy involves inactivating a mutated oncogene, a safer approach to ASO design may entail targeting frame-shifting exons that are possibly not mutated and are located upstream of the most frequently mutated one. This approach would result in the desired outcome of an out-of-frame transcript, reducing the risk that patient-specific mutations might decrease the affinity for the designed ASOs. On the other hand, in more complex scenarios related to the rescuing of function of tumor suppressors, where it is critical to safeguard the healthy allele, the existence of patient-specific mutations may be the key to enable the selectivity needed in the design of allele-specific therapeutic strategies. A notable example that illustrates the relevance of envisioning allele-specific therapeutic strategies is the haploinsufficiency of the tumor suppressor PTEN, frequently mutated in human cancer. Similar to the strategy pursued with DMD drugs, even subtle changes in its expression levels can potentially alter tumor cell behavior [74]. Additionally, the current ASO design approach yields a substantial number of potential candidates per exon, posing challenges to selecting the most suitable molecule sequence for experimental validation. Furthermore, experimental validation is crucial to confirming the actual impact of predicted ASO-induced exon skipping on protein expression and function. For instance, it has been reported that the inhibition of a splice site may trigger the activation of a cryptic splice site, leading to the formation of a transcript with an unexpected architecture [52]. Moreover, the delivery of ASOs to target tissues or cells poses unique challenges that must be overcome as a prerequisite for their effective therapeutic application. Several efforts are currently invested in improving the delivery of ES-based therapeutic drugs through innovative chemical modifications and conjugation with delivery-enhancing agents, such as fatty acids or peptides [19,75,76,77,78]. In conclusion, the integrated computational procedure developed in this study presents a strategy and provides valuable tools for investigating ES-based therapeutic approaches in oncology. ASOs show promise as innovative and personalized therapeutic interventions, particularly for targeting undruggable driver genes. Further experimental validation, optimization, and technological advancements are necessary to fully harness the potential of ASOs as clinically effective therapies. These efforts could pave the way for the effective utilization of ASOs in cancer treatment, making a substantial contribution to the field of personalized medicine in oncology.




4. Materials and Methods


The entire computational procedure described in this work was implemented using the Python programming language.



Cancer genes and mutational annotation data. To collect the set of test-case genes, we employed mutation data obtained from the publicly available COSMIC database (v. 96) [10]. Specifically, we retrieved the “CosmicMutantExportCensus.tsv” file (from: Data → Downloads → All Mutations in Census Genes). From this extensive dataset, a cohort of 72 genes was selected by identifying the top 10% most frequently mutated genes in cancer patients.



In silico classification of genes as oncogenes or tumor suppressors. Mutation annotation data obtained from the COSMIC database were subsequently used to accurately classify in silico the selected cancer genes (N = 72 genes) into the distinct categories of oncogenes or tumor suppressors by applying the well-established “20/20 rule” [3]. Based on this rule, for a gene to be classified as an oncogene, it must exhibit recurrent missense mutations that account for more than 20% of all documented mutations, indicating gain-of-function alterations. On the other hand, to be classified as a tumor suppressor, a minimum of 20% of annotated mutations within the gene should be inactivating. Thus, this rule captures the two main categories of mutations, namely, gain-of-function and loss-of-function mutations, and accounts for their respective frequencies. Specifically, gain-of-function mutations encompass the following types: substitution_missense, deletion_in-frame, insertion_in-frame, complex_deletion_in-frame. Conversely, loss-of-function mutations include substitution_non-sense, deletion_frameshift, insertion_frameshift. To implement the rule in our computational procedure, we followed the methodology outlined by Pavel et al., 2016 [7]. This involves the calculation, for any gene of interest, of two distinct scores based on the mutation annotation data: the oncogene (ONG) and the tumor suppressor gene (TSG) scores. To determine these scores, we started by assessing the total number of variants present in the gene. Subsequently, we computed the frequencies of both gain-of-function and loss-of-function mutations, relative to the total number of annotated variants for the given gene. In particular, the ONG score represents the frequency of recurrent gain-of-function mutations, while the TSG score corresponds to the frequency of loss-of-function mutations. Lastly, based on the criteria summarized in Table 4, the gene was assigned a specific label. Specifically, if the ONG score is greater than 20% and the TSG score is less than or equal to 5%, the gene is classified as an oncogene. Conversely, if the ONG score exceeds 20% and the TSG score exceeds 5%, or if the ONG score is less than 20% and the TSG score is greater than 20%, the gene is labeled as a tumor suppressor. Genes that do not meet either of these criteria are designated as “unclassified”.



To evaluate the accuracy of our classification, we compared our results with two publicly available lists of oncogenes and tumor suppressor genes. The first list was obtained from the Molecular Signatures Database (v. 7.4 MSigDB). This database contains a comprehensive collection of annotated gene sets for use with GSEA (Gene Set Enrichment Analysis) software. The gene set we utilized consists of genes documented in the literature as being mutated and implicated in cancer development (commonly referred to as “cancer genes”). The list was last updated in 2004 [56]. The second list was extracted from the study conducted by Tokheim et al., 2016 [57]. In their work, the classification of genes as oncogenes or tumor suppressors is based on the integration of results obtained with multiple prediction methods.



ES-target identification. To identify potential exons suitable for therapeutic ES approaches in the 72 cancer genes under investigation, the following steps were performed for each gene. Firstly, all annotated alternative isoforms were collected using the GENCODE database (release 43; 2 August 2023; GRCh38.p13). Specifically, the GFF3 file “gencode.v43.annotation.gff3” from the Human section (Comprehensive gene annotation, CHR Regions) was retrieved. Additionally, the corresponding sequences of each transcript and their respective exons were downloaded from Ensembl (release 109; 8 February 2023).



Prediction of degradation via NMD. We exclusively applied NMD degradation prediction to the shortened transcripts labeled as out-of-frame resulting from the in silico simulation of ES events. This is because out-of-frame transcripts have the potential to generate PTCs, which are relevant for NMD analysis. To determine whether NMD would be triggered for these transcripts, we applied a set of well-established rules associated with NMD evasion. These rules include two canonical ones known as the “50–55 nt rule” and “last-exon rule”, along with a noncanonical rule called the “start-proximal rule” (as illustrated in Figure 7). Under the “50–55 nt rule,” a PTC located less than 50–55 nucleotides upstream of the last exon–exon junction typically does not activate NMD [79,80]. In our analysis, we employed the more stringent threshold of 55 nucleotides, in line with previous research findings [81,82,83,84,85]. The “last-exon rule” of NMD evasion states that PTCs within the last exon are usually not recognized as premature codons because normal termination codons are predominantly found in this exon. Our procedure, therefore, considered PTCs in the last exon not to be subject to NMD [86,87]. Furthermore, we incorporated a notable “noncanonical” rule discovered in cancer data, referred to as the “start-proximal rule” of NMD evasion. According to this rule, the efficiency of NMD decreases within the 5’-most nucleotides of the coding region of a transcript. Specifically, PTCs located approximately 150 nucleotides from the start codon typically do not trigger NMD [79,87,88]. These rules collectively guided our assessment of the potential for NMD activation in the transcripts under analysis.



ASO design. The implemented procedure employs two distinct approaches to generate 25-nucleotide-long ASO sequences aimed at inducing ES. The chosen length (25-mer) is indeed the optimal length recommended for the design of morpholino-type ASOs [52]. The first approach involves designing ASOs that target splicing regulatory sites at the splice junctions (donor and/or acceptor splice sites), while the second approach focuses on splicing enhancer sites located within the exon, also known as ESEs. For each exon, a fixed number of 14 ASOs (i.e., a set of 7 ASOs each for both donor and acceptor splice sites) are designed to target splicing regulatory sites at the splice junctions, while the number of exonic ASOs designed depends on both the exon length and number of annotated ESEs therein. To generate the ASO sequences, a sliding window of 25 nucleotides is used. Specifically, for ASOs designed within exonic regions, the 25-mer window is shifted by one nucleotide at each step, starting from the first position of the exon and ending with the last window within the exon region. Subsequently, only the 25-mer sequences that completely overlap with at least one annotated ESE site are retained for further evaluation of physicochemical parameters. In the case of 25-mer ASOs designed to target the acceptor splice site, a set of 7 ASO sequences that overlap the intron–exon border is collected. The first ASO in this set begins at intronic position −18 (i.e., ASO sequence −18 to +7 from the intron–exon border, where negative and positive numbers indicate intronic and exonic nucleotides, respectively). Starting from there, the next ASO sequences are drawn by sliding a 25-mer window by one nucleotide at the time until reaching the last ASO sequence in the set, which begins at intronic position −12 (i.e., ASO sequence −12 to +13). Similarly, in case of the set of 7 ASOs designed to target the donor site, the first 25-mer window starts at position +12 from the exon–intron border within the exon (i.e., ASO sequence +12 to −13), and this window is shifted by one nucleotide until reaching the beginning of the last ASO in the set, which is exonic position +7 from the exon–intron border (i.e., ASO sequence +7 to −18). Annotated ESE regions were taken from the SpliceAid database [89]. Each binding site in the database is assigned a score ranging from 1 to 10. In our analysis, we focused only on sites annotated with positive scores (i.e., splicing enhancers) and mapped them within target sequences. Concerning ASO nomenclature, we followed the conventions described by Mann et al., 2002 [58].



Candidate-ASO evaluation and selection. The designed ASOs undergo evaluation and filtering based on reference physicochemical parameters, including CG percentage, G percentage, presence of tetra G, self-complementarity, temperature of melting (Tm), and specificity. The ViennaRNA Package was utilized to assess self-complementarity, which generates a dot-bracket string notation that indicates both paired and unpaired bases in the predicted ASO secondary structure. Only ASO sequences with a maximum of 16 contiguous base pairs of self-complementarity are selected [46]. Overall, the design of ASOs follows the guidelines provided by Moulton et al. (2008) [52], including optimal values for physicochemical parameters used to select the best candidate sequences. Tm, a crucial parameter that significantly affects the specificity and effectiveness of ASOs, is calculated using three different methods, with reference to the OligoCalc web tool [45]:




	
Basic melting temperature (Tm) (°C),


  Tm = 64.9 + 41  y G + z C − 16.4  /  w A + x T + y G + z C   











	
Salt-adjusted melting temperature (Tm) (°C),


  Tm = 100.5 + 41  y G + z C  /  w A + x T + y G + z C  −  820  w A + x T + y G + z C   + 16.6  log 10     Na +     











	
Nearest-neighbor melting temperature (TmNN) (°C),


  TmNN =  Δ H − 3.4  kcal  ° Kmole    / Δ S + R ln   1  [ primer ]    + 16.6 log    Na +     
















The thermodynamic parameters were calculated assuming standard conditions (namely, 1M NaCl, pH = 7, and temperature of 27 °C). The nearest-neighbor and thermodynamic calculations were performed as described by Breslauer et al., 1986 [90], but using the values published by Sugimoto et al., 1996 [91]. RNA thermodynamic properties were taken from Xia et al., 1998 [92]. This program assumes that the sequences are not symmetric and contain at least one G or C. The specificity was evaluated by assessing the absence of other potential binding sites in the genome with up to 2 nucleotide mismatches. The Bowtie [93] short-read aligner was used to map ASO sequences against the human genome (release GRCh38) with the following parameters: -v 2 (i.e., map allowing up to 2 mismatches per read alignment); -a (i.e., report all possible alignments). Only ASO sequences that met both the specificity requirement (i.e., unique match in the human genome considering up to 2 mismatches) and physicochemical requirements were reported for any gene of interest as candidates to induce the selected ES products. Recommended thresholds for selected physicochemical parameters, such as CG range (40%-60%), G content (up to 36% G), self-complementarity (16 contiguous H-bonds maximum), consecutive G (maximum of 3 consecutive Gs), and oligo length, were taken from Moulton et al., 2008 [52].
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Appendix A


To validate our classification, available for 48 genes, the results were compared with two publicly available compendia of oncogenes and tumor suppressors: (1) Futreal et al., 2004 [56], hereafter MSigDB; (2) Tokheim et al., 2016 [57], hereafter Tokheim. When comparing our gene classification results with the MSigDB compendium (N = 410, comprising 328 oncogenes and 82 tumor suppressors), we found 35 shared genes available for the purpose of classification comparison, while 13 (i.e., 6 tumor suppressors and 7 oncogenes) out of the 48 genes composing our classified list were not present in the MSigDB compendium. Among the shared genes (N = 35), 30 genes were consistently classified, among which there were 14 out of 19 tumor suppressors (74%) and all the oncogenes (16/16). However, five genes (CREBBP, NOTCH1, NOTCH2, NPM1, RUNX1) were classified differently (i.e., MSigDB classified them as oncogenes, while our procedure as tumor suppressors) (Figure A1A). Next, we compared our gene classification results to the Tokheim compendium (N = 290 genes, including 79 oncogenes and 211 tumor suppressors) (Figure A1B). Eleven out of the 48 genes in our classified list were not included in the Tokheim compendium. As for the remaining 37 genes of our classified list (i.e., 24 tumor suppressors and 13 oncogenes) shared with the Tokheim compendium, all the tumor suppressor genes (24/24, 100%) and most of the oncogenes (12/13, 92%) were consistently classified. There was only one gene (JAK2) with conflicting assignments as an oncogene (our procedure) and tumor suppressor (Tokheim).
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Figure A1. Cancer gene classification comparison. Comparison of our classification of the 72 genes selected as oncogenes (ONGs) or tumor suppressors (TSGs) with two compendia of ONGs and TSGs. (A) In this panel, the Venn diagram shows the overlap between our results (TSG, ONG) and the MSigDB results (ONG_MSigDB, TSG_MSigDB). (B) In this panel, the Venn diagram shows the overlap between our results (TSG, ONG) and the Tokheim results ( ONG_Tokheim, TSG_Tokheim). Abbreviations: ONG = oncogene; TSG = tumor suppressor gene; MSigDB = list of oncogenes and tumor suppressors from MSigDB; Tokheim=list of oncogenes and tumor suppressors from Tokheim. 






Figure A1. Cancer gene classification comparison. Comparison of our classification of the 72 genes selected as oncogenes (ONGs) or tumor suppressors (TSGs) with two compendia of ONGs and TSGs. (A) In this panel, the Venn diagram shows the overlap between our results (TSG, ONG) and the MSigDB results (ONG_MSigDB, TSG_MSigDB). (B) In this panel, the Venn diagram shows the overlap between our results (TSG, ONG) and the Tokheim results ( ONG_Tokheim, TSG_Tokheim). Abbreviations: ONG = oncogene; TSG = tumor suppressor gene; MSigDB = list of oncogenes and tumor suppressors from MSigDB; Tokheim=list of oncogenes and tumor suppressors from Tokheim.



[image: Ijms 24 14862 g0a1]






Appendix B


As of today, there are four ASO-based drugs approved by the FDA: Eteplirsen, Golodirsen, Viltolarsen, Casimersen [29,30,31,32]. All four drugs have been developed to modulate the splicing of the dystrophin gene for therapeutic purposes in patients affected by Duchenne muscular dystrophy.





 





Table A1. Comparison between results from ASOs designed with our pipeline and currently approved ASO drugs. This table provides a comparison between the released sequence of the approved drug (column 3, top line) and the best match with ASOs designed using our procedure (column 3, bottom line) to target the corresponding exon. Blue-color highlights of nucleotides indicate identity between the drug sequence and candidate ASO designed with our procedure.






Table A1. Comparison between results from ASOs designed with our pipeline and currently approved ASO drugs. This table provides a comparison between the released sequence of the approved drug (column 3, top line) and the best match with ASOs designed using our procedure (column 3, bottom line) to target the corresponding exon. Blue-color highlights of nucleotides indicate identity between the drug sequence and candidate ASO designed with our procedure.





	ASO Drug 
	Target Exon

Ensembl ID  
	Drug Sequence (Length)

Pipeline Matching Hit (Length) 





	 Eteplirsen  
	 Exon 51

(ENSE00003669071.1) 
	  CTCCAACATCAAGGAAGATGGCATTTCT (28 nt)

CTCCAACATCAAGGAAGATGGCATTTCT (25 nt)  



	 Golodirsen  
	 Exon 53

(ENSE00001258577.1) 
	 GTTGCCTCCGGTTCTGAAGGTGTTCNNN (25 nt)

GTTGCCTCCGGTTCTGAAGGTGTTCNNN (25 nt) 



	Viltolarsen
	Exon 53

(ENSE00001258577.1)
	CCTCCGGTTCTGAAGGTGTTCNNNTTGT (21 nt)

CCTCCGGTTCTGAAGGTGTTCTTGTNNN (25 nt)



	Casimersen
	Exon 45

(ENSE00003988228.1)
	GCTGCCCAATGCCATCCTGGAGTTCCTG (22 nt)

GCTGCCCAATGCCATCCTGGAGTTCCTG (25 nt)









Appendix C




 





Table A2. The best candidate ASO sequences designed at the selected exon splice junctions of the BRAF and TP53 genes. The table provides the ASOs that were specifically designed at the junctions of the selected exons of BRAF and TP53 that lead to desired ES outcomes (out-of-frame transcripts for the oncogene BRAF and in-frame transcripts for the tumor suppressor TP53). The listed ASOs, with their corresponding sequences indicated in the table, successfully passed all physicochemical filters and have a unique match in the genome. The nomenclature used for the ASOs follows the conventions described by Mann et al., 2002 [58].
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Gene

	
Exon ID

	
ASO ID

	
ASO Sequence






	
BRAF

	
ENSE00001907699.1

	
H18D

(10,   − 15  )

	
GGACAGGAAACGCACCAUAUCCCCC




	
H18D (9,   − 16  )

	
UGGACAGGAAACGCACCAUAUCCCC




	
H18D (8,   − 17  )

	
GUGGACAGGAAACGCACCAUAUCCC




	
H18D (7,   − 18  )

	
AGUGGACAGGAAACGCACCAUAUCC




	

	
ENSE00003485507.1

	
H15D

(11,   − 14  )

	
GCCUCAAUUCUUACCAUCCACAAAA




	
H15D

(10,   − 15  )

	
AGCCUCAAUUCUUACCAUCCACAAA




	
H15D (9,   − 16  )

	
UAGCCUCAAUUCUUACCAUCCACAA




	
H15D (8,   − 17  )

	
AUAGCCUCAAUUCUUACCAUCCACA




	
H15D (7,   − 18  )

	
AAUAGCCUCAAUUCUUACCAUCCAC




	

	
ENSE00003521664.1

	
H12A

(  − 16  , 9)

	
CCACAUCACCUAAAAGGCAAUUGUU




	
H12A

(  − 15  , 10)

	
GCCACAUCACCUAAAAGGCAAUUGU




	
H12A

(  − 14  , 11)

	
UGCCACAUCACCUAAAAGGCAAUUG




	
H12A

(  − 13  , 12)

	
CUGCCACAUCACCUAAAAGGCAAUU




	
H12A

(  − 12  , 13)

	
ACUGCCACAUCACCUAAAAGGCAAU




	
H12D

(13,   − 12  )

	
ACACAAGCUCACCUGAGUACUCCUA




	
H12D

(12,   − 13  )

	
CACACAAGCUCACCUGAGUACUCCU




	
H12D

(11,   − 14  )

	
UCACACAAGCUCACCUGAGUACUCC




	
H12D

(10,   − 15  )

	
UUCACACAAGCUCACCUGAGUACUC




	
H12D

(9,   − 16  )

	
AUUCACACAAGCUCACCUGAGUACU




	
H12D

(8,   − 17  )

	
AAUUCACACAAGCUCACCUGAGUAC




	
H12D

(7,   − 18  )

	
UAAUUCACACAAGCUCACCUGAGUA




	

	
ENSE00003559218.1

	
H11D (13,   − 12  )

	
UUACAUACUUACCAUGCCACUUUCC




	
H11D (9,   − 16  )

	
CACAUUACAUACUUACCAUGCCACU




	
H11D (8,   − 17  )

	
CCACAUUACAUACUUACCAUGCCAC




	
H11D (7,   − 18  )

	
ACCACAUUACAUACUUACCAUGCCA




	
TP53

	
ENSE00003670707.1

	
H5A

(  − 16  , 9)

	
GCAAAACAUCUUGUUGAGGGCAGGG




	
H5A

(  − 15  , 10)

	
GGCAAAACAUCUUGUUGAGGGCAGG




	
H5A

(  − 14  , 11)

	
UGGCAAAACAUCUUGUUGAGGGCAG




	

	
ENSE00003625790.1

	
H3D

(13,   − 12  )

	
AGGGCAACUGACCGUGCAAGUCACA




	
H3D (12,   − 13  )

	
CAGGGCAACUGACCGUGCAAGUCAC




	
H3D (11,   − 14  )

	
UCAGGGCAACUGACCGUGCAAGUCA




	
H3D (10,   − 15  )

	
CUCAGGGCAACUGACCGUGCAAGUC




	
H3D (9,   − 16  )

	
CCUCAGGGCAACUGACCGUGCAAGU











References


	



Chhikara, B.S.; Parang, K. Global Cancer Statistics 2022: The trends projection analysis. Chem. Biol. Lett. 2023, 10, 451. [Google Scholar]

	



Tsimberidou, A.M.; Fountzilas, E.; Nikanjam, M.; Kurzrock, R. Review of precision cancer medicine: Evolution of the treatment paradigm. Cancer Treat. Rev. 2020, 86, 102019. [Google Scholar] [CrossRef]

	



Vogelstein, B.; Papadopoulos, N.; Velculescu, V.E.; Zhou, S.; Diaz, L.A.; Kinzler, K.W. Cancer genome landscapes. Science 2013, 339, 1546–1558. [Google Scholar] [CrossRef] [PubMed]

	



Telser, A. Molecular Biology of the Cell, 4th ed.; Garland Science: New York, NY, USA, 2002; Volume 18, p. 289. [Google Scholar] [CrossRef]

	



Chandrashekar, P.; Ahmadinejad, N.; Wang, J.; Sekulic, A.; Egan, J.B.; Asmann, Y.W.; Kumar, S.; Maley, C.; Liu, L. Somatic selection distinguishes oncogenes and tumor suppressor genes. Bioinformatics 2020, 36, 1712–1717. [Google Scholar] [CrossRef]

	



Lyu, J.; Li, J.J.; Su, J.; Peng, F.; Chen, Y.E.; Ge, X.; Li, W. DORGE: Discovery of Oncogenes and tumoR suppressor genes using Genetic and Epigenetic features. Sci. Adv. 2020, 6, eaba6784. [Google Scholar] [CrossRef]

	



Pavel, A.B.; Vasile, C.I. Identifying cancer type specific oncogenes and tumor suppressors using limited size data. J. Bioinform. Comput. Biol. 2016, 14, 1650031:1–1650031:16. [Google Scholar] [CrossRef]

	



Forbes, S.A.; Beare, D.; Boutselakis, H.; Bamford, S.; Bindal, N.; Tate, J.G.; Cole, C.; Ward, S.; Dawson, E.; Ponting, L.; et al. COSMIC: Somatic cancer genetics at high-resolution. Nucleic Acids Res. 2017, 45, D777–D783. [Google Scholar] [CrossRef]

	



Sondka, Z.; Bamford, S.; Cole, C.G.; Ward, S.A.; Dunham, I.; Forbes, S.A. The COSMIC Cancer Gene Census: Describing genetic dysfunction across all human cancers. Nat. Rev. Cancer 2018, 18, 696–705. [Google Scholar] [CrossRef] [PubMed]

	



Tate, J.G.; Bamford, S.; Jubb, H.; Sondka, Z.; Beare, D.; Bindal, N.; Boutselakis, H.; Cole, C.; Creatore, C.; Dawson, E.; et al. COSMIC: The Catalogue Of Somatic Mutations In Cancer. Nucleic Acids Res. 2019, 47, D941–D947. [Google Scholar] [CrossRef] [PubMed]

	



Kumar-Sinha, C.; Chinnaiyan, A.M. Precision oncology in the age of integrative genomics. Nat. Biotechnol. 2018, 36, 46–60. [Google Scholar] [CrossRef]

	



Duffy, M.J.; Crown, J. Drugging “undruggable” genes for cancer treatment: Are we making progress? Int. J. Cancer 2021, 148, 8–17. [Google Scholar] [CrossRef] [PubMed]

	



Cox, A.D.; Fesik, S.W.; Kimmelman, A.C.; Luo, J.; Der, C.J. Drugging the undruggable RAS: Mission Possible? Nat. Rev. Drug Discov. 2014, 13, 828–851. [Google Scholar] [CrossRef]

	



Beroukhim, R.; Mermel, C.H.; Porter, D.; Wei, G.; Raychaudhuri, S.; Donovan, J.; Barretina, J.; Boehm, J.S.; Dobson, J.; Urashima, M.; et al. The landscape of somatic copy-number alteration across human cancers. Nature 2010, 463, 899–905. [Google Scholar] [CrossRef]

	



Priestley, P.; Baber, J.; Lolkema, M.P.; Steeghs, N.; de Bruijn, E.; Shale, C.; Duyvesteyn, K.; Haidari, S.; van Hoeck, A.; Onstenk, W.; et al. Pan-cancer whole-genome analyses of metastatic solid tumours. Nature 2019, 575, 210–216. [Google Scholar] [CrossRef] [PubMed]

	



Leroy, B.; Anderson, M.; Soussi, T. TP53 Mutations in Human Cancer: Database Reassessment and Prospects for the Next Decade. Hum. Mutat. 2014, 35, 672–688. [Google Scholar] [CrossRef] [PubMed]

	



Coleman, N.; Rodon, J. Taking Aim at the Undruggable. Am. Soc. Clin. Oncol. 2021, 41, e145–e152. [Google Scholar] [CrossRef] [PubMed]

	



Gagliardi, M.; Ashizawa, A.T. The Challenges and Strategies of Antisense Oligonucleotide Drug Delivery. Biomedicines 2021, 9, 433. [Google Scholar] [CrossRef] [PubMed]

	



Roberts, T.C.; Langer, R.; Wood, M.J.A. Advances in oligonucleotide drug delivery. Nat. Rev. Drug Discov. 2020, 19, 673–694. [Google Scholar] [CrossRef] [PubMed]

	



Setten, R.L.; Rossi, J.J.; Han, S.p. The current state and future directions of RNAi-based therapeutics. Nat. Rev. Drug Discov. 2019, 18, 421–446. [Google Scholar] [CrossRef]

	



Xiong, H.; Veedu, R.N.; Diermeier, S.D. Recent Advances in Oligonucleotide Therapeutics in Oncology. Int. J. Mol. Sci. 2021, 22, 3295. [Google Scholar] [CrossRef]

	



Havens, M.A.; Hastings, M.L. Splice-switching antisense oligonucleotides as therapeutic drugs. Nucleic Acids Res. 2016, 44, 6549–6563. [Google Scholar] [CrossRef]

	



Will, C.L.; Luhrmann, R. Spliceosome Structure and Function. Cold Spring Harb. Perspect. Biol. 2011, 3, a003707. [Google Scholar] [CrossRef]

	



Scotti, M.M.; Swanson, M.S. RNA mis-splicing in disease. Nat. Rev. Genet 2016, 17, 19–32. [Google Scholar] [CrossRef] [PubMed]

	



Aartsma-Rus, A.; van Ommen, G.J.B. Antisense-mediated exon skipping: A versatile tool with therapeutic and research applications. RNA 2007, 13, 1609–1624. [Google Scholar] [CrossRef] [PubMed]

	



Leoni, G.; Le Pera, L.; Ferrè, F.; Raimondo, D.; Tramontano, A. Coding potential of the products of alternative splicing in human. Genome Biol. 2011, 12, R9. [Google Scholar] [CrossRef] [PubMed]

	



Shimo, T.; Maruyama, R.; Yokota, T. Designing Effective Antisense Oligonucleotides for Exon Skipping; Springer: Berlin/Heidelberg, Germany, 2018. [Google Scholar] [CrossRef]

	



Kim, Y. Drug Discovery Perspectives of Antisense Oligonucleotides. Biomol. Ther. 2023, 31, 241–252. [Google Scholar] [CrossRef]

	



Lim, K.R.Q.; Maruyama, R.; Yokota, T. Eteplirsen in the treatment of Duchenne muscular dystrophy. Drug Des. Dev. Ther. 2017, 11, 533–545. [Google Scholar]

	



Roshmi, R.R.; Yokota, T. Viltolarsen for the treatment of Duchenne muscular dystrophy. Drugs Today 2019, 55, 627. [Google Scholar] [CrossRef]

	



Anwar, S.; Yokota, T. Golodirsen for Duchenne muscular dystrophy. Drugs Today 2020, 56, 491. [Google Scholar] [CrossRef]

	



Shirley, M. Casimersen: First Approval. Drugs 2021, 81, 875–879. [Google Scholar] [CrossRef] [PubMed]

	



Carter, J.C.; Sheehan, D.W.; Prochoroff, A.; Birnkrant, D.J. Muscular Dystrophies. Clin. Chest Med. 2018, 39, 377–389. [Google Scholar] [CrossRef] [PubMed]

	



Bladen, C.L.; Salgado, D.; Monges, S.; Foncuberta, M.E.; Kekou, K.; Kosma, K.; Dawkins, H.; Lamont, L.; Roy, A.J.; Chamova, T.; et al. The TREAT-NMD DMD Global Database: Analysis of More than 7000 Duchenne Muscular Dystrophy Mutations. Hum. Mutat. 2015, 36, 395–402. [Google Scholar] [CrossRef] [PubMed]

	



Koenig, M.; Hoffman, E.P.; Bertelson, C.J.; Monaco, A.P.; Feener, C.; Kunkel, L.M. Complete cloning of the duchenne muscular dystrophy (DMD) cDNA and preliminary genomic organization of the DMD gene in normal and affected individuals. Cell 1987, 50, 509–517. [Google Scholar] [CrossRef]

	



Aartsma-Rus, A.; Deutekom, J.C.T.V.; Fokkema, I.F.; Ommen, G.J.B.V.; Dunnen, J.T.D. Entries in the Leiden Duchenne muscular dystrophy mutation database: An overview of mutation types and paradoxical cases that confirm the reading-frame rule. Muscle Nerve 2006, 34, 135–144. [Google Scholar] [CrossRef] [PubMed]

	



Sun, C.; Shen, L.; Zhang, Z.; Xie, X. Therapeutic Strategies for Duchenne Muscular Dystrophy: An Update. Genes 2020, 11, 837. [Google Scholar] [CrossRef] [PubMed]

	



Monaco, A.P.; Bertelson, C.J.; Liechti-Gallati, S.; Moser, H.; Kunkel, L.M. An explanation for the phenotypic differences between patients bearing partial deletions of the DMD locus. Genomics 1988, 2, 90–95. [Google Scholar] [CrossRef]

	



M, M. Antisense Oligonucleotide-Mediated Exon-skipping Therapies: Precision Medicine Spreading from Duchenne Muscular Dystrophy. JMA J. 2021, 4, 232–240. [Google Scholar] [CrossRef]

	



Echevarría, L.; Aupy, P.; Goyenvalle, A. Exon-skipping advances for Duchenne muscular dystrophy. Hum. Mol. Genet 2018, 27, R163–R172. [Google Scholar] [CrossRef] [PubMed]

	



Li, L.; Hobson, L.; Perry, L.; Clark, B.; Heavey, S.; Haider, A.; Sridhar, A.; Shaw, G.; Kelly, J.; Freeman, A.; et al. Targeting the ERG oncogene with splice-switching oligonucleotides as a novel therapeutic strategy in prostate cancer. Br. J. Cancer 2020, 123, 1024–1032. [Google Scholar] [CrossRef]

	



Ma, W.K.; Voss, D.M.; Scharner, J.; Costa, A.S.H.; Lin, K.T.; Jeon, H.Y.; Wilkinson, J.E.; Jackson, M.; Rigo, F.; Bennett, C.F.; et al. ASO-Based PKM Splice-Switching Therapy Inhibits Hepatocellular Carcinoma Growth. Cancer Res. 2022, 82, 900–915. [Google Scholar] [CrossRef]

	



Scharnhorst, V.; van der Eb, A.J.; Jochemsen, A.G. WT1 proteins: Functions in growth and differentiation. Gene 2001, 273, 141–161. [Google Scholar] [CrossRef] [PubMed]

	



Renshaw, J.; Orr, R.M.; Walton, M.I.; te Poele, R.; Williams, R.D.; Wancewicz, E.V.; Monia, B.P.; Workman, P.; Pritchard-Jones, K. Disruption of WT1 gene expression and exon 5 splicing following cytotoxic drug treatment: Antisense down-regulation of exon 5 alters target gene expression and inhibits cell survival. Mol. Cancer Ther. 2004, 3, 1467–1484. [Google Scholar] [CrossRef]

	



Kibbe, W.A. OligoCalc: An online oligonucleotide properties calculator. Nucleic Acids Res. 2007, 35, 43–46. [Google Scholar] [CrossRef]

	



Lorenz, R.; Bernhart, S.H.; zu Siederdissen, C.H.; Tafer, H.; Flamm, C.; Stadler, P.F.; Hofacker, I.L. ViennaRNA Package 2.0. Algorithms Mol. Biol. 2011, 6, 26. [Google Scholar] [CrossRef] [PubMed]

	



Reuter, J.S.; Mathews, D.H. RNAstructure: Software for RNA secondary structure prediction and analysis. BMC Bioinform. 2010, 11, 129. [Google Scholar] [CrossRef] [PubMed]

	



Piva, F.; Giulietti, M.; Burini, A.B.; Principato, G. SpliceAid 2: A database of human splicing factors expression data and RNA target motifs. Hum. Mutat. 2012, 33, 81–85. [Google Scholar] [CrossRef] [PubMed]

	



Sciabola, S.; Xi, H.; Cruz, D.; Cao, Q.; Lawrence, C.; Zhang, T.; Rotstein, S.; Hughes, J.D.; Caffrey, D.R.; Stanton, R.V. PFRED: A computational platform for siRNA and antisense oligonucleotides design. PLoS ONE 2021, 16, e0238753. [Google Scholar] [CrossRef]

	



Chiba, S.; Lim, K.; Sheri, N.; Anwar, S.; Erkut, E.; Shah, M.; Aslesh, T.; Woo, S.; Sheikh, O.; Maruyama, R.; et al. eSkip-Finder: A machine learning-based web application and database to identify the optimal sequences of antisense oligonucleotides for exon skipping. Nucleic Acids Res. 2021, 49, W193–W198. [Google Scholar] [CrossRef] [PubMed]

	



Morcos, P.A. Achieving targeted and quantifiable alteration of mRNA splicing with Morpholino oligos. Biochem. Biophys. Res. Commun. 2007, 358, 521–527. [Google Scholar] [CrossRef]

	



Moulton, J.D.; Yan, Y. Using Morpholinos to Control Gene Expression. Curr. Protoc. Mol. Biol. 2008, 83, 26.8.1–26.8.29. [Google Scholar] [CrossRef]

	



Frankish, A.; Diekhans, M.; Jungreis, I.; Lagarde, J.; Loveland, J.E.; Mudge, J.M.; Sisu, C.; Wright, J.C.; Armstrong, J.; Barnes, I.; et al. GENCODE 2021. Nucleic Acids Res. 2021, 49, D916–D923. [Google Scholar] [CrossRef]

	



Hug, N.; Longman, D.; Cáceres, J.F. Mechanism and regulation of the nonsense-mediated decay pathway. Nucleic Acids Res. 2016, 44, 1483–1495. [Google Scholar] [CrossRef] [PubMed]

	



Le Pera, L.; Marcatili, P.; Tramontano, A. PICMI: Mapping point mutations on genomes. Bioinformatics 2010, 26, 2904–2905. [Google Scholar] [CrossRef] [PubMed]

	



Futreal, P.A.; Coin, L.; Marshall, M.; Down, T.; Hubbard, T.; Wooster, R.; Rahman, N.; Stratton, M.R. A census of human cancer genes. Nat. Rev. Cancer 2004, 4, 177–183. [Google Scholar] [CrossRef]

	



Tokheim, C.J.; Papadopoulos, N.; Kinzler, K.W.; Vogelstein, B.; Karchin, R. Evaluating the evaluation of cancer driver genes. Proc. Natl. Acad. Sci. USA 2016, 113, 14330–14335. [Google Scholar] [CrossRef]

	



Mann, C.J.; Honeyman, K.; McClorey, G.; Fletcher, S.; Wilton, S.D. Improved antisense oligonucleotide induced exon skipping in themdx mouse model of muscular dystrophy. J. Gene Med. 2002, 4, 644–654. [Google Scholar] [CrossRef] [PubMed]

	



Randic, T.; Kozar, I.; Margue, C.; Utikal, J.; Kreis, S. NRAS mutant melanoma: Towards better therapies. Cancer Treat. Rev. 2021, 99, 102238. [Google Scholar] [CrossRef] [PubMed]

	



Qian, L.; Chen, K.; Wang, C.; Chen, Z.; Meng, Z.; Wang, P. Targeting NRAS-Mutant Cancers with the Selective STK19 Kinase Inhibitor Chelidonine. Clin. Cancer Res. 2020, 26, 3408–3419. [Google Scholar] [CrossRef] [PubMed]

	



Gossage, L.; Eisen, T.; Maher, E.R. VHL, the story of a tumour suppressor gene. Nat. Rev. Cancer 2015, 15, 55–64. [Google Scholar] [CrossRef] [PubMed]

	



Takamori, H.; Yamasaki, T.; Kitadai, R.; Minamishima, Y.A.; Nakamura, E. Development of drugs targeting hypoxia-inducible factor against tumor cells with VHL mutation: Story of 127 years. Cancer Sci. 2023, 114, 1208–1217. [Google Scholar] [CrossRef] [PubMed]

	



Zaman, A.; Wu, W.; Bivona, T.G. Targeting Oncogenic BRAF: Past, Present, and Future. Cancers 2019, 11, 1197. [Google Scholar] [CrossRef] [PubMed]

	



Hassin, O.; Oren, M. Drugging p53 in cancer: One protein, many targets. Nat. Rev. Drug Discov. 2023, 22, 127–144. [Google Scholar] [CrossRef]

	



Kahraman, A.; Karakulak, T.; Szklarczyk, D.; von Mering, C. Pathogenic impact of transcript isoform switching in 1209 cancer samples covering 27 cancer types using an isoform-specific interaction network. Sci. Rep. 2020, 10, 14453. [Google Scholar] [CrossRef] [PubMed]

	



Zhuhong, H.; Zhenyu, B.; Xiangyuan, C.; Tingzhen, X.; Libin, S. Genome-wide isoform-level analysis reveals tumor-specific isoforms for lung adenocarcinoma diagnosis and prognosis. Cancer Genet 2019, 230, 58–65. [Google Scholar] [CrossRef] [PubMed]

	



Barrett, C.L.; DeBoever, C.; Jepsen, K.; Saenz, C.C.; Carson, D.A.; Frazer, K.A. Systematic transcriptome analysis reveals tumor-specific isoforms for ovarian cancer diagnosis and therapy. Proc. Natl. Acad. Sci. USA 2015, 112, E3050–E3057. [Google Scholar] [CrossRef]

	



Sterne-Weiler, T.; Howard, J.; Mort, M.; Cooper, D.N.; Sanford, J.R. Loss of exon identity is a common mechanism of human inherited disease. Genome Res. 2011, 21, 1563–1571. [Google Scholar] [CrossRef] [PubMed]

	



Garcia-Consuegra, I.; Rubio, J.C.; Nogales-Gadea, G.; Bautista, J.; Jimenez, S.; Cabello, A.; Lucia, A.; Andreu, A.L.; Arenas, J.; Martin, M.A. Novel mutations in patients with McArdle disease by analysis of skeletal muscle mRNA. J. Med. Genet 2009, 46, 198–202. [Google Scholar] [CrossRef]

	



Shiraishi, Y.; Okada, A.; Chiba, K.; Kawachi, A.; Omori, I.; Mateos, R.N.; Iida, N.; Yamauchi, H.; Kosaki, K.; Yoshimi, A. Systematic identification of intron retention associated variants from massive publicly available transcriptome sequencing data. Nat. Commun. 2022, 13, 5357. [Google Scholar] [CrossRef] [PubMed]

	



Dawes, R.; Bournazos, A.M.; Bryen, S.J.; Bommireddipalli, S.; Marchant, R.G.; Joshi, H.; Cooper, S.T. SpliceVault predicts the precise nature of variant-associated mis-splicing. Nat. Genet. 2023, 55, 324–332. [Google Scholar] [CrossRef] [PubMed]

	



Desmet, F.O.; Hamroun, D.; Lalande, M.; Collod-Béroud, G.; Claustres, M.; Béroud, C. Human Splicing Finder: An online bioinformatics tool to predict splicing signals. Nucleic Acids Res. 2009, 37, e67. [Google Scholar] [CrossRef]

	



Nelson, K.K.; Green, M.R. Mechanism for cryptic splice site activation during pre-mRNA splicing. Proc. Natl. Acad. Sci. USA 1990, 87, 6253–6257. [Google Scholar] [CrossRef]

	



Alimonti, A.; Carracedo, A.; Clohessy, J.G.; Trotman, L.C.; Nardella, C.; Egia, A.; Salmena, L.; Sampieri, K.; Haveman, W.J.; Brogi, E.; et al. Subtle variations in Pten dose determine cancer susceptibility. Nat. Genet 2010, 42, 454–458. [Google Scholar] [CrossRef] [PubMed]

	



Roberts, T.C.; Wood, M.J.A.; Davies, K.E. Therapeutic approaches for Duchenne muscular dystrophy. Nat. Rev. Drug Discov. 2023. [Google Scholar] [CrossRef] [PubMed]

	



Dowdy, S.F. Overcoming cellular barriers for RNA therapeutics. Nat. Biotechnol. 2017, 35, 222–229. [Google Scholar] [CrossRef] [PubMed]

	



Prakash, T.P.; Mullick, A.E.; Lee, R.G.; Yu, J.; Yeh, S.T.; Low, A.; Chappell, A.E.; Østergaard, M.E.; Murray, S.; Gaus, H.J.; et al. Fatty acid conjugation enhances potency of antisense oligonucleotides in muscle. Nucleic Acids Res. 2019, 47, 6029–6044. [Google Scholar] [CrossRef]

	



Shadid, M.; Badawi, M.; Abulrob, A. Antisense oligonucleotides: Absorption, distribution, metabolism, and excretion. Expert Opin. Drug Metab. Toxicol. 2021, 17, 1281–1292. [Google Scholar] [CrossRef] [PubMed]

	



Lindeboom, R.G.H.; Vermeulen, M.; Lehner, B.; Supek, F. The impact of nonsense-mediated mRNA decay on genetic disease, gene editing and cancer immunotherapy. Nat. Genet. 2019, 51, 1645–1651. [Google Scholar] [CrossRef]

	



Nagy, E.; Maquat, L.E. A rule for termination-codon position within intron-containing genes: When nonsense affects RNA abundance. Trends Biochem. Sci. 1998, 23, 198–199. [Google Scholar] [CrossRef]

	



Carrier, L.; Schlossarek, S.; Willis, M.S.; Eschenhagen, T. The ubiquitin-proteasome system and nonsense-mediated mRNA decay in hypertrophic cardiomyopathy. Cardiovasc. Res. 2010, 85, 330–338. [Google Scholar] [CrossRef] [PubMed]

	



Zhang, J.; Sun, X.; Qian, Y.; LaDuca, J.P.; Maquat, L.E. At Least One Intron Is Required for the Nonsense-Mediated Decay of Triosephosphate Isomerase mRNA: A Possible Link between Nuclear Splicing and Cytoplasmic Translation. Mol. Cell. Biol. 1998, 18, 5272–5283. [Google Scholar] [CrossRef] [PubMed]

	



Nickless, A.; Bailis, J.M.; You, Z. Control of gene expression through the nonsense-mediated RNA decay pathway. Cell Biosci. 2017, 7, 26. [Google Scholar] [CrossRef] [PubMed]

	



Coban-Akdemir, Z.; White, J.J.; Song, X.; Jhangiani, S.N.; Fatih, J.M.; Gambin, T.; Bayram, Y.; Chinn, I.K.; Karaca, E.; Punetha, J.; et al. Identifying Genes Whose Mutant Transcripts Cause Dominant Disease Traits by Potential Gain-of-Function Alleles. Am. J. Hum. Genet. 2018, 103, 171–187. [Google Scholar] [CrossRef]

	



Hsu, M.K.; Lin, H.Y.; Chen, F.C. NMD Classifier: A reliable and systematic classification tool for nonsense-mediated decay events. PLoS ONE 2017, 12, e0174798. [Google Scholar] [CrossRef]

	



Popp, M.W.; Maquat, L.E. Leveraging Rules of Nonsense-Mediated mRNA Decay for Genome Engineering and Personalized Medicine. Cell 2016, 165, 1319–1322. [Google Scholar] [CrossRef] [PubMed]

	



Supek, F.; Lehner, B.; Lindeboom, R.G.H. To NMD or Not To NMD: Nonsense-Mediated mRNA Decay in Cancer and Other Genetic Diseases. Trends Genet 2021, 37, 657–668. [Google Scholar] [CrossRef] [PubMed]

	



Tan, K.; Stupack, D.G.; Wilkinson, M.F. Nonsense-mediated RNA decay: An emerging modulator of malignancy. Nat. Rev. Cancer 2022, 22, 437–451. [Google Scholar] [CrossRef] [PubMed]

	



Piva, F.; Giulietti, M.; Nocchi, L.; Principato, G. SpliceAid: A database of experimental RNA target motifs bound by splicing proteins in humans. Bioinformatics 2009, 25, 1211–1213. [Google Scholar] [CrossRef]

	



Breslauer, K.J.; Frank, R.; Blöcker, H.; Marky, L.A. Predicting DNA duplex stability from the base sequence. Proc. Natl. Acad. Sci. USA 1986, 83, 3746–3750. [Google Scholar] [CrossRef] [PubMed]

	



Sugimoto, N.; Nakano, S.i.; Yoneyama, M.; Honda, K.i. Improved Thermodynamic Parameters and Helix Initiation Factor to Predict Stability of DNA Duplexes. Nucleic Acids Res. 1996, 24, 4501–4505. [Google Scholar] [CrossRef] [PubMed]

	



Xia, T.; SantaLucia, J.; Burkard, M.E.; Kierzek, R.; Schroeder, S.J.; Jiao, X.; Cox, C.; Turner, D.H. Thermodynamic Parameters for an Expanded Nearest-Neighbor Model for Formation of RNA Duplexes with Watson−Crick Base Pairs. Biochemistry 1998, 37, 14719–14735. [Google Scholar] [CrossRef] [PubMed]

	



Langmead, B.; Trapnell, C.; Pop, M.; Salzberg, S.L. Ultrafast and memory-efficient alignment of short DNA sequences to the human genome. Genome Biol. 2009, 10, R25. [Google Scholar] [CrossRef] [PubMed]








[image: Ijms 24 14862 g001] 





Figure 1. Computational procedure flowchart. The procedure begins with a gene of interest and proceeds as follows: (A) The gene is classified as either an oncogene or a tumor suppressor by analyzing its mutational profile obtained from the COSMIC database. (B) All annotated transcripts of the gene are collected from the GENCODE database. Candidate exons that could undergo skipping are selected, and the corresponding ES events are classified as either in-frame or out-of-frame. For out-of-frame transcripts, the potential degradation through NMD is predicted. (C) Among exons that could undergo skipping, the procedure identifies exons that are more frequently mutated in cancer patients based on data from the COSMIC database. (D) Candidate ASOs are designed and evaluated. These sequences are differentiated based on whether they overlap splice junctions or bind to ESEs within the exons. Abbreviations: ASO = antisense oligonucleotide, CDS = coding DNA sequence, ESE = exonic splicing enhancers, NMD = Nonsense-Mediated Decay. 
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Figure 2. Schematic representation of the ASO design approaches. The procedure involves designing ASO sequences for a target exon using two distinct approaches. The first approach (indicated by an arrow pointing to the left in the figure) targets the splice-junction sites, including the donor and/or acceptor splice sites. The second approach (indicated by an arrow pointing to the right in the figure) focuses on the ESE regions within the exon. Figure created with Biorender.com. 
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Figure 3. Most frequently mutated genes in cancer patients. Genes from the COSMIC cancer gene census are ranked based on the number of cancer patients with at least one mutation (Y-axis) in the indicated gene (X-axis). The horizontal red line indicates the threshold applied for selecting the top 10% of the most frequently mutated genes. The selected genes (inset, N = 72) are highlighted and listed in columns, arranged in descending order of mutation frequency (from top to bottom and from left to right). The color highlighting in the figure corresponds to computationally predicted cancer gene roles, as indicated in the color legend and described in Section 2.2.1 of the main text. 
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Figure 4. Ranking of genes based on the percentage of exons that meet all the criteria considered favorable for effective ES-based intervention. These criteria include the following: (1) Inclusion of the exon among the ten most frequently mutated exons for the corresponding gene. (2) Ensuring the correct frame is obtained following ES, depending on the predicted cancer role (specifically, an out-of-frame outcome for oncogenes and an in-frame outcome for tumor suppressors). (3) Existence of at least one antisense oligonucleotide (ASO) available for both design strategies, which involve targeting splice sites within the exon or at junctions, while adhering to recommended physicochemical values. 
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Figure 5. Example of a suitable candidate for designing an ES-based therapeutic approach targeting the NRAS oncogene. The figure summarizes pertinent genomic (top panel), sequence (panel A), and mutational (panel B) information concerning the design of an ES-based therapeutic approach targeting a specific exon (Ensembl ID: ENSE00001751295.1) of the NRAS oncogene that our computational procedure identified as a highly suitable candidate. Details are as follows: The top panel shows the annotated NRAS transcript along with the selected exon highlighted with a grey circle. (A) Visualization of 25 nt ASO sequences (represented by orange horizontal lines) designed to target ESE sequences (depicted by green vertical bands) or splice junctions. The objective is to induce the skipping of this particular exon in the mature transcript. The presence of mutations, as annotated in the COSMIC database for cancer patients, is indicated by red dots along the DNA sequence. The uppercase letters represent the exon, while the lowercase letters denote the flanking introns. (B) Mutation occurrences within the NRAS exon sequence. This figure panel displays red dotted vertical bars, indicating the number of patients (on the y-axis, using a logarithmic scale) with mutations at the indicated nucleotides. Abbreviations: ESE = exonic splicing enhancer, ASO = antisense oligonucleotide. 
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Figure 6. Example of a suitable candidate for designing an ES-based therapeutic approach targeting the VHL tumor suppressor. The figure summarizes pertinent genomic (top panel), sequence (panel A), and mutational (panel B) information concerning the design of an ES-based therapeutic approach targeting a specific exon (Ensembl ID: ENSE00003504189.1) of the VHL tumor suppressor that our computational procedure identified as a highly suitable candidate. Details are as follows: The top panel shows the annotated VHL transcripts along with the selected exon highlighted with a grey circle. (A) Visualization of 25 nt ASO sequences (represented by orange horizontal lines) designed to target ESE sequences (depicted by green vertical bands) or splice junctions. The objective is to induce the skipping of this particular exon in the mature transcript. The presence of mutations, as annotated in the COSMIC database for cancer patients, is indicated by red dots along the DNA sequence. The uppercase letters represent the exon, while the lowercase letters denote the flanking introns. (B) Mutation frequencies within the VHL exon sequence. The figure panel displays red dotted vertical bars, indicating the number of patients (on the y-axis, using a logarithmic scale) with mutations at the indicated nucleotides. Abbreviations: ESE = exonic splicing enhancer, ASO = antisense oligonucleotide. 
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Figure 7. Rules to predict the occurrence of Nonsense-Mediated Decay (NMD) based on the position of a premature stop codon (PTC). This figure shows a schematic representation of an mRNA, indicating the positions of translation initiation (START) and termination (STOP) codons that define the main open reading frame. The figure illustrates the application of three rules associated with NMD evasion: the “50–55 nt rule”, the “last-exon rule”, and the “start-proximal rule”. Distinct colors are used to highlight regions where PTCs may be located and the resultant consequences. Specifically, blue shading denotes PTC positions that are more prone to trigger NMD, while red shading indicates positions less likely to elicit NMD. Figure adapted from Carrier et al., 2010 [81]. 
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Table 1. The best candidate ASO sequences designed at the exon 3 splice junctions of the NRAS oncogene. The table provides the ASOs that were specifically designed at the junctions of the selected exon of NRAS (Ensembl stable ID: ENSE00001751295.1, third exon in the NRAS transcript). The listed ASOs, with their corresponding sequences indicated in the table, successfully passed all physicochemical filters. The nomenclature used for the ASOs follows the conventions described by Mann et al., 2002 [58].
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Gene

