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Abstract 

        The past decades have witnessed a surge of discoveries revealing RNA regulation as a central player 

in cellular processes. The advent of cross-linking immunoprecipitation coupled with high-throughput 

sequencing (CLIP-Seq) technology has recently enabled the investigation of genome-wide RNA binding 

protein-RNA interactions, which is a very important component of RNA-regulation. However, proper and 

systematic bioinformatics analysis of CLIP-Seq data is still lacking and challenging. For the past few 

years, I have been devoting my research to methodological developments of CLIP-Seq data analysis, and 

developed MiClip and dCLIP for peak calling and differential analysis of CLLIP-Seq data, respectively. I 

have also applied my CLIP-Seq analysis pipelines in on-campus collaborating projects, in which I 
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identified ORF57 and nuclear AGO2 binding sites. Finally, I conducted analysis of public CLIP-Seq 

datasets to systematically characterize RNA binding protein targeting sites on circular RNAs. 
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                                     CHAPTER ONE - INTRODUCTION 

1.1 RNA regulation and RNA binding proteins 

        The diversity of RNA in sequence and structure underpins much of cell heterogeneity and 

complexity. RNA-binding proteins (RBPs) are proteins that bind to double- or single-stranded RNAs in 

cells and form ribonucleoprotein complexes with the bound RNAs. Located in either the nucleus or 

cytoplasm, or both, they engage in every step of the post-transcriptional modification process, including 

alternative splicing, regulation of mRNA levels, transport between cellular compartments, alternative 

polyadenylation, transcript stability, etc. (14,15). For example, the TIAR protein has been shown to be 

transported from the nucleus to the cytoplasm during Fas-mediated apoptotic cell death (16). One 

example of an intra-nuclear RBP is Yra1p, which has been found to be involved in mRNA export (17). 

Cytoplasmic RBPs, on the other hand, include Unr, which has been shown to be required for internally 

initiating the translation of human rhinovirus RNA (18).  

        RBPs bind target RNAs by recognizing their sequences or/and RNA secondary structures through 

RNA-binding motifs. For example, the AUF1 protein recognizes RNAs through a signature motif 

composed of 29–39 nucleotides with high A and U contents and a secondary structure specific to the 

RNAs (20). Binding of RBPs with RNA targets can also be regulated through competition with other 

RBPs and non-coding RNAs (21,22). RBPs may influence the global coordination of gene expression by 

organizing nascent groups of RNAs into downstream chains of the post-transcriptional modification 

process, through what is known as the “RNA-operon” theory (24).  RBPs have been implicated in various 

types of human diseases (14,25-28). For instance, the RBP Musashi1 was found to be related to many 

cancer types, including those of the breast, colon, medulloblastoma and glioblastoma, as well as to 

neurogenesis and neurodegenerative diseases (28). In addition, lack of FMRP results in a deficiency in 

human cognition and premature ovarian insufficiency (29), and the FET protein family is responsible for 

RNA editing and plays important roles in many diseases (30,31). In summary, studying RNA-protein 
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interactions is necessary to achieve a systematic understanding of transcription, translation and other 

biological processes. 

1.2 The development of CLIP-Seq technologies to profile RNA regulation 

        CLIP (cross-linking immunoprecipitation) is a molecular biology technology that employs UV cross-

linking and immunoprecipitation in order to identify RBP-RNA interactions (32,33). The advantage of 

CLIP lies in allowing identification of interactions within cells (where the crosslinking occurs) versus 

interactions that might occur after cells are lysed. CLIP increases the confidence that observed 

interactions are physiologically relevant and can better justify identification of candidates for 

experimental validation. In the early reports, CLIPed cDNAs were sequenced in a low-throughput manner 

that yielded a few hundred sequence reads. Recently, next-generation sequencing (NGS) techniques have 

been applied to globally analyzing transcriptional and post-transcriptional regulation, including mRNA 

sequencing (34), alternative splicing (35), and miRNA profiling (36). The combination of CLIP with 

NGS technology has greatly improved our ability to study RBP-RNA interactions on the genome scale 

(37). While earlier CLIP-Seq studies focused more on the binding of RBP to mRNAs, recent studies have 

implicated a wide range of regulatory functions of RBP binding sites in long noncoding RNA (lncRNA) 

(38), circular RNA (39) and mitochondrial RNA (40).  

        There are three major technologies for CLIP-Seq experiments: 1. HITS-CLIP (high-throughput 

sequencing of RNA isolated by crosslinking immunoprecipitation) (37,41), which is the first version of 

CLIP-Seq-Seq technology; 2. Photoactivatable-Ribonucleoside-Enhanced Crosslinking and 

Immunoprecipitation (PAR-CLIP) (42), which improved the signal-to-noise ratio of the characteristic 

mutations observed in sequencing data by use of nucleoside analog; and 3. Individual-nucleotide 

resolution CLIP (iCLIP) (43), which achieved a much higher efficiency in reverse-transcription compared 

with HITS-CLIP and PAR-CLIP. Throughout this text, I used CLIP-Seq as a generic name for HITS-

CLIP, PAR-CLIP and iCLIP. The field of RNA-regulation has seen rapid growth for all versions of 
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CLIP-Seq technology (Fig. 1). 

 

1.3 Experimental steps of CLIP-Seq technologies 

        In general, CLIP-Seq technology involves cross-linking, partial RNA digestion, 

immunoprecipitation, reverse transcription and sequencing. The similarities and differences in the 

experimental procedures of these three CLIP methods are detailed below: 

1.3.1 Cross-linking 

        The HITS-CLIP method treats the processed biomaterials from cells or tissues with UV light to 

cross-link RNAs with bound RBPs (32). It was the first CLIP-Seq platform developed for the genome-

wide identification of RBP binding sites. Although successful, it is limited by its low efficiency of UV-

induced crosslinking, which makes it difficult to locate high-confidence binding sites. The PAR-CLIP 

method resolves this efficiency problem by incorporating photoreactive ribonucleoside analogs, such as 

 

Fig. 1. Number of related scientific articles found by Google Scholar by searching for each of the 
key terms in the given interval of years. The key terms were searched together with “RNA” to yield 
more accurate citation counts.  



4 
 

 
 

4-thiouridine (4-SU) and 6-thioguanosine (6-SG), into living cells in the culture system before the UV 

light treatment (42). Although ribonucleoside analogs improve the signal-to-noise ratio in PAR-CLIP data, 

treatment of living animals with these chemicals could be toxic. iCLIP employs a UV cross-linking 

strategy similar to HITS-CLIP. 

1.3.2 Immunoprecipitation and enzymatic digestion 

        The immunoprecipitation step is similar for all HITS-CLIP, PAR-CLIP and iCLIP experiments. It 

generally involves bead preparation, cell lysis, partial RNA digestion immunoprecipitation, labeling, and 

SDS-PAGE. The purified protein-RNA complexes are then treated by proteinase K. In the RNA digestion 

step, substantial bias could be introduced due to sequence specificity and amount of RNase being used. 

Less bias is expected with a low sequence-specificity RNase, like RNase I, and mild digestion strength. 

Importantly, recombinant ligase and proteinase K enzymes contain bacterial RNAs, mostly rRNAs. If the 

3’ linker ligation is performed with free RNAs rather than with on-bead RNAs, these bacterial RNAs can 

also be cloned (44).   

1.3.3 Reverse transcription 

        In HITS-CLIP experiments, the remaining cross-linked amino acid(s) are attached to the RNAs, 

which then become an obstacle for reverse transcription. The reverse transcriptase can read through these 

obstacles on cDNAs with a certain probability, but errors, reflected as mutations after sequencing, may be 

introduced on the cross-linking sites. In PAR-CLIP, chemical property changes as a result of the 

nucleoside analog treatment and UV light stimulus will lead to mis-incorporation of dG rather than dA 

(4SU treatment), which will be reflected as mutations in the sequencing data. These cross-linking induced 

mutations could serve as markers for RBP binding sites and are sometimes referred to as “characteristic 

mutations”. In HITS-CLIP experiments, the characteristic mutations could be substitutions, insertions, 

deletions or a combination of the above, depending on specific RBPs. For example, it has been shown 
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that deletions are preferably induced in Argonaut (AGO) HITS-CLIP experiments (45). On the other hand, 

PAR-CLIP experiments induce a specific type of substitution depending on the nucleotide analog used: 

applying 4SU or 6SG leads to T->C or G->A substitutions, respectively (10).  

        In reverse transcription, a significant number of cDNAs will be truncated at the attached residues 

since the reverse transcriptase fails to read through these obstacles. These truncated cDNAs are normally 

not sequenced in HITS-CLIP and PAR-CLIP. The iCLIP procedure is designed to capture these 

truncation sites of cDNA fragments with high efficiency through replacement of the intermolecular 

ligation procedure with intramolecular circularization. Therefore, the 5’ ends of the sequencing reads, 

rather than characteristic mutations, are supposed to accurately mark the RBP targeting sites (43).  

1.3.4 High-throughput sequencing 

        cDNA libraries can be subject to deep sequencing. Since the RNAs are sheared into short fragments 

of 20-100bp, it was initially thought that single-end sequencing would usually be sufficient to cover 

whole cDNA fragments (46). However, some experiments require libraries of RNA fragments that are 

longer than those that could be covered by single-end sequencing, mainly due to dissimilar preferences in 

the library size selection step. Paired-end sequencing may be desirable in these cases so that whole cDNA 

fragments can be covered, because the lengths of RBP-RNA contact regions are comparable to the length 

of sequencing reads. Argonaut protein (AGO) is a key protein involved in RNAi that forms critical 

complexes with micro RNAs. AGO-RNA contact regions were estimated to be around 60bp long (41). 

Therefore, exact coverage is important since identification of RBP binding sites usually requires a much 

higher resolution compared to ChIP-Seq experiments for transcription factors, whose resolution 

requirements are at least a few hundred base pairs (47).  
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1.4 Existing analysis methods and database servers  

        The quick development of CLIP-Seq technologies has posed new and challenging analytical 

problems to the bioinformatics communities, ranging from peak-calling of RBP binding sites to 

downstream analysis to make biological discoveries. In this section, I will give an overview of existing 

bioinformatics analysis software and databases for CLIP-Seq experiments. Table 1 summarizes the major 

software programs, pipelines and databases that have been developed so far. I will discuss some of these 

in more details in this section.  

 

1.4.1 CLIPZ 

        CLIPZ is mainly a database for CLIP-Seq datasets. There were 94 publicly-visible samples stored on 

CLIPZ as of April 2015. CLIPZ also provides simple bioinformatics analysis for stored samples. It first 

aligns the sequencing reads to genomes and transcriptomes, allowing alignments with more than one error 

Software/Database Type Comment Citation 
CLIPZ Database Can carry out simple bioinformatics analysis (1) 
StarBase v2 Database Contains CLASH datasets as well (2,3) 
doRiNA Database Focuses on miRNA biology (4,5) 
CLIPdb Database Contain uniformly identified binding sites of publicly 

available genome-wide CLIP datasets 
(6) 

PARalyzer Software Peak-finding algorithm for PAR-CLIP dataset only (7) 
Piranha Software Peak-finding and differential binding detection 

algorithm  
(8) 

PIPE-CLIP Software Peak-finding algorithm  (9) 
wavClusteR Software Peak-finding algorithm for PAR-CLIP dataset only (10) 
PARma Software Differential binding detection algorithm for AGO 

PAR-CLIP dataset only 
(11) 

PAR-CLIP HMM Software Peak-finding algorithm employing Hidden Markov 
Model 

(12) 

GraphProt Software Peak-finding algorithm that can handle both 
RNAcompete and genome-wide CLIP data flexibly 

(13) 

Pyicos Software Peak-finding algorithm that can handle ChIP-Seq, 
genome-wide CLIP and RNA-Seq data flexibly 

(19) 

miRTarCLIP Software Peak-finding algorithm that employs a novel C to T 
reversion strategy in PAR-CLIP dataset analysis 

(23) 

Table 1 Summary of CLIP-Seq analysis software programs and databases 
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(substitution, insertion or deletion). Then it generates clusters of sequencing reads and computes statistics 

like T->C substitutions for PAR-CLIP dataset. Finally, CLIPZ allows users to sort the clusters based on 

these computed features.  

1.4.2 StarBase v2 

        StarBase v2 is a database designed for decoding pan-cancer and interaction networks of RBPs, 

mRNAs and various types of non-coding RNAs from CLIP-Seq datasets and CLASH datasets (48). As of 

April 2015, StarBase v2 contained 111 CLIP-Seq datasets from 37 studies. StarBase v2 processes all the 

stored datasets and presents the analysis results through disparate portals such as miRNA-lncRNA 

interactions, miRNA-target interactions, protein-mRNA interactions, and function predictions. The 

analysis conducted by StarBase v2 mostly relies on previously published software, such as PARalzyer for 

PAR-CLIP dataset analysis and TargetScan (49) and other similar pipelines for miRNA target site 

predictions.  

1.4.3 PARalyzer 

        PARalyzer is a popular peak-calling algorithm for PAR-CLIP datasets only. PARalyzer employs a 

non-parametric kernel-density estimation classifier to identify the RNA-RBP interaction sites using both 

total binding intensity information and T->C mutation information. It provides a dozen parameters, such 

as minimum number of reads and minimum number of conversions for a cluster, to help users filter the 

final results.  

1.4.4 Piranha 

        Piranha is mainly a peak-calling algorithm, but it also provides a way to detect differential binding 

across a range of conditions. All reads are binned and each bin represents a genomic interval. Piranha 

allows the users to flexibly choose an underlying model, including Poisson distribution and Negative 
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Binomial distribution. It permits users to add additional covariates such as mutation data or transcript 

abundance data in a regression framework. This enables Piranha to incorporate mutation data in peak-

finding or to conduct a differential binding analysis.  

1.4.5 PIPE-CLIP 

        PIPE-CLIP is a Galaxy-based comprehensive online pipeline for CLIP-Seq data analysis. It processes 

BAM files by filtering out reads that do not meet mismatched numbers and/or aligned read-length criteria 

and by removing PCR duplicates according to reads locations or sequences. Then it applies zero-truncated 

negative binomial regression to identify the enriched clusters and fits a binomial distribution to assess the 

significance of featured mutations/truncations. After that, enriched clusters with significant 

mutations/truncations are reported as binding sites.  

1.4.6 wavClusteR 

        wavClusteR is designed for identifying RBP peaks in a single PAR-CLIP experiment. It defines a 

mixture model where the first component indicates random substitutions, which are not induced by cross-

linking, and the second component indicates cross-linking-induced substitutions that serve as markers of 

RBP-protein binding sites. wavClusteR relies on the assumption that all types of non-experimentally-

induced substitutions have approximately the same distribution as the first component, while only PAR-

CLIP-induced T->C mutations exist in the second component of the mixture model. However, this may 

not be the case for tumor cell lines where the background mutation profiles are distinct for each type of 

substitution (50). 

1.4.7 PARma 

        PARma is a tool for differential AGO PAR-CLIP data analysis. In PARma, a statistical model and a 

novel pattern discovery tool are iteratively applied to estimate probabilities and to assign the most 
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probable miRNAs until convergence. The statistical model is composed of three independent parts that 

consider the T->C mutation frequencies as well as the properties of the nucleotide compositions at both 

ends of the sequencing reads. The PARma algorithm addresses several important issues in the data 

preprocessing step, such as the handling of spliced-mapping reads and consideration of experimental 

replicates. However, it can only be applied to differential AGO PAR-CLIP datasets. 

1.5 Experimental design and bioinformatics analysis considerations for CLIP-Seq technology 

1.5.1 Choosing a CLIP method 

        The goal of a specific study is the primary consideration for choosing a CLIP method. Whether the 

experiment is to be done in vivo is one reason for favoring HITS-CLIP or iCLIP over PAR-CLIP, since 

the ribonucleoside analog treatment could be toxic. This is why HITS-CLIP and iCLIP have broad 

application in cultured cells, animal tissues and plants. On the other hand, if the study wishes to reach a 

higher resolution at determining binding sites, PAR-CLIP or iCLIP should be favored. This is because 

PAR-CLIP has a much higher proportion of reads with characteristic mutations on cross-linking sites 

compared with HITS-CLIP, and in iCLIP truncation sites can be directly used to accurately map 

interaction events. Thirdly, iCLIP is technically more challenging compared with HITS-CLIP and PAR-

CLIP, which has probably limited its use. iCLIP requires the protein-bound RNA to be mildly digested by 

an endonuclease, which ensures the reads originated from truncated cDNA are long enough to be aligned. 

Therefore, a researcher needs to first experimentally determine the best condition to achieve an acceptable 

partial RNA digestion. In addition, iCLIP implements cDNA circularization and re-linearization steps. 

These steps require researchers to properly cut desired bands from polyacrylamide gels and carry out 

product elution and isolation. RNA obtained from CLIP techniques are generally in minute amounts. 

Extra manipulations on hardly-detectable cDNA will give an extra challenge to preparing an iCLIP 

sequencing library.  
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1.5.2 Replicates 

        In RNA-Seq experiments, it has been shown that increasing the number of biological replications 

consistently improves expression level quantifications and increases the statistical power to detect 

differentially expressed genes (51). It has become a routine for most RNA-Seq experiments to have 

replicates to improve the data quality and reproducibility. For CLIP-Seq experiments, there is no rigorous 

study on how the replicates affect the experimental results. Many CLIP-Seq studies are based on a very 

limited number (1-5) of replicated experiments, and replicates are often pooled or only one of them is 

used in analysis (30,52). The number of replicates that should be obtained depends on many factors, 

including the goal of the experiments, the variations of experiments, the sequencing depth and also the 

binding patterns of specific RBPs. For example, if the goal of the study is to conduct a comparative 

analysis between CLIP-Seq conditions, then the quantification of within- vs. between-group variation is 

very important and replicates will be of great value. The number of replicates to conduct can also take 

into consideration previously published studies for the experimental variations and binding patterns.  

        With respect to bioinformatics analysis, it is undesirable to pool the replicates. As each replicate 

could have a different sequencing depth, pooling will tend to down-weigh the replicates with less-

sequenced reads. Moreover, the variation information of binding intensity at each binding site is lost after 

pooling. A measurement called biologic complexity (BC) has been applied to identifying RBP binding 

sites using replicates (41). Other than BC, PARma is the only algorithm that can consider replicates in its 

statiscal algorithm (11). The DESeq package implements a statistical model that can incorporate replicate 

information to call differentially expressed regions (53). It was originally proposed for ChIP-Seq and 

RNA-Seq data, but could be adapted to CLIP-Seq studies where replicates are available (54). However, 

more advanced statistical approaches are also needed to address specific data features from CLIP-Seq 

experiments to better analyze such data with replicates more efficiently. In summary, no rigorous and 

comprehensive study has been conducted to investigate the effects of the number of replicates on 

statistical power and the accuracy of binding site detection for CLIP-Seq experiments. Future studies and 
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the development of bioinformatics tools for analyzing such experiments with replicates would improve 

the experimental design and data analysis.  

1.5.3 Control experiments 

        Most recently published CLIP-Seq studies did not use background control experiments for 

identification of binding sites. Accordingly, few analysis approaches could process the sequencing data 

with both CLIP-Seq and control conditions. Since CLIP-Seq experiments involve stringent washes, such 

experiments without controls still identified high-confident RBP binding sites. However, generating 

control experiments for CLIP studies would improve the analysis and interpretation of the results. First, 

the ranking of identified binding sites from analyzing CLIP-Seq data is usually biased towards abundantly 

expressed genes. If the CLIP cluster binding intensities are not normalized by control experiments and 

some clusters with high apparent binding strength could simply be intermediate-level-binding-strength 

sites on highly expressed RNA transcripts. Therefore, having background control experiments could help 

reduce such bias. Secondly, background RNA-Seq experiments could also help to identify SNPs in cell 

lines or tissue samples, as we have previously mentioned. In addition, if the study’s goal is to understand 

RBP functions such as splicing, conducting an RNA-Seq experiment will help to discern which sites are 

functionally relevant. Konig et al. suggested a few ways to conduct background experiments (43) for 

iCLIP experiments, such as no-antibody sample, non-crosslinked cells, or immunoprecipitation from a 

knockout condition. Liu et al experimentally showed that input RNA or RNA-Seq experiment is also a 

good control (55). Again, which type of control experiment to conduct also depends on the specific goal 

of the study. 

1.5.4 Sequencing depth 

        There is no consensus on the required sequencing depth for CLIP-Seq experiments, which can range 

from less than 10 million reads to more than 300 million reads for one experiment. The early studies 
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generated low numbers of reads, while more recent studies generated much deeper reads for an RBP 

under one treatment. Due to the generally limited complexities of the cDNA libraries, the very deep 

sequencing may not necessarily capture more unique events of RBP-RNA interactions for HITS-CLIP 

and PAR-CLIP experiments. The library complexities vary greatly for different CLIP experiments 

depending on many factors (6). One factor is how many binding sites the RBP under investigation truly 

binds. If the RBP has very specific binding sites, the expected library complexity would be small. Overall, 

the type of CLIP-Seq experiment, cost of sequencing, and the number of true binding sites of the RBP 

should all be considered in determining the proper sequencing depth for the CLIP-Seq experiments. 

Readers may refer to another review that thoroughly discusses the matter of sequencing depth in 

genomics studies (56). 

1.5.5 Mapping 

        Aligning the reads to a genome or transcriptome is the first step in CLIP-Seq analysis. Mapping to a 

genome is usually chosen since there are sometimes many CLIP clusters that locate within-reference gene 

introns. Mapping to a transcriptome or to both genome and transcriptome would be a good choice when 

the focus of the study is to detect RBP binding sites on mature RNAs that have already been spliced. In 

general, an aligner such as Gsnap that can handle short deletions and spliced-mapping will be a good 

choice. Gsnap is preferred by the CLIPper software and it scored high in a systematic comparison of RNA 

aligners (57). 

        Another issue to consider is whether rRNAs, tRNAