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DNA- and RNA-binding proteins (DRBPs) typically possess multiple functions to bind both DNA and RNA and regulate gene expression from more than one level. They are controllers for post-transcriptional processes, such as splicing, polyadenylation, transportation, translation, and degradation of RNA transcripts in eukaryotic organisms, as well as regulators on the transcriptional level. Although DRBPs are reported to play critical roles in various developmental processes and diseases, it is still unclear how they work with DNAs and RNAs simultaneously and regulate genes at the transcriptional and post-transcriptional levels. To investigate the functional mechanism of DRBPs, we collected data from a variety of databases and literature and identified 118 DRBPs, which function as both transcription factors (TFs) and splicing factors (SFs), thus called DRBP-SF. Extensive investigations were conducted on four DRBP-SFs that were highly expressed in chronic myeloid leukemia (CML), heterogeneous nuclear ribonucleoprotein K (HNRNPK), heterogeneous nuclear ribonucleoprotein L (HNRNPL), non-POU domain–containing octamer–binding protein (NONO), and TAR DNA-binding protein 43 (TARDBP). By integrating and analyzing ChIP-seq, CLIP-seq, RNA-seq, and shRNA-seq data in K562 using binding and expression target analysis and Statistical Utility for RBP Functions, we discovered a two-layer regulatory network system centered on these four DRBP-SFs and proposed three possible regulatory models where DRBP-SFs can connect transcriptional and alternative splicing regulatory networks cooperatively in CML. The exploration of the identified DRBP-SFs provides new ideas for studying DRBP and regulatory networks, holding promise for further mechanistic discoveries of the two-layer gene regulatory system that may play critical roles in the occurrence and development of CML.
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INTRODUCTION
Nucleic acid–binding proteins (NBPs), including DNA-binding proteins (DBPs) and RNA-binding proteins (RBPs), can regulate genes by interacting with DNAs or RNAs. DBPs and RBPs were considered to be functionally distinctive and were studied independently. However, this is an outdated concept as there is an increasing number of evidence suggesting that there are no well-defined differences between DBPs and RBPs, whereas many proteins are capable of interacting with both nucleic acids. These proteins are called DNA- and RNA-binding proteins (DRBPs) (Hudson and Ortlund 2014; Leung et al., 2019). DRBPs typically possess multiple functions and regulate gene expression from more than one level. They are capable of controlling post-transcriptional processes, such as splicing, polyadenylation, capping, modification, export, localization, translation, turnover, and degradation of RNA transcripts in eukaryotic organisms, as well as transcriptional regulation (Shi et al., 2007; Glisovic et al., 2008; Poon and Chen 2008).
However, the identification of DRBPs is challenging for a few reasons: 1) not a single experimental technique is available for directly identifying DRBPs (Zheng et al., 2016), 2) current databases do not contain information on high-confidence DRBPs (Yan and Kurgan 2017), 3) DRBPs cannot be perfectly predicted from domain structures (Yan et al., 2016), 4) the existing literature are highly heterogeneous concerning DRBPs (Yan and Kurgan 2017), and finally, 5) the electronic annotations for DRBPs are nonuniform (Zhang J. et al., 2020). It is fortunate that the experimental methods to identify DBPs and RBPs globally are available. For example, chromatin immunoprecipitation with high-throughput sequencing (ChIP-seq) is a widely used approach to reveal protein–DNA interactions in vivo (Schmidt et al., 2009). Ultraviolet crosslinking and immunoprecipitation coupled with next-generation sequencing (CLIP-seq) is the most important means for determining the binding sites of RBPs on a transcriptome-wide level (Uhl et al., 2017). The strategies we adopted here are cross-comparison of the public DBP and RBP datasets and identification of the intersected members, such as DRBPs.
Several popular high-quality DBP and RBP databases are available online and extensively used. For example, CIS-BP is an online library of transcription factors (TFs) and their DNA-binding motifs (Weirauch et al., 2014). AnimalTFDB provides resources with the most comprehensive and accurate information on animal TFs and cofactors (Hu et al., 2019). “The Human Transcription Factors” contains the official list of human TFs that were manually examined by a panel of experts based on available data (Lambert et al., 2018). RBPbase (https://rbpbase.shiny.embl.de/) integrates datasets from high-throughput RNA–binding protein (RBP) detection studies. RNA-binding proteins database (RBPDB) (Cook et al., 2011) is a database focusing on the collection of experimentally validated RBPs and RNA-binding domains. CISBP-RNA (Ray et al., 2013) and ATtRACT (Giudice et al., 2016) are also online libraries of RBPs. DRNApred, a server that provides prediction of DNA- and RNA-binding residues, provides annotated DRBP datasets (Yan and Kurgan 2017).
Although DRBPs are reported to play critical roles in various developmental processes and diseases, it is still unclear how they work with DNAs and RNAs simultaneously and regulate genes at both transcriptional and post-transcriptional levels. To tackle this question, we collected data from a variety of databases and literature mentioned above and identified DRBPs as well as investigated the functional mechanism of DRBPs (Figure 1). Functional enrichment analysis revealed that DRBPs are enriched with splicing factors (SFs), suggesting that proteins called DRBP-SFs can link transcriptional and alternative splicing (AS) regulatory networks together. Previous studies have paid attention to the regulatory network of TFs and SFs at a single regulatory level (Qin et al., 2011; Ule and Blencowe 2019; Takaku et al., 2020). However, the occurrence and development of cancer often result from the dysregulation of multiple layers of gene regulatory networks. For instance, disturbance of a controlled epithelial balance during cancer progression is triggered by altering several layers of gene regulation, including transcriptional and translational machinery, expression of noncoding RNAs, AS, and protein stability (De Craene and Berx 2013). Comprehensive knowledge of factors that regulate these networks is lacking. Therefore, it is necessary to investigate the underlying regulatory mechanism by constructing multilayer networks from the unique perspective of the multifunctionality of DRBP-SFs. Binding and expression target analysis (BETA) is a software package that integrates ChIP-seq or chromatin regulators with differential expression data to infer direct target genes of TFs (Wang et al., 2013). SURF, Statistical Utility for RBP Functions, is a new integrative framework for the analysis of large-scale CLIP-seq and coupled RNA-seq data from ENCODE consortium data (Chen and Keles 2020). By integrating and analyzing the ChIP-seq, CLIP-seq, RNA-seq, and shRNA-seq data of K562 using BETA and SURF, we constructed a two-layer regulatory network system associated with DRBP-SFs in chronic myeloid leukemia (CML). Based on the two-layer network, we proposed three regulatory modes of how DRBP-SFs connect transcriptional and AS regulatory networks cooperatively. Emerging solid evidence showed that TFs and SFs rarely function alone, in general, and they all need to cooperate with other factors (Feng et al., 2020). Hence, it is worth probing which factors they cooperate with and whether there is a regulatory relationship between these cooperative partners. Our proposed models II and III may provide some evidence. This study provided a novel DRBP multitasking paradigm with supporting evidence, where DRBPs were demonstrated to co-regulate DNA and RNA in conjunction.
[image: Figure 1]FIGURE 1 | Overview of this study. We collected DRBPs from high-throughput, dedicated database, and annotation data. Then, the intersection of DRBP and splicing factor lists are defined as DRBP-SFs. To investigate the functions of DRBP-SFs, we carried out differential expression analysis, functional enrichment analysis and network construction for HNRNPK, HNRNPL, NONO and TARDBP in chronic myeloid leukemia. At last, we verified the model by text mining.
MATERIALS AND METHODS
Search Strategy for DNA- and RNA-Binding Protein and DNA- and RNA-Binding Protein Reliability Ranking
As of September 2021, we collected 995 DRBPs (Supplementary Table S1) from three sources: 1) high-throughput data, 2) dedicated database data, and 3) annotation data (Table 1). NBPs documented as DBPs as well as RBPs from various sources were identified as DRBPs here. The reliability of DRBP collected from different sources is ranked from high to low as follows: DRBPs with high-throughput nucleic acid–binding data, DRBPs from databases or literatures with experimental data support, DRBPs annotated as DBP and RBP, and proteins predicted as DBP and RBP. In general, the accuracy of DBP or RBP assertions would be higher if the evidence were derived from experiments. The credibility of the protein was evaluated from two aspects, which are the evidence of DNA binding and RNA binding. The aspect with lower credibility was regarded as the credibility of the protein (Table 1).
TABLE 1 | Data sources for DBPs and RBPs.
[image: Table 1]Identification of Splicing Factors in the DNA- and RNA-Binding Protein Set
We collected a total of 545 SFs (Supplementary Table S1) from the following two sources: 1) databases: a. 71 SFs listed in the human SF database SpliceAid-F (Giulietti et al., 2013), b. 323 genes annotated as splicing-related genes in the protein database UniProt (Bateman, et al., 2019); 2) literatures: a total of 479 SFs that have been confirmed by literatures or experiments compiled by other researchers (Sebestyen et al., 2016; Seiler et al., 2018; Zhang D. et al., 2020). The SF and DRBP datasets were cross-compared, and a total of 118 proteins were found to be shared by both datasets. We named them DRBP-SFs here (Supplementary Table S1).
Bioinformatics Analysis on DNA- and RNA-Binding Proteins
Gene Ontology (GO) annotation enrichment test was used to explore the functional roles of DRBPs in terms of biological process (BP), cellular component (CC), and molecular function (MF). Kyoto Encyclopedia of Genes and Genomes (KEGG) analysis was conducted to search metabolic pathways that DRBPs involved. GO and KEGG analyses were performed using the R package clusterProfiler v4.2.1 (Wu et al., 2021). GO terms and KEGG pathways with p-value < 0.01 were considered significantly enriched with DRBPs. Venn diagram was plotted to show the number of overlapping genes using the jvenn tool (Bardou et al., 2014).
Analysis on Gene Expression Differences Between Chronic Myeloid Leukemia Cells and Whole Blood Normal Cells
RNA-seq data of 70 CML and 337 whole blood normal samples were downloaded from GTEx via UCSC Xena (Goldman et al., 2020). Quantile normalization and estimation of mean–variance relationships for log counts were performed using the voom method (Law et al., 2014). Linear model fitting, empirical Bayesian analysis, and differential expression analysis were then performed using limma v3.50.0 (Ritchie et al., 2015). Genes were considered differentially expressed if the absolute value of log 2-fold change was >1 with the adjusted p-value < 0.01. We used GEPIA (Gene Expression Profiling Interactive Analysis) to analyze gene correlation for differentially expressed genes and performed principal component analysis dimensionality reduction on two datasets called “Cells-Leukemia cell line (CML)” and “Whole Blood” (Tang et al., 2017).
DNA- and RNA-Binding Protein Transcriptional and Splicing Regulatory Network Construction
BETA combined the information of binding site and differential expression to score the regulatory potential of each target gene and infer the target genes. To construct transcription network the ChIP-seq data of four DRBP-SFs in K562 cell line was downloaded from ENCODE database. The four DRBP-SFs are heterogeneous nuclear ribonucleoprotein K (HNRNPK), heterogeneous nuclear ribonucleoprotein L (HNRNPL), non-POU domain-containing octamer-binding protein (NONO), and TAR DNA-binding protein 43 (TARDBP). And the IDs of their ChIP-seq data are ENCFF505RNR, ENCFF854WAP, NCFF211TTD and ENCFF564QOL, respectively. The information of differential expression was the CML differential expression files obtained in the previous step. The four ChIP-seq data were successively input into BETA V1.0.7, and the target genes of each DRBP-SF were inferred in combination with the differential expression data. We used the default parameters, except that the threshold of the Kolmogorov–Smirnov test was set to 0.05.
To have an integral understanding of the specific roles of these four DRBP-SFs in AS, we selected four AS events in the SURF database, exon skipping (ES), alternative 3′ (A3SS) or 5′ (A5SS) splicing, and intron retention (RI) to extract splicing regulatory networks. The results of BETA and SURF were imported into Cytoscape v3.9.0 (Shannon et al., 2003) to visualize the two-layer regulatory networks connecting transcriptional regulation and alternative splicing regulation through DRBP-SFs.
Protein–Protein Interaction Network Analysis and Gene–Disease Association Analysis
To identify co-regulators of DRBP-SF, we searched protein–protein interactions (PPIs) between DRBP-SFs and TFs/SFs in the String database (Szklarczyk et al., 2021). We imported SF regulated by DRBP-SF at the transcriptional level and DRBP-SF itself or TF regulated by DRBP-SF at the splicing level and DRBP itself into the String database, extracted interactions among them with the confidence score >0.7 or 0.4, and generated the PPI network with the meaning of network edges as confidence. Edges between DRBP-SFs and SFs/TFs in PPI networks represent protein–protein associations. To explore the biological significance of the proposed regulatory model, we performed a disease association analysis of the co-regulated genes of the three models of HNRNPK using DisGeNET (Pinero et al., 2020), a knowledge platform for disease genomics.
Heterogeneous Nuclear Ribonucleoprotein K Binding Sequence Motif Scanning
Motif analysis was performed using MEME Suite 5.4.1 (Bailey et al., 2015). For DNA binding, peaks from ChIP-seq data (HNRNPK: ENCSR014RCS) were adjusted to 500 bp in length, followed by DNA sequence extraction using Bedtools getfasta (Quinlan and Hall 2010). MEME-chIP was utilized for motif scanning. The in vitro DNA-binding motif of HNRNPK has not been experimentally validated; thus, the top 3 de novo motifs with the smallest p-value from MEME (Bailey and Elkan 1994) or STREME (Bailey, 2021) were regarded as HNRNPK DNA-binding motifs. They were then subsequently inputted for scanning peak regions with proximity to target genes by find individual motif occurrences (FIMO) (Grant et al., 2011). For transcriptional regulations, peak regions were defined as the “associate_peaks” output by BETA, that is, the peaks within 100 kb from the transcription starting site of each gene. When a HNRNPK motif was found within the peak region of a target gene, the promoter region of this gene is considered to be directly bound by HNRNPK.
For RNA binding, peaks from enhanced CLIP (eCLIP) data (HNRNPK: ENCSR268ETU) were adjusted to 100 bp. Bedtools getfasta was used to convert the peak coordinates into RNA sequence by taking strand information into consideration. Then, MEME-chIP was used for motif discovery. RNA-binding motifs discovered by MEME-chIP were compared with motifs of HNRNPK downloaded from the database CISBP-RNA by Tomtom (Gupta et al., 2007), with a q-value < 0.05. It was regarded as a true direct-binding motif when the in vivo RNA-binding motif derived from eCLIP data matched an in vitro RNA-binding motif from the CISBP-RNA database (Ray et al., 2013). CISBP-RNA is an online library of RBPs and their motifs derived from RNAcompete experimental techniques, so we consider the motifs from this database to be high-confidence direct-binding motifs. Then, the HNRNPK RNA-binding motifs were utilized to scan the peak regions of the target genes by FIMO. For RNA splicing regulations, a gene was defined as a target gene when RBP binding signals were captured in any position of the gene region using Bedtools. When a RBP motif was detected in the peak region located in the target gene, HNRNPK was considered to be directly interacting with the target gene’s pre-RNA.
RESULTS
Collection of DNA- and RNA-Binding Proteins and Splicing Factors
From various resources listed in Table 1, 995 proteins that possess both DNA- and RNA-binding capabilities were collected as DRBPs (Supplementary Table S1). Functional enrichment analysis was performed for all the DRBPs, and the top 10 terms with their enriched gene counts are presented in Figure 2A. As expected, most of these terms are related to DNA binding and transcriptional regulation. Besides, RNA splicing is also enriched. It suggests that these genes have functions of both DBPs and RBPs, and they might regulate transcription and AS together (Hudson and Ortlund 2014). Indeed, 118 DRBPs were also known as SFs that are functional in RNA splicing; thus, in this study, we classified them as DRBP-SFs (Supplementary Table S1) and investigated their functions in connecting transcriptional and splicing regulatory networks.
[image: Figure 2]FIGURE 2 | Gene Ontology (GO) annotation and Kyoto Encyclopedia of Genes and Genomes (KEGG) pathway enrichment analysis. (A) The top 20 GO terms in biological process, cellular components, and molecular functions. (B) The top 29 KEGG pathways.
In addition, KEGG analysis revealed that DRBPs are enriched in many cancer-related pathways (Figure 2B), including transcriptional misregulation in cancer, hepatocellular carcinoma, CML, acute myeloid leukemia, and pancreatic cancer. This is consistent with previous studies that reported dysregulation of various RBPs and DBPs in different cancers (Andersson et al., 2008; Olivier et al., 2010; Lyko 2018; Wang et al., 2019; Shiroma et al., 2020). Given the potential roles of DRBPs in cancers, in the following sections, we focus on exploring the network regulation mechanisms of DRBP-SF in CML.
Network Construction for Heterogeneous Nuclear Ribonucleoprotein K, Heterogeneous Nuclear Ribonucleoprotein L, Non-POU Domain–Containing Octamer–Binding Protein, and TAR DNA-Binding Protein
To clarify the relationship between DRBP-SFs and cancer, RNA-seq data from CML patients and healthy donors were compared. The results showed that approximately 73% (86 out of 118) of DRBP-SFs were significantly differentially expressed (Supplementary Table S2). Some of them, such as HNRNPK, were reported to be potential diagnostic markers and therapeutic target of CML (Du et al., 2010). This also validated our previous point: DRBP-SFs play roles in cancer progression. To reveal their possible regulatory mechanism, we constructed the transcriptional and splicing regulatory networks in CML. HNRNPK, HNRNPL, NONO, and TARDBP were chosen for further revelation, considering data availability and their significant upregulations in CML.
By integrating and analyzing the ChIP-seq, CLIP-seq, RNA-seq, and shRNA-seq data using BETA and SURF, we constructed a two-layer regulatory network system controlled by HNRNPK, HNRNPL, NONO, and TARDBP (Figure 3; Supplementary Figures S1–S3). In the two-layer regulatory network system, the four DRBP-SFs were found to connect transcriptional and splicing regulatory networks by regulating target genes at the transcriptional and splicing levels in three different models: I) regulate the same target genes by binding to both their promoters and pre-RNAs concurrently, thereby regulating transcription and splicing simultaneously; II) part of the target genes in the transcriptional regulatory network of the four DRBP-SFs is also SFs that regulate the same target genes in their own splicing regulatory network; while III) part of the target genes in the splicing regulatory network of the four DRBP-SFs is also TFs that regulate the same target genes in their own transcriptional regulatory network (Figure 4).
[image: Figure 3]FIGURE 3 | Two-layer regulatory network of Heterogeneous nuclear ribonucleoprotein K (HNRNPK). Pink indicates the target genes of the transcriptional regulatory network of HNRNPK, blue indicates the target genes of splicing regulatory network of HNRNPK, and purple indicates the co-regulated targets of HNRNPK. For more detailed information on genes in the network, please refer to Supplementary Table S7.
[image: Figure 4]FIGURE 4 | Hypothetical two-layer network regulatory models of genes. (A) DNA- and RNA-binding proteins splicing factors (DRBP-SFs) may regulate the same genes at the transcriptional and splicing level as transcription factors (TFs) and SFs, respectively. (B) One DRBP-SF may act as SF to regulate the splicing of one gene with another SF controlled by this DRBP-SF in the transcriptional regulation level. (C) One DRBP-SF may act as a TF to regulate the transcription of one gene with another TF controlled by this DRBP-SF in the splicing regulation.
HNRNPK, HNRNPL, and TARDBP could regulate their own splicing, as well as the splicing activities of each other. For example, HNRNPK can regulate the splicing of HNRNPL; HNRNPL can regulate the splicing of HNRNPK; NONO can regulate the splicing of TARDBP and HNRNPK; while TARDBP can regulate the splicing of HNRNPL and HNRNPK. Besides, the expression of these four genes in CML had a high correlation in a GEPIA analysis (Tang et al., 2017) (Supplementary Figure S4).
Regulatory Model I
DRBP-SFs may regulate the same genes directly over the transcriptional and splicing levels as TFs and SFs, respectively (Figure 4A). The number of target genes regulated by the four DRBP-SFs by the two different regulatory networks are shown in Table 2, supporting regulation model I. It is worth noting that there were some overlapping genes between the four two-layer gene regulatory systems (Figure 5; Table 2).
TABLE 2 | Target gene number of two-layer regulatory networks associated with HNRNPK, HNRNPL, NONO, and TARDBP.
[image: Table 2][image: Figure 5]FIGURE 5 | Co-regulatory gene network diagram of the 4 DNA- and RNA-binding proteins splicing factors (DRBP-SFs) and analysis of their Venn analysis. (A) Two-layer co-regulated gene network diagram of the four proteins; red indicates a gene co-regulated by all four proteins, gray indicates the genes co-regulated by three proteins, purple indicates the genes co-regulated by two proteins, blue indicates the genes regulated by heterogeneous nuclear ribonucleoprotein K, pink indicates the genes regulated by heterogeneous nuclear ribonucleoprotein L, green indicates the genes regulated by non-POU domain–containing octamer–binding protein, and yellow indicates the genes regulated by TAR DNA-binding protein 43. (B) Venn analysis diagram of the co-regulation of the four proteins.
The results of dimensionality reduction analysis of the two-level co-regulated genes in CML and whole blood sample are shown in Figure 6, indicating that these co-regulated genes discovered in the process of network construction were closely related to CML but not in whole blood sample. In differential gene analysis, the expression levels of these genes in CML were significantly alternated (Supplementary Table S3). We hypothesized that the co-regulation example we found here was a case of co-transcriptional splicing. Co-transcriptional splicing often occurs in the process of fast transcription and translation (Naftelberg, Schor et al., 2015). Furthermore, the co-regulated genes are highly expressed in CML, which is consistent with the phenomenon of co-transcriptional splicing.
[image: Figure 6]FIGURE 6 | Target genes of the two-layer regulatory networks associated with heterogeneous nuclear ribonucleoprotein K (HNRNPK), heterogeneous nuclear ribonucleoprotein L (HNRNPL), non-POU domain–containing octamer–binding protein, and TAR DNA-binding protein 43 (TARDBP). Principal component analysis dimensionality reduction was performed on the expression datasets of Cells-Leukemia cell line (CML) and Whole Blood. (A) Target genes of the two-layer regulatory networks associated with HNRNPK, HNRNPL, NONO, and TARDBP in 3D. (B) Target genes of the two-layer regulatory networks associated with HNRNPK, HNRNPL, NONO, and TARDBP in 2D. (C) Target genes of the two-layer regulatory networks associated with HNRNPK. (D) Target genes of the two-layer regulatory networks associated with HNRNPL. (E) Target genes of the two-layer regulatory networks associated with NONO. (F) Target genes of the two-layer regulatory networks associated with TARDBP.
To further investigate the binding modes of DRBP-SF on their targets, we identified both DNA- and RNA-binding motifs for HNRNPK by MEME-chIP. Among the 138 HNRNPK binding motifs enriched in the ChIP-seq peak regions of HNRNPK, we identified 3 de novo DNA motifs with the smallest p-value as the most likely DNA-binding motifs of HNRNPK (Supplementary Figure S5A). By scanning the DNA-binding ChIP-seq peak regions of HNRNPK with the three motifs, we found that all the 35 genes regulated by model I, except urothelial cancer associated 1 (UCA1), had one of these three motifs in their ChIP-seq peak regions (Supplementary Table S4), which implies direct bindings of HNRNPK at their promoters. After scanning the ChIP-seq peak regions of UCA1 associated with other enriched motifs obtained by MEME-ChIP, a transcription factor E2-alpha (TFE2) motif obtained the smallest p-value. Therefore, we inferred that an indirect binding of HNRNPK to UCA1 promoter DNA might be realized by the help of a TF TFE2 binding at this site, which has the MF of cis-regulatory region sequence-specific DNA-binding and has the biological function of positive regulation of DNA-binding TF activity (Kim et al., 2004; Yoon et al., 2011).
From the eCLIP peak regions of HNRNPK, we obtained 87 enriched RNA-binding motifs of HNRNPK by MEME-chIP. There were nine de novo motifs discovered, among which three were from MEME and six were from STREME, and the rest were already existing motifs. After comparing the similarity of 9 de novo motifs with a known HNRNPK RNA-binding motif-CCAWMCC (Ray et al., 2013), we selected the three most similar motifs with q-value < 0.05 as the RNA-binding motif of HNRNPK (Supplementary Figures S5B, S6). By scanning the HNRNPK eCLIP peak regions with these motifs, we found that 6 out of the 36 genes listed of model I possess HNRNPK binding sites, namely, aldehyde dehydrogenase family 1 (ALDH1A2), ArfGAP with RhoGAP domain, ankyrin repeat and PH domain 1 (ARAP1), cadherin-like and PC-esterase domain–containing 1 (CPED1), dehydrogenase–reductase 11 (DHRS11), 3-hydroxy-3-methylglutaryl-CoA synthase 1 (HMGCS1), and SET and MYND domain–containing 3 (SMYD3). Therefore, HNRNPK is assumed to bind on the pre-mRNA of these six genes directly, whereas the pre-mRNAs of other two-level co-regulated genes of model I may be indirectly bonded to HNRNPK through other SFs. For example, among the other 30 genes, 12 genes possess motif of another SF, serine–arginine-rich splicing factor 2 (SRSF2), which is indispensable for the splicing of pre-mRNA and required for the formation of the earliest ATP-dependent splicing complex and interacts with spliceosomal components bound to both the 5′- and 3′-splice sites during spliceosome assembly (Jang et al., 2009; Edmond et al., 2011).
Regulatory Model II
A DRBP-SF may act as SF in conjunction with another SF regulated by this DRBP-SF at the transcriptional level during splicing regulation (Figure 4B). For instance, 7.5%–40% of the direct splicing targets of HNRNPK, HNRNPL, NONO, and TARDBP were also regulated by other SFs, such as nuclear cap–binding protein subunit 2 (NCBP2), which is a component of the cap-binding complex (CBC), binding co-transcriptionally to the 5′ cap of pre-mRNAs and involved in pre-mRNA splicing and small RNA-binding exonuclease protection factor La (SSB), which binds to the 3′ poly(U) terminus of nascent RNA polymerase III transcripts (Chambers et al., 1988; Gottlieb and Steitz 1989; Ishigaki et al., 2001; Ray and Das 2002). In contrast, NCBP2 and SSB were also regulated by the four DRBPs at the transcriptional level. NCBP2 and SSB were found to interact with HNRNPK, HNRNPL, NONO, and TARDBP by analyzing the PPI network between target genes with SF/TF functions and the four DRBP-TFs (Supplementary Figures S8–S12).
We selected part of the HNRNPK transcriptional regulation target genes, which are SFs, and the splicing regulation target genes of HNRNPK and NCBP2 to construct the regulatory network of regulation model II (Figure 7A). HNRNPK regulates transcription of NCBP2 and co-regulated splicing of 210 genes with NCBP2. Of the co-regulated genes, 82% (172 out of 210) were found to be associated with the neoplastic process through gene–disease association analysis using the DisGeNET platform (Supplementary Figure S18A). Furthermore, 38% (65 out of 172) of these cancer-related genes are associated with leukemia (Supplementary Figure S18B). Six of them are visualized in Figure 7B, whose RNA-binding positions of HNRNPK and NCBP2 are shown. HNRNPK and NCBP2 bonded mainly to the intron regions of splicing target genes, and the binding sites of two proteins overlap in some regions of several genes. A similar network was also constructed for HNRNPK and SSB (Supplementary Figure S7). These results suggest that DRBP-SFs can link regulatory networks of transcription and AS through regulatory model II.
[image: Figure 7]FIGURE 7 | Network diagram of regulation model Ⅱ. (A) Heterogeneous nuclear ribonucleoprotein K (HNRNPK) regulates the transcription of nuclear cap–binding protein subunit 2 (NCBP2), and then HNRNPK and NCBP2 can jointly regulate the splicing of genes. Green indicates the genes that act as splicing factors (SFs) regulated by HNRNPK at the transcription level, pink indicates the genes regulated by HNRNPK at the splicing level, purple indicates the genes co-regulated by HNRNPK and NCBP2 at the splicing level, and blue indicates the genes regulated by NCBP2 at the splicing level. Rectangles indicate the target genes of HNRNPK at the transcription level, and ellipse indicates the target gene of HNRNPK and NCBP2 at the splicing level. (B) The binding regions of HNRNPK and NCBP2 in splicing target genes, ACTB, AKT1, ASXL1, TCF3, TFRC, and VEGFA. Input the ChIP-seq data of HNRNPK and NCBP2 into the UCSC Genome Browser to obtain the position image of peak in the genome. Purple and red indicate the protein binding sites, and blue indicates the location of genes in the genome. For more detailed information on genes in the network, please refer to Supplementary Table S8.
Regulatory Model III
A DRBP-SF may also act as a TF in conjunction with another TF regulated by DRBP-SF at the splicing level during transcriptional regulation (Figure 4C).
For example, 35%–40% of the direct transcriptional regulatory targets of HNRNPK, HNRNPL, and TARDBP were also regulated by other TFs, such as scaffold attachment factor B1 (SAFB), which was regulated by these three DRBPs at the splicing level. SAFB binds to the scaffold–matrix attachment region (S–MAR) DNA and forms a molecular assembly point to allow the formation of a “transcriptosomal” complex coupling transcription and RNA processing (Nayler et al., 1998). In contrast, SAFB can interact with HNRNPK, NONO, and TARDBP but not HNRNPL, as shown in their PPI network (Supplementary Figures S13–S17).
HNRNPK splicing regulatory target genes, which were TFs, as well as HNRNPK and SAFB transcriptional regulatory target genes, were selected to construct a regulatory network of regulatory model III (Figure 8A). HNRNPK regulated the splicing of SAFB and, together with SAFB, the transcription of 245 genes, 85% (209 out of 245) of which are associated with the neoplastic process (Supplementary Figure S18A). Furthermore, 39% (81 out of 209) of cancer-related genes are associated with leukemia (Supplementary Figure S18B). Five of them are visualized in Figure 8B, whose DNA-binding sites of HNRNPK and SAFB are shown. HNRNPK and SAFB mainly bonded to the promoter regions of their transcriptional regulatory target genes.
[image: Figure 8]FIGURE 8 | Network diagram of regulation model Ⅲ. (A) Heterogeneous nuclear ribonucleoprotein K (HNRNPK) regulates the splicing of scaffold attachment factor B1 (SAFB); HNRNPK and SAFB can jointly regulate the transcription of downstream genes. Green indicates genes that act as transcription factors regulated by HNRNPK at the splicing level, pink indicates genes regulated by HNRNPK at the transcriptional level, blue indicates genes regulated by SAFB at the transcriptional level, and purple indicates genes co-regulated by HNRNPK and nuclear cap–binding protein subunit 2 (NCBP2) at the transcriptional level. Ellipses indicate the target genes of SAFB and HNRNPK at the transcriptional level, and rectangles indicate target genes of HNRNPK at the splicing level. (B) The binding regions of HNRNPK and SAFB in transcriptional regulation target genes, BCL6 corepressor, CRK-like proto-oncogene adaptor protein, DNA methyltransferase 3 beta, enhancer of zeste 2 polycomb repressive complex 2 subunit, and fibroblast growth factor receptor 3. Input the ChIP-seq data of HNRNPK and SAFB into the UCSC Genome Browser to obtain the position image of peak in the genome. Purple and red indicate the protein binding sites, and blue indicates the location of genes in the genome. For more detailed information on genes in the network, please refer to Supplementary Table S9.
Validation of the Models
To validate the proposed models, we used text mining to search literatures in PubMed using keywords “DRBP-SF & target gene,” “DRBP-SF & transcription–splice,” and “DRBP-SF & co-transcriptional splicing,” where “DRBP-SF” is one of HNRNPK, HNRNPL, NONO, and TARDBP and “target gene” iterates all targets controlled by these four DRBP-SFs in three models connecting both transcriptional and AS regulatory networks. Approximately 600 articles that matched the aforementioned keywords were manually screened and reviewed. However, due to the complexity of biological transcription and post-transcription mechanisms, limitations of the current understanding of DBPs and RBPs, and the lack of technology for DRBP study, these studies mainly focus on PPIs and expression changes of the proteins rather than the transcriptional or AS regulation networks of these DRBP-SFs on their target genes. Nevertheless, we found some evidence that support our models.
For model I, it has been confirmed by many studies that AS is coupled with transcription that permits the sequential recognition of emerging splicing signals by the splicing machinery (Oesterreich et al., 2011). This phenomenon of co-transcriptional splicing is very common in HNRNPs. It has been reported that SET Domain Containing 2 (SETD2) methyltransferase interacts with HNRNPL to control co-transcriptional splicing (Bhattacharya et al., 2021). HNRNPG directly binds to the phosphorylated carboxy terminal domain (CTD) of RNA polymerase II (RNAPII) using RGG motif in its low-complexity region and assembles RNA into large complexes simultaneously. Through interactions with the phosphorylated CTD and nascent RNA, HNRNPG associates co-transcriptionally with RNAPII and regulates AS transcriptome-wide (Zhou et al., 2019). For model II, RBP Sam68 (encoded by KHDRBS1) has previously been identified as a protein partner interacting with androgen receptor (AR) and serves as a co-regulator in AR-dependent transcription and splicing (Stockley et al., 2015). Its transcription is regulated by HNRNPK. Besides, HNRNPK has been shown to indirectly bind RNA by forming a super complex with Sam68. For model III, HNRNPA1 plays a pivotal role in the generation of AR splicing isoforms, such as AR-V7 (Nadiminty et al., 2015), whereas transcription of AR is found to depend on HNRNPK (Capaia et al., 2018). It has also been proven that HNRNPA1 regulates AS through HNRNP particles, a complex composed of multiple HNRNPs (Geuens et al., 2016). These studies confirm that HNRNPK may co-regulate AR splicing through HNRNP particles and HNRNPA1 and act as a partner of AR to co-regulate the downstream transcription process. In summary, although the transcriptional and AS regulatory functions of these DRBP-SFs are often investigated separately in different studies, the evidence of hnRNPs, Sam68 and AR mentioned above supports our three models respectively, in which DRBP-SFs serve as a connection between transcriptional and AS regulations.
DISCUSSION
In this study, we investigated a class of DRBPs that also functioned as SFs, called DRBP-SFs. These proteins play critical roles in regulating gene expression at both the transcriptional and splicing levels with the capabilities to bind both DNAs and RNAs. By using BETA and SURF to construct regulatory networks in CML, we discovered a two-layer regulatory network system, connecting transcriptional and splicing regulatory networks through DRBP-SFs. Three transcriptional and splicing co-regulatory models were proposed by investigating the two-layer regulatory network system controlled by four DRBP-SFs, namely, HNRNPK, HNRNPL, NONO, and TARDBP. In model I, there are some genes directly regulated at the transcriptional and splicing levels by the same DRBP-SFs that function as TFs and SFs simultaneously, which might be involved in co-transcriptional splicing for rapid expression. In models II and III, DRBP-SFs dually control transcriptional and splicing networks through direct and indirect mechanisms, respectively, in which they collaborate with their own targets at one regulatory level and regulate other targets at the other regulatory level. Our results provide supporting evidence for understanding the dual role of DRBP-SFs in transcriptional control and AS.
Through motif analysis, we further explored how HNRNPK binds to its two-level co-regulated genes in model I and found that HNRNPK directly binds to its promoters in most cases while indirectly binding to its pre-mRNA through other SFs in most cases; moreover, in a small number of cases, HNRNPK directly binds to its pre-mRNA targets. Further, we speculate that in regulatory model I, HNRNPK regulates transcription and splicing in a synergistic rather than a competitive manner. Because HNRNPK has multiple DNA and RNA binding domains, DNA and RNA are possible to bind HNRNPK simultaneously (Supplementary Table S5). This co-binding allows HNRNPK to regulate both transcription and splicing at the same time, which is called co-transcriptional splicing. As co-transcriptional splicing often occurs in fast transcription (Naftelberg et al., 2015), our study also supports that the target genes of HNRNPK in regulatory model I are highly expressed in CML, because rapid transcription is more likely to produce highly expressed genes. However, further study would be needed to confirm this hypothesis.
The four DRBP-SFs have been reported to play vital roles in cancers and other important BPs. HNRNPK regulates a wide range of BPs and disease pathogenesis, which is central to many cellular events, including long noncoding RNA (lncRNA) regulation, cancer development, and bone homeostasis (Wang et al., 2020). HNRNPL directly regulates the AS of various RNAs, including those encoding the AR as well as the key lineage-specific prostate cancer oncogene (Fei et al., 2017). NONO, a multifunctional nuclear protein rarely functioning alone, has been found to cause many types of cancer (Feng, Li et al., 2020). Mutations in TARDBP caused familial amyotrophic lateral sclerosis (ALS) and frontotemporal dementia (FTD) (Feng et al., 2020; Klim et al., 2021). Genes in the dual network regulated by HNRNPK in CML, namely, proteasome activator subunit 2 (PRAME) (Oehler et al., 2009), enhancer of zeste 1 polycomb repressive complex 2 subunit (EZH1) (Xie et al., 2016) from model I, AKT serine–threonine kinase 1 (AKT1) (Butt et al., 2020), ASXL transcriptional regulator 1 (ASXL1) (Tran and Wong 2021), transcription factor 3 (TCF3) (Kesy and Januszkiewicz-Lewandowska 2015), and vascular endothelial growth factor A (VEGFA) (Lakkireddy et al., 2016) from model II, BCL6 corepressor (BCOR) (Sportoletti et al., 2021), CRK-like proto-oncogene adaptor protein (CRKL) (Nichols et al., 1994), DNA methyltransferase 3 beta (DNMT3B) (Mizuno et al., 2001), enhancer of zeste 2 polycomb repressive complex 2 subunit (EZH2) (Xie et al., 2016), and fibroblast growth factor receptor 3 (FGFR3) (Dvorakova et al., 2001) from model Ⅲ, have been reported to be closely related to the occurrence and development of CML (Stelzer et al., 2016). Overall, a high proportion of co-regulated genes in the three regulatory models of HNRNPK are associated with neoplastic process, some of which are associated with leukemia (Supplementary Tables S6, S7; Supplementary Figure S18), indicating that HNRNPK is a key factor in CML. Furthermore, to a certain extent, our proposed models reveal the function mechanism of HNRNPK in CML. As DRBP-SFs are key players in transcriptional and post-transcriptional events, these observations add to a growing body of evidence indicating that DRBP-SFs may promote cancer development after a key oncogenic event by altering various cancer-associated downstream targets through the establishment of highly intricate regulatory networks, thus amplifying the phenotypic consequences of the initial transforming hit(s) through a “ripple effect” (Pereira et al., 2017). In this scenario, DRBP-SFs act mainly as amplifiers of oncogenic driver mutations.
This study has several limitations. The DNA- and RNA-binding data of DRBP-SFs are from different sources, and ChIP-seq and eCLIP experiments were performed by different laboratories. Furthermore, we still lack an experimental technique that can investigate how DRBP-SFs bind to DNA and RNA at the same time. Due to the limitations of the current technologies and followed bioinformatics analysis methods, the transcription and splicing networks may not be able to truly, accurately, and completely reflect the actual situation in cells. The three regulatory models are worthy of validation in more cells and DRBP-SFs. Besides, although we observed that HNRNPK binds to DNA directly and to RNA indirectly on many target genes in regulatory model I, it requires more interaction data to support the finding. For regulatory models II and III, whether the DRBP-SFs and the coordinated and regulated TFs–SFs possess direct physical interaction would also require further experimental verification.
In conclusion, DRBP-SFs are key players in transcriptional and post-transcriptional events. The combination of versatility of their DNA- and RNA-binding domains and their structural flexibility enables DRBP-SFs to control the metabolism of a large array of transcripts. The DRBP-SF regulatory networks we have constructed here suggested a novel two-layer regulatory system on both transcriptional and splicing levels where DRBP-SFs are demonstrated to co-regulate DNA and RNA in conjunction. For this, three regulatory models were proposed with supporting evidence. This study can provide new ideas for further mechanistic research on DRBP-SFs and their two-layer gene regulatory systems that may play critical roles in cancer.
DATA AVAILABILITY STATEMENT
The original contributions presented in the study are included in the article/Supplementary Material; further inquiries can be directed to the corresponding authors.
AUTHOR CONTRIBUTIONS
CW and XZ collected and analyzed the data and wrote the first draft. FW and RL helped revise the draft. YH and JQ contributed to the experimental design and manuscript revision.
FUNDING
This research was funded by the National Natural Science Foundation of China (12071306, 32170655), Natural Science Foundation of Guangdong Province of China (2019A1515011917), Project of Educational Commission of Guangdong Province of China (2021KTSCX103), Natural Science Foundation of Shenzhen (JCYJ20190808173603590).
PUBLISHER’S NOTE
All claims expressed in this article are solely those of the authors and do not necessarily represent those of their affiliated organizations or those of the publisher, the editors, and the reviewers. Any product that may be evaluated in this article or claim that may be made by its manufacturer is not guaranteed or endorsed by the publisher.
SUPPLEMENTARY MATERIAL
The Supplementary Material for this article can be found online at: https://www.frontiersin.org/articles/10.3389/fmolb.2022.920492/full#supplementary-material
REFERENCES
 Andersson, M. K., Ståhlberg, A., Arvidsson, Y., Olofsson, A., Semb, H., Stenman, G., et al. (2008). The Multifunctional FUS, EWS and TAF15 Proto-Oncoproteins Show Cell Type-specific Expression Patterns and Involvement in Cell Spreading and Stress Response. BMC Cell. Biol. 9, 37. doi:10.1186/1471-2121-9-37
 Bailey, T. L., and Elkan, C. (1994). Fitting a Mixture Model by Expectation Maximization to Discover Motifs in Biopolymers. Proc. Int. Conf. Intell. Syst. Mol. Biol. 2, 28–36.
 Bailey, T. L., Johnson, J., Grant, C. E., and Noble, W. S. (2015). The MEME Suite. Nucleic Acids Res. 43 (W1), W39–W49. doi:10.1093/nar/gkv416
 Bailey, T. L. (2021). STREME: Accurate and Versatile Sequence Motif Discovery. Bioinformatics 37 (18), 2834–2840. doi:10.1093/bioinformatics/btab203
 Bardou, P., Mariette, J., Escudié, F., Djemiel, C., and Klopp, C. (2014). Jvenn: an Interactive Venn Diagram Viewer. BMC Bioinforma. 15, 293. doi:10.1186/1471-2105-15-293
 Bateman, A., Martin, M. J., Orchard, S., Magrane, M., Alpi, E., Bely, B., et al. (2019). UniProt: a Worldwide Hub of Protein Knowledge. Nucleic Acids Res. 47 (D1), D506–D515. doi:10.1093/nar/gky1049
 Bhattacharya, S., Wang, S., Reddy, D., Shen, S., Zhang, Y., Zhang, N., et al. (2021). Structural Basis of the Interaction between SETD2 Methyltransferase and hnRNP L Paralogs for Governing Co-transcriptional Splicing. Nat. Commun. 12 (1), 6452. doi:10.1038/s41467-021-26799-3
 Binns, D., Dimmer, E., Huntley, R., Barrell, D., O’Donovan, C., and Apweiler, R. (2009). Quickgo: A Web-Based Tool for Gene Ontology Searching. Bioinformatics 25 (22), 3045–3046. doi:10.1093/bioinformatics/btp536
 Butt, E., Stempfle, K., Lister, L., Wolf, F., Kraft, M., Herrmann, A. B., et al. (2020). Phosphorylation-Dependent Differences in CXCR4-LASP1-AKT1 Interaction between Breast Cancer and Chronic Myeloid Leukemia. Cells 9 (2), 444. doi:10.3390/cells9020444
 Capaia, M., Granata, I., Guarracino, M., Petretto, A., Inglese, E., Cattrini, C., et al. (2018). A hnRNP K-AR-Related Signature Reflects Progression toward Castration-Resistant Prostate Cancer. Ijms 19 (7), 1920. doi:10.3390/ijms19071920
 Castro-Mondragon, J. A., Riudavets-Puig, R., Rauluseviciute, I., Berhanu Lemma, R., Turchi, L., Blanc-Mathieu, R., et al. (2022). JASPAR 2022: the 9th Release of the Open-Access Database of Transcription Factor Binding Profiles. Nucleic Acids Res. 50 (D1), D165–D173. doi:10.1093/nar/gkab1113
 Chambers, J. C., Kenan, D., Martin, B. J., and Keene, J. D. (1988). Genomic Structure and Amino Acid Sequence Domains of the Human La Autoantigen. J. Biol. Chem. 263 (34), 18043–18051. doi:10.1016/s0021-9258(19)81321-2
 Chen, F., and Keleş, S. (2020). SURF: Integrative Analysis of a Compendium of RNA-Seq and CLIP-Seq Datasets Highlights Complex Governing of Alternative Transcriptional Regulation by RNA-Binding Proteins. Genome Biol. 21 (1), 139. doi:10.1186/s13059-020-02039-7
 Cook, K. B., Kazan, H., Zuberi, K., Morris, Q., and Hughes, T. R. (2011). RBPDB: a Database of RNA-Binding Specificities. Nucleic Acids Res. 39, D301–D308. doi:10.1093/nar/gkq1069
 Craene, B. D., and Berx, G. (2013). Regulatory Networks Defining EMT during Cancer Initiation and Progression. Nat. Rev. Cancer 13 (2), 97–110. doi:10.1038/nrc3447
 Du, Q., Wang, L., Zhu, H., Zhang, S., Xu, L., Zheng, W., et al. (2010). The Role of Heterogeneous Nuclear Ribonucleoprotein K in the Progression of Chronic Myeloid Leukemia. Med. Oncol. 27 (3), 673–679. doi:10.1007/s12032-009-9267-z
 Dunham, I., Kundaje, A., Aldred, S. F., Collins, P. J., Davis, C., Doyle, F., et al. (2012). An Integrated Encyclopedia of DNA Elements in the Human Genome. Nature 489 (7414), 57–74. doi:10.1038/nature11247
 Dvorakova, D., Krejci, P., Mayer, J., Fajkus, J., Hampl, A., and Dvorak, P. (2001). Changes in the Expression of FGFR3 in Patients with Chronic Myeloid Leukaemia Receiving Transplants of Allogeneic Peripheral Blood Stem Cells. Br. J. Haematol. 113 (3), 832–835. doi:10.1046/j.1365-2141.2001.02829.x
 Edmond, V., Moysan, E., Khochbin, S., Matthias, P., Brambilla, C., Brambilla, E., et al. (2011). Acetylation and Phosphorylation of SRSF2 Control Cell Fate Decision in Response to Cisplatin. EMBO J. 30 (3), 510–523. doi:10.1038/emboj.2010.333
 Fei, T., Chen, Y., Xiao, T., Li, W., Cato, L., Zhang, P., et al. (2017). Genome-wide CRISPR Screen Identifies HNRNPL as a Prostate Cancer Dependency Regulating RNA Splicing. Proc. Natl. Acad. Sci. U.S.A. 114 (26), E5207–E5215. doi:10.1073/pnas.1617467114
 Feng, P., Li, L., Deng, T., Liu, Y., Ling, N., Qiu, S., et al. (2020). NONO and Tumorigenesis: More Than Splicing. J. Cell. Mol. Med. 24 (8), 4368–4376. doi:10.1111/jcmm.15141
 Geuens, T., Bouhy, D., and Timmerman, V. (2016). The hnRNP Family: Insights into Their Role in Health and Disease. Hum. Genet. 135 (8), 851–867. doi:10.1007/s00439-016-1683-5
 Giudice, G., Sanchez-Cabo, F., Torroja, C., and Lara-Pezzi, E. (2016). Attract-A Database of RNA-Binding Proteins and Associated Motifs. Database-Oxford . doi:10.1093/database/baw035
 Giulietti, M., Piva, F., D’Antonio, M., D’Onorio De Meo, P., Paoletti, D., Castrignanò, T., et al. (2013). SpliceAid-F: a Database of Human Splicing Factors and Their RNA-Binding Sites. Nucleic Acids Res. 41 (D1), D125–D131. doi:10.1093/nar/gks997
 Glisovic, T., Bachorik, J. L., Yong, J., and Dreyfuss, G. (2008). RNA-Binding Proteins and Post-transcriptional Gene Regulation. FEBS Lett. 582 (14), 1977–1986. doi:10.1016/j.febslet.2008.03.004
 Goldman, M. J., Craft, B., Hastie, M., Repečka, K., McDade, F., Kamath, A., et al. (2020). Visualizing and Interpreting Cancer Genomics Data via the Xena Platform. Nat. Biotechnol. 38 (6), 675–678. doi:10.1038/s41587-020-0546-8
 Gottlieb, E., and Steitz, J. A. (1989). Function of the Mammalian La Protein: Evidence for its Action in Transcription Termination by RNA Polymerase III. EMBO J. 8 (3), 851–861. doi:10.1002/j.1460-2075.1989.tb03446.x
 Grant, C. E., Bailey, T. L., and Noble, W. S. (2011). FIMO: Scanning for Occurrences of a Given Motif. Bioinformatics 27 (7), 1017–1018. doi:10.1093/bioinformatics/btr064
 Gupta, S., Stamatoyannopoulos, J. A., Bailey, T. L., and Noble, W. (2007). Quantifying Similarity between Motifs. Genome Biol. 8 (2), R24. doi:10.1186/gb-2007-8-2-r24
 Hammal, F., de Langen, P., Bergon, A., Lopez, F., and Ballester, B. (2022). Remap 2022: A Database of Human, Mouse, Drosophila and Arabidopsis Regulatory Regions from an Integrative Analysis of DNA-Binding Sequencing Experiments. Nucleic Acids Res. 50 (D1), D316–D325. doi:10.1093/nar/gkab996
 Hu, B. Q., Yang, Y. C. T., Huang, Y. M., Zhu, Y. M., and Lu, Z. J. (2017). POSTAR: A Platform for Exploring Post-Transcriptional Regulation Coordinated by RNA-Binding Proteins. Nucleic Acids Res. 45 (D1), D104–D114. doi:10.1093/nar/gkw888
 Hu, H., Miao, Y.-R., Jia, L.-H., Yu, Q.-Y., Zhang, Q., and Guo, A.-Y. (2019). AnimalTFDB 3.0: a Comprehensive Resource for Annotation and Prediction of Animal Transcription Factors. Nucleic Acids Res. 47 (D1), D33–D38. doi:10.1093/nar/gky822
 Hudson, W. H., and Ortlund, E. A. (2014). The Structure, Function and Evolution of Proteins that Bind DNA and RNA. Nat. Rev. Mol. Cell. Biol. 15 (11), 749–760. doi:10.1038/nrm3884
 Ishigaki, Y., Li, X., Serin, G., and Maquat, L. E. (2001). Evidence for a Pioneer Round of mRNA Translation. Cell. 106 (5), 607–617. doi:10.1016/s0092-8674(01)00475-5
 Jang, S.-W., Liu, X., Fu, H., Rees, H., Yepes, M., Levey, A., et al. (2009). Interaction of Akt-Phosphorylated SRPK2 with 14-3-3 Mediates Cell Cycle and Cell Death in Neurons. J. Biol. Chem. 284 (36), 24512–24525. doi:10.1074/jbc.M109.026237
 Kęsy, J., and Januszkiewicz-Lewandowska, D. (2015). Genes and Childhood Leukemia. Postepy Hig. Med. Dosw 69, 302–308. doi:10.5604/17322693.1142719
 Kim, J.-Y., Chu, K., Kim, H.-J., Seong, H.-A., Park, K.-C., Sanyal, S., et al. (2004). Orphan Nuclear Receptor Small Heterodimer Partner, a Novel Corepressor for a Basic Helix-Loop-Helix Transcription Factor BETA2/NeuroD. Mol. Endocrinol. 18 (4), 776–790. doi:10.1210/me.2003-0311
 Klim, J. R., Pintacuda, G., Nash, L. A., Guerra San Juan, I., and Eggan, K. (2021). Connecting TDP-43 Pathology with Neuropathy. Trends Neurosci. 44 (6), 424–440. doi:10.1016/j.tins.2021.02.008
 Lakkireddy, S., Aula, S., Kapley, A., Swamy, A. V. N., Digumarti, R. R., Kutala, V. K., et al. (2016). Association of Vascular Endothelial Growth Factor A (VEGFA) and its Receptor (VEGFR2) Gene Polymorphisms with Risk of Chronic Myeloid Leukemia and Influence on Clinical Outcome. Mol. Diagn Ther. 20 (1), 33–44. doi:10.1007/s40291-015-0173-0
 Lambert, S. A., Jolma, A., Campitelli, L. F., Das, P. K., Yin, Y., Albu, M., et al. (2018). The Human Transcription Factors. Cell. 172 (4), 650–665. doi:10.1016/j.cell.2018.01.029
 Law, C. W., Chen, Y., Shi, W., and Smyth, G. K. (2014). Voom: Precision Weights Unlock Linear Model Analysis Tools for RNA-Seq Read Counts. Genome Biol. 15 (2), R29. doi:10.1186/gb-2014-15-2-r29
 Liao, J. Y., Yang, B., Zhang, Y. C., Wang, X. J., Ye, Y. S., Peng, J. W., et al. (2020). Eurbpdb: A Comprehensive Resource for Annotation, Functional and Oncological Investigation of Eukaryotic RNA Binding Proteins (Rbps). Nucleic Acids Res. 48 (D1), D307–D313. doi:10.1093/nar/gkz823
 Lyko, F. (2018). The DNA Methyltransferase Family: a Versatile Toolkit for Epigenetic Regulation. Nat. Rev. Genet. 19 (2), 81–92. doi:10.1038/nrg.2017.80
 Mizuno, S.-i., Chijiwa, T., Okamura, T., Akashi, K., Fukumaki, Y., Niho, Y., et al. (2001). Expression of DNA Methyltransferases DNMT1,3A, and 3B in Normal Hematopoiesis and in Acute and Chronic Myelogenous Leukemia. Blood 97 (5), 1172–1179. doi:10.1182/blood.V97.5.1172
 Nadiminty, N., Tummala, R., Liu, C., Lou, W., Evans, C. P., and Gao, A. C. (2015). NF-κB2/p52:c-Myc:hnRNPA1 Pathway Regulates Expression of Androgen Receptor Splice Variants and Enzalutamide Sensitivity in Prostate Cancer. Mol. Cancer Ther. 14 (8), 1884–1895. doi:10.1158/1535-7163.Mct-14-1057
 Naftelberg, S., Schor, I. E., Ast, G., and Kornblihtt, A. R. (2015). Regulation of Alternative Splicing through Coupling with Transcription and Chromatin Structure. Annu. Rev. Biochem. 84, 165–198. doi:10.1146/annurev-biochem-060614-034242
 Nayler, O., Stratling, W., Bourquin, J. P., Stagljar, I., Lindemann, L., Jasper, H., et al. (1998). SAF-B Protein Couples Transcription and Pre-mRNA Splicing to SAR/MAR Elements. Nucleic Acids Res. 26 (15), 3542–3549. doi:10.1093/nar/26.15.3542
 Nichols, G., Raines, M., Vera, J., Lacomis, L., Tempst, P., and Golde, D. (1994). Identification of CRKL as the Constitutively Phosphorylated 39-kD Tyrosine Phosphoprotein in Chronic Myelogenous Leukemia Cells. Blood 84 (9), 2912–2918. doi:10.1074/jbc.M109.02623710.1182/blood.v84.9.2912.bloodjournal8492912
 Oehler, V. G., Guthrie, K. A., Cummings, C. L., Sabo, K., Wood, B. L., Gooley, T., et al. (2009). The Preferentially Expressed Antigen in Melanoma (PRAME) Inhibits Myeloid Differentiation in Normal Hematopoietic and Leukemic Progenitor Cells. Blood 114 (15), 3299–3308. doi:10.1182/blood-2008-07-170282
 Oesterreich, F. C., Bieberstein, N., and Neugebauer, K. M. (2011). Pause Locally, Splice Globally. Trends Cell. Biol. 21 (6), 328–335. doi:10.1016/j.tcb.2011.03.002
 Olivier, M., Hollstein, M., and Hainaut, P. (2010). TP53 Mutations in Human Cancers: Origins, Consequences, and Clinical Use. Cold Spring Harb. Perspect. Biol. 2 (1), a001008. doi:10.1101/cshperspect.a001008
 Pereira, B., Billaud, M., and Almeida, R. (2017). RNA-binding Proteins in Cancer: Old Players and New Actors. Trends Cancer 3 (7), 506–528. doi:10.1016/j.trecan.2017.05.003
 Piñero, J., Ramírez-Anguita, J. M., Saüch-Pitarch, J., Ronzano, F., Centeno, E., Sanz, F., et al. (2020). The DisGeNET Knowledge Platform for Disease Genomics: 2019 Update. Nucleic Acids Res. 48 (D1), D845–D855. doi:10.1093/nar/gkz1021
 Poon, M. M., and Chen, L. (2008). Retinoic Acid-Gated Sequence-specific Translational Control by RARα. Proc. Natl. Acad. Sci. U.S.A. 105 (51), 20303–20308. doi:10.1073/pnas.0807740105
 Qin, J., Li, M. J., Wang, P., Zhang, M. Q., and Wang, J. (2011). ChIP-Array: Combinatory Analysis of ChIP-Seq/chip and Microarray Gene Expression Data to Discover Direct/indirect Targets of a Transcription Factor. Nucleic Acids Res. 39, W430–W436. doi:10.1093/nar/gkr332
 Quinlan, A. R., and Hall, I. M. (2010). BEDTools: a Flexible Suite of Utilities for Comparing Genomic Features. Bioinformatics 26 (6), 841–842. doi:10.1093/bioinformatics/btq033
 Ray, D., Kazan, H., Cook, K. B., Weirauch, M. T., Najafabadi, H. S., Li, X., et al. (2013). A Compendium of RNA-Binding Motifs for Decoding Gene Regulation. Nature 499 (7457), 172–177. doi:10.1038/nature12311
 Ray, P. S., and Das, S. (2002). La Autoantigen Is Required for the Internal Ribosome Entry Site-Mediated Translation of Coxsackievirus B3 RNA. Nucleic Acids Res. 30 (20), 4500–4508. doi:10.1093/nar/gkf583
 Ritchie, M. E., Phipson, B., Wu, D., Hu, Y., Law, C. W., Shi, W., et al. (2015). Limma Powers Differential Expression Analyses for RNA-Sequencing and Microarray Studies. Nucleic Acids Res. 43 (7), E47. doi:10.1093/nar/gkv007
 Schmidt, D., Wilson, M. D., Spyrou, C., Brown, G. D., Hadfield, J., and Odom, D. T. (2009). ChIP-seq: Using High-Throughput Sequencing to Discover Protein-DNA Interactions. Methods 48 (3), 240–248. doi:10.1016/j.ymeth.2009.03.001
 Sebestyén, E., Singh, B., Miñana, B., Pagès, A., Mateo, F., Pujana, M. A., et al. (2016). Large-scale Analysis of Genome and Transcriptome Alterations in Multiple Tumors Unveils Novel Cancer-Relevant Splicing Networks. Genome Res. 26 (6), 732–744. doi:10.1101/gr.199935.115
 Seiler, M., Peng, S., Agrawal, A. A., Palacino, J., Teng, T., Zhu, P., et al. (2018). Somatic Mutational Landscape of Splicing Factor Genes and Their Functional Consequences across 33 Cancer Types. Cell. Rep. 23 (1), 282–e4. doi:10.1016/j.celrep.2018.01.088
 Shannon, P., Markiel, A., Ozier, O., Baliga, N. S., Wang, J. T., Ramage, D., et al. (2003). Cytoscape: A Software Environment for Integrated Models of Biomolecular Interaction Networks. Genome Res. 13 (11), 2498–2504. doi:10.1101/gr.1239303
 Shi, L., Qiu, D., Zhao, G., Corthesy, B., Lees-Miller, S., Reeves, W. H., et al. (2007). Dynamic Binding of Ku80, Ku70 and NF90 to the IL-2 Promoter In Vivo in Activated T-Cells. Nucleic Acids Res. 35 (7), 2302–2310. doi:10.1093/nar/gkm117
 Shiroma, Y., Takahashi, R. U., Yamamoto, Y., and Tahara, H. (2020). Targeting DNA Binding Proteins for Cancer Therapy. Cancer Sci. 111 (4), 1058–1064. doi:10.1111/cas.14355
 Sportoletti, P., Sorcini, D., and Falini, B. (2021). BCOR Gene Alterations in Hematologic Diseases. Blood 138 (24), 2455–2468. doi:10.1182/blood.2021010958
 Stelzer, G., Rosen, N., Plaschkes, I., Zimmerman, S., Twik, M., Fishilevich, S., et al. (2016). The GeneCards Suite: From Gene Data Mining to Disease Genome Sequence Analyses. Curr. Protoc. Bioinforma. 54, 1 30 31–31 30 33. doi:10.1002/cpbi.5
 Stockley, J., Markert, E., Zhou, Y., Robson, C. N., Elliott, D. J., Lindberg, J., et al. (2015). The RNA-Binding Protein Sam68 Regulates Expression and Transcription Function of the Androgen Receptor Splice Variant AR-V7. Sci. Rep. 5, 13426. doi:10.1038/srep13426
 Szklarczyk, D., Gable, A. L., Nastou, K. C., Lyon, D., Kirsch, R., Pyysalo, S., et al. (2021). Correction to 'The STRING Database in 2021: Customizable Protein-Protein Networks, and Functional Characterization of User-Uploaded Gene/measurement Sets'. Nucleic Acids Res. 49 (18), 10800. doi:10.1093/nar/gkab835
 Takaku, M., Grimm, S. A., De Kumar, B., Bennett, B. D., and Wade, P. A. (2020). Cancer-specific Mutation of GATA3 Disrupts the Transcriptional Regulatory Network Governed by Estrogen Receptor Alpha, FOXA1 and GATA3. Nucleic Acids Res. 48 (9), 4756–4768. doi:10.1093/nar/gkaa179
 Tak Leung, R. W., Jiang, X., Chu, K. H., and Qin, J. (2019). ENPD - A Database of Eukaryotic Nucleic Acid Binding Proteins: Linking Gene Regulations to Proteins. Nucleic Acids Res. 47 (D1), D322–D329. doi:10.1093/nar/gky1112
 Tang, Z., Li, C., Kang, B., Gao, G., Li, C., and Zhang, Z. (2017). GEPIA: a Web Server for Cancer and Normal Gene Expression Profiling and Interactive Analyses. Nucleic Acids Res. 45 (W1), W98–W102. doi:10.1093/nar/gkx247
 Tran, A., and Wong, M. (2021). Atypical CML with Mutated SRSF2, ASXL1, CSF3R, and MPL. Blood 138 (26), 2890. doi:10.1182/blood.2021013480
 Uhl, M., Houwaart, T., Corrado, G., Wright, P. R., and Backofen, R. (2017). Computational Analysis of CLIP-Seq Data. Methods 118-119, 60–72. doi:10.1016/j.ymeth.2017.02.006
 Ule, J., and Blencowe, B. J. (2019). Alternative Splicing Regulatory Networks: Functions, Mechanisms, and Evolution. Mol. Cell. 76 (2), 329–345. doi:10.1016/j.molcel.2019.09.017
 Wang, E., Lu, S. X., Pastore, A., Chen, X., Imig, J., Chun-Wei Lee, S., et al. (2019). Targeting an RNA-Binding Protein Network in Acute Myeloid Leukemia. Cancer Cell. 35 (3), 369–384. doi:10.1016/j.ccell.2019.01.010
 Wang, S., Sun, H., Ma, J., Zang, C., Wang, C., Wang, J., et al. (2013). Target Analysis by Integration of Transcriptome and ChIP-Seq Data with BETA. Nat. Protoc. 8 (12), 2502–2515. doi:10.1038/nprot.2013.150
 Wang, Z., Qiu, H., He, J., Liu, L., Xue, W., Fox, A., et al. (2020). The Emerging Roles of hnRNPK. J. Cell. Physiol. 235 (3), 1995–2008. doi:10.1002/jcp.29186
 Weirauch, M. T., Yang, A., Albu, M., Cote, A. G., Montenegro-Montero, A., Drewe, P., et al. (2014). Determination and Inference of Eukaryotic Transcription Factor Sequence Specificity. Cell. 158 (6), 1431–1443. doi:10.1016/j.cell.2014.08.009
 Wu, T., Hu, E., Xu, S., Chen, M., Guo, P., Dai, Z., et al. (2021). clusterProfiler 4.0: A Universal Enrichment Tool for Interpreting Omics Data. Innovation 2 (3), 100141. doi:10.1016/j.xinn.2021.100141
 Xie, H., Peng, C., Huang, J., Li, B. E., Kim, W., Smith, E. C., et al. (2016). Chronic Myelogenous Leukemia- Initiating Cells Require Polycomb Group Protein EZH2. Cancer Discov. 6 (11), 1237–1247. doi:10.1158/2159-8290.CD-15-1439
 Yan, J., Friedrich, S., and Kurgan, L. (2016). A Comprehensive Comparative Review of Sequence-Based Predictors of DNA- and RNA-Binding Residues. Brief. Bioinform 17 (1), 88–105. doi:10.1093/bib/bbv023
 Yan, J., and Kurgan, L. (2017). DRNApred, Fast Sequence-Based Method that Accurately Predicts and Discriminates DNA- and RNA-Binding Residues. Nucleic Acids Res. 45 (10), gkx059–E84. doi:10.1093/nar/gkx059
 Yang, J. H., Li, J. H., Shao, P., Zhou, H., Chen, Y. Q., and Qu, L. H. (2011). Starbase: A Database for Exploring Microrna-Mrna Interaction Maps from Argonaute CLIP-Seq and Degradome-Seq Data. Nucleic Acids Res. 39, D202–D209. doi:10.1093/nar/gkq1056
 Yang, Y. C. T., Di, C., Hu, B. Q., Zhou, M. F., Liu, Y. F., Song, N. X., et al. (2015). CLIPdb: A CLIP-seq Database for Protein-RNA Interactions. BMC Genom. 16, 51. doi:10.1186/s12864-015-1273-2
 Yoon, S.-J., Wills, A. E., Chuong, E., Gupta, R., and Baker, J. C. (2011). HEB and E2A Function as SMAD/FOXH1 Cofactors. Genes. Dev. 25 (15), 1654–1661. doi:10.1101/gad.16800511
 Zhang, D., Hu, Q., Liu, X., Ji, Y., Chao, H.-P., Liu, Y., et al. (2020). Intron Retention Is a Hallmark and Spliceosome Represents a Therapeutic Vulnerability in Aggressive Prostate Cancer. Nat. Commun. 11 (1), 2809. doi:10.1038/s41467-020-15815-7
 Zhang, J., Chen, Q., and Liu, B. (2020). iDRBP_MMC: Identifying DNA-Binding Proteins and RNA-Binding Proteins Based on Multi-Label Learning Model and Motif-Based Convolutional Neural Network. J. Mol. Biol. 432 (22), 5860–5875. doi:10.1016/j.jmb.2020.09.008
 Zheng, J., Kundrotas, P. J., Vakser, I. A., and Liu, S. (2016). Template-Based Modeling of Protein-RNA Interactions. Plos Comput. Biol. 12 (9), e1005120. doi:10.1371/journal.pcbi.1005120
 Zhou, K. I., Shi, H., Lyu, R., Wylder, A. C., Matuszek, Ż., Pan, J. N., et al. (2019). Regulation of Co-transcriptional Pre-mRNA Splicing by m6A through the Low-Complexity Protein hnRNPG. Mol. Cell. 76 (1), 70–81. doi:10.1016/j.molcel.2019.07.005
 Zhou, K. R., Liu, S., Sun, W. J., Zheng, L. L., Zhou, H., Yang, J. H., et al. (2017). Chipbase V2.0: Decoding Transcriptional Regulatory Networks of Non-Coding Rnas And Protein-Coding Genes from Chip-Seq Data. Nucleic Acids Res. 45 (D1), D43–D50. doi:10.1093/nar/gkw965
GLOSSARY
DRBPs DNA- and RNA-binding proteins
ChIP-seq Chromatin immunoprecipitation
CLIP-seq Crosslinking immunoprecipitation
eCLIP Enhanced CLIP
BETA Binding and expression target analysis
NBPs Nucleic acid–binding proteins
DBPs DNA-binding proteins
RBPs RNA-binding proteins
TFs Transcription factors
SFs Splicing factors
GO Gene Ontology
BP Biological process
CC Cellular component
MF Molecular function
KEGG Kyoto Encyclopedia of Genes and Genomes
CML Chronic myeloid leukemia
GEPIA Gene expression profiling interactive analysis
AS Alternative splicing
SE Exon skipping
A3SS Alternative 3′splicing
A5SS Alternative 5′splicing
RI Intron retention
PPIs Protein–protein interactions
lncRNA Long noncoding RNA
ALS Amyotrophic lateral sclerosis
FTD Frontotemporal dementia
HNRNPK Heterogeneous nuclear ribonucleoprotein K
HNRNPL Heterogeneous nuclear ribonucleoprotein L
NONO Non-POU domain–containing octamer–binding protein
TARDBP TAR DNA-binding protein 43
UCA1 Urothelial cancer associated 1
TFE2 Transcription factor E2-α
ALDH1A2 Aldehyde dehydrogenase family 1
ARAP1 ArfGAP with RhoGAP domain, ankyrin repeat, and PH domain 1
CPED1 Cadherin-like and PC-esterase domain–containing 1
DHRS11 Dehydrogenase/reductase 11
HMGCS1 3-hydroxy-3-methylglutaryl-CoA synthase 1
SMYD3 SET and MYND domain–containing 3
SRSF2 Serine/arginine-rich splicing factor 2
NCBP2 Nuclear cap–binding protein subunit 2
SSB Small RNA-binding exonuclease protection factor La
CBC Cap-binding complex
PSME2 Proteasome activator subunit 2
SAFB Scaffold attachment factor B
SETD2 SET domain–containing 2
CTD Carboxy terminal domain
RNAPII RNA polymerase II
AR Androgen receptor
PRAME PRAME nuclear receptor transcriptional regulator
EZH1 Enhancer of zeste 1 polycomb repressive complex 2 subunit
AKT1 AKT serine–threonine kinase 1
ASXL1 ASXL transcriptional regulator 1
TCF3 Transcription factor 3
VEGFA Vascular endothelial growth factor A
BCOR BCL6 corepressor
CRKL CRK-like proto-oncogene, adaptor protein
DNMT3B DNA methyltransferase 3 beta
EZH2 Enhancer of zeste 2 polycomb repressive complex 2 subunit
FGFR3 Fibroblast growth factor receptor 3
Conflict of Interest: The authors declare that the research was conducted in the absence of any commercial or financial relationships that could be construed as a potential conflict of interest.
Copyright © 2022 Wang, Zong, Wu, Leung, Hu and Qin. This is an open-access article distributed under the terms of the Creative Commons Attribution License (CC BY). The use, distribution or reproduction in other forums is permitted, provided the original author(s) and the copyright owner(s) are credited and that the original publication in this journal is cited, in accordance with accepted academic practice. No use, distribution or reproduction is permitted which does not comply with these terms.
OPS/images/fmolb-09-920492-g005.gif





OPS/images/fmolb-09-920492-g006.gif





OPS/images/fmolb-09-920492-g003.gif





OPS/images/fmolb-09-920492-g004.gif





OPS/images/fmolb-09-920492-t001.jpg
Data source

High-
throughput data

Dedicated
database data

Annotation data

Data
type

ChiP-
seq

CuP-
seq

DBP

RBP

DBP
and RBP

Database

ReMap2022

ChiPBase

JASPAR

ENCODE

ENCODE

StarBase

CLIPdb

POSTAR

The Human
Transcription Factors

Cls-BP

AnimalTFDB

CISBP-RNA
RBPbase

RNA-binding proteins
database (RBPDB)
ATIRACT

EuRBPDB

QuickGO

UniProt

Features

ReMap is a large-scale integrative analysis of DNA-
binding experiments for Homo sapiens, Mus
musculus, Drosophia melanogaster, and Arabidopsis
thaliana transcriptional regulators.

ChiPBase, an integrated resource and platform for
decoding transcription factor binding maps,
expression profiles, and transcriptional regulation of
long noncoding RNASs (ncRNAS, ncRNAS),
microRNAS, other ncRNAS (snoRNAs, tRNAS,
SNRNAS, etc.), and protein-coding genes from the
ChIP-seq data.

JASPAR is an open-access database of curated,
nonredundant transcription factor (TF) binding profiles
stored as position frequency matrices and TF flexible
models for TFs across multiple species in six
taxonormic groups,

The ENCODE Consortium is an international
collaboration of research groups funded by the
National Human Genome Research Institute.

The goal of ENCODE is to build a comprehensive parts
lst of functional elements in the human genome,
including elements that act at the protein and RNA
levels, as well as regulatory elements that control cells
and circumstances in which a gene is active.
StarBase is designed for decoding Pan-Cancer and
Interaction Networks of IcRNAs, miRNAS, competing
endogenous RNAS (ceRNAS), RNA-binding proteins.
(RBPS), and mRNAS from large-scale CLIP-seq (HITS-
CLIP,PAR-CLIP, iCLIP, CLASH) data and tumor
samples.

CLIPdb is a CLIP-seq database for protein-RNA
interactions and aims to characterize the regulatory
networks between RBPs and various RNA transcript
classes by integrating large amounts of CLIP-seq
(including HITS-CLIP, PAR-CLIP, and iCLIP as
variations) datasets.

POSTAR is one of the largest and first integrative
resources and platforms incorporating various post-
transcriptional regulation events. It enables the
experimental biologists to connect protein-RNA
interactions with multiayer information of post-
transcriptional reguiation and functional genes and
heips them generate novel hypotheses about the
postregulatory mechanisms of phenotypes and
diseases.

The *HumanTFs” website displays the 1,639 known or
likely human TFs, with a separate page for each TF,
along with all known motifs and information and
sequence alignments for each dielectric barrier
discharge type.

CIS-BP is an online library of transcription factors and
their DNA-binding motifs.

“The Animal Transcription Factor DataBase
(AnimalTFDB) is a resource aimed at providing the
most comprehensive and accurate information for
animal TFs and cofactors,

CISBP-RNA is the online library of RNA-binding
proteins and their motifs.

RBPbase is a database that integrates high-
throughput RBP detection studies.

RBPDB s a collection of experimental observations of
RNA-binding sites.

ATHRAGT compiles information on 370 RBPs and
1583 RBP consensus-binding molifs, 192 of which
are not present in any other database.

EURBPDB is a comprehensive and user-friendly
database for eukaryotic RBPs. It contains

315,222 RBPs (forms 6,368 ortholog groups) from
162 eukaryotic species, including human, mouse, fly,
worm, and yeast.

QuickGO is a web-based tool that allows easy
browsing of the Gene Ontology (GO) and all
associated electronic and manual GO annotations
provided by the GO Consortium annotation groups.
The aim of the UniProt Knowledgebase is to provide
users with a comprehensive, high-qualty, and freely
accessible set of protein sequences annotated with
Kirtinnal Inareiation.

Reference

Hammal et al. (2022)

Zhou et al. (2017)

Castro-Mondragon

et al. (2022)

Dunham et al. (2012)

Dunham et al. (2012)

Yang et al. (2011)

Yang et al. (2015)

Hu et al. (2017)

Lambert et al. (2018)

Weirauch et al. (2014)

Hu et al. (2019)

Ray et al. (2013)

https://rbpbase.shiny.
embl.de/

Cook et al. (2011)
Giudice et al. (2016)

Ligo et al. (2020)

Binns et al. (2009)

Bateman et al. (2019)

Confidence of proteins
only appearing in this
database

High

High

High

High

high

High

High

High

High

High

Medium

High
High
High

High

Medium

Medium





OPS/images/fmolb-09-920492-g007.gif





OPS/images/fmolb-09-920492-g008.gif





OPS/xhtml/nav.xhtml
Contents

		Cover

		DNA- and RNA-Binding Proteins Linked Transcriptional Control and Alternative Splicing Together in a Two-Layer Regulatory Network System of Chronic Myeloid Leukemia		Introduction

		Materials and Methods		Search Strategy for DNA- and RNA-Binding Protein and DNA- and RNA-Binding Protein Reliability Ranking

		Identification of Splicing Factors in the DNA- and RNA-Binding Protein Set

		Bioinformatics Analysis on DNA- and RNA-Binding Proteins

		Analysis on Gene Expression Differences Between Chronic Myeloid Leukemia Cells and Whole Blood Normal Cells

		DNA- and RNA-Binding Protein Transcriptional and Splicing Regulatory Network Construction

		Protein–Protein Interaction Network Analysis and Gene–Disease Association Analysis

		Heterogeneous Nuclear Ribonucleoprotein K Binding Sequence Motif Scanning





		Results		Collection of DNA- and RNA-Binding Proteins and Splicing Factors

		Network Construction for Heterogeneous Nuclear Ribonucleoprotein K, Heterogeneous Nuclear Ribonucleoprotein L, Non-POU Domain–Containing Octamer–Binding Protein, and TAR DNA-Binding Protein

		Regulatory Model I

		Regulatory Model II

		Regulatory Model III

		Validation of the Models





		Discussion

		Data Availability Statement

		Author Contributions

		Funding

		Publisher’s Note

		Supplementary Material

		References

		Glossary









OPS/images/cover.jpg
, frontiers ‘ Frontiers in Molecular Biosciences

DNA- and RNA-Binding Proteins
Linked Transcriptional Control
and Alternative Splicing Together
in a Two-Layer Regulatory
Network System of Chronic
Myeloid Leukemia





OPS/images/fmolb-09-920492-g001.gif
pitiinies R e R

- eone s
i ey

e L
i

+ b S e






OPS/images/fmolb-09-920492-g002.gif
.u
___________________.

i
|






OPS/images/fmolb-09-920492-t002.jpg
Gene
symbol

HNRNPK
HNRNPL
NONO

TARDBP

The number of target genes in
transcriptional regulatory network

668
587
304
639

The number of target genes in
splicing regulatory network

796

775

760
2,197

The number of events in
splicing regulatory network

1,067
1,085
1,072
3,863

The number of the same target
genes in two networks

36
30
37
132









OPS/images/crossmark.jpg
©

|





OPS/images/logo.jpg
P frontiers | Frontiers in Molecular Biosciences