	
Exon ID

	
ASO ID

	
ASO Sequence






	
NRAS

	
ENSE00001751295.1

	
H3D (13,   − 12  )

	
UGCUCCUAGUACCUGUAGAGGUUAA




	
H3D (12,   − 13  )

	
AUGCUCCUAGUACCUGUAGAGGUUA




	
H3D (11,   − 14  )

	
AAUGCUCCUAGUACCUGUAGAGGUU




	
H3D (10,   − 15  )

	
UAAUGCUCCUAGUACCUGUAGAGGU




	
H3D (9,   − 16  )

	
AUAAUGCUCCUAGUACCUGUAGAGG




	
H3D (8,   − 17  )

	
AAUAAUGCUCCUAGUACCUGUAGAG











 





Table 2. The best candidate ASO sequences designed at the exon 2 splice junctions of the VHL tumor suppressor. The table provides the ASOs that were specifically designed at the junctions of the selected exon of VHL (Ensembl stable ID: ENSE00003504189.1, second exon in the two VHL transcripts). The listed ASOs, with their corresponding sequences indicated in the table, successfully passed all physicochemical filters. The nomenclature used for the ASOs follows the conventions described by Mann et al., 2002 [58].
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Gene

	
Exon ID

	
ASO ID

	
ASO Sequence






	
VHL

	
ENSE00003504189.1

	
H2A (  − 18  , 7)

	
AGGUGACCUAUCGGGACAAGCAAAG




	
H2A (  − 17  , 8)

	
AAGGUGACCUAUCGGGACAAGCAAA




	
H2A (  − 16  , 9)

	
AAAGGUGACCUAUCGGGACAAGCAA




	
H2A (  − 15  , 10)

	
CAAAGGUGACCUAUCGGGACAAGCA




	
H2A (  − 14  , 11)

	
CCAAAGGUGACCUAUCGGGACAAGC




	
H2A (  − 13  , 12)

	
GCCAAAGGUGACCUAUCGGGACAAG




	
H2A (  − 12  , 13)

	
AGCCAAAGGUGACCUAUCGGGACAA




	
H2D (13,   − 12  )

	
AAACGUCAGUACCUGGCAGUGUGAU




	
H2D (12,   − 13 )  

	
AAAACGUCAGUACCUGGCAGUGUGA




	
H2D (11,   − 14  )

	
UAAAACGUCAGUACCUGGCAGUGUG




	
H2D (10,   − 15  )

	
GUAAAACGUCAGUACCUGGCAGUGU




	
H2D (9,   − 16  )

	
AGUAAAACGUCAGUACCUGGCAGUG




	
H2D (8,   − 17  )

	
AAGUAAAACGUCAGUACCUGGCAGU




	
H2D (7,   − 18  )

	
AAAGUAAAACGUCAGUACCUGGCAG











 





Table 3. Top ten mutated exons of the BRAF and TP53 genes. The table specifically focuses on BRAF as an oncogene and TP53 as a tumor suppressor. For each chosen gene, the table includes the top ten mutated exons and indicates whether the transcript frame following targeted exon skipping is in-frame or out-of-frame (flagged “IN”/”OUT” in the table). The last two columns display the number of candidate ASOs, satisfying all the physicochemical parameters threshold criteria and with a unique match in the genome, designed to induce exon skipping. Columns ASO-J and ASO-E refer to ASOs targeting splice junctions and ESEs within the corresponding exon, respectively. Exons that have at least one ASO sequence available for both the ASO-J and ASO-E design strategies and result in the desired frame in the shortened transcript are shaded in gray to indicate their significance.
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Gene

	
Classification

	
Top 10 Mutated Exons

	
IN/OUT Frame

	
ASO-E

	
ASO-J






	
BRAF

	
Oncogene

	
ENSE00003485507.1

	
  OUT

	
  4

	
  5




	
ENSE00003559218.1

	
OUT

	
13

	
4




	
ENSE00003569635.1

	
OUT

	
16

	
0




	
ENSE00003587655.1

	
IN

	
18

	
14




	
ENSE00001035295.1

	
IN

	
34

	
4




	
ENSE00001907699.1

	
OUT

	
3

	
4




	
ENSE00003527888.1

	
IN

	
12

	
7




	
ENSE00003521664.1

	
OUT

	
15

	
12




	
ENSE00003487759.1

	
IN

	
13

	
13




	
ENSE00003687908.1

	
OUT

	
21

	
0




	
TP53

	
Tumor Suppressor

	
ENSE00003518480.1

	
OUT

	
59

	
4




	
ENSE00003725258.1

	
OUT

	
57

	
13




	
ENSE00003712342.1

	
OUT

	
30

	
6




	
ENSE00002048269.1

	
OUT

	
25

	
5




	
ENSE00003723991.1

	
OUT

	
56

	
10




	
ENSE00002073243.1

	
OUT

	
25

	
7




	
ENSE00003625790.1

	
IN

	
97

	
5




	
ENSE00003670707.1

	
IN

	
10

	
3




	
ENSE00003545950.1

	
OUT

	
46

	
5




	
ENSE00003786593.1

	
OUT

	
18

	
7











 





Table 4. Criteria implemented for the in silico classification of genes as oncogenes or tumor suppressors. The table presents the threshold values, corresponding to the indicated types of mutations, employed to categorize a given gene into different groups (namely, oncogene, tumor suppressor, or unclassified) based on available mutation annotations. These threshold values, which are implemented in our computational procedure, are derived from Pavel et al., 2016 [7].
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	ONG Score (   x / total _ mutations    × 100)
	TSG Score (   y / total _ mutations    × 100)
	Classification





	>20%
	<=5%
	Oncogene



	>20%
	>5%
	Tumor suppressor



	<20%
	>20%
	Tumor suppressor



	<20%
	<20%
	Unclassified







x = substitution_missense + deletion_in-frame + insertion_in-frame + complex_deletion_in-frame.y = substitution_non-sense + deletion_frameshift + insertion_frameshift.
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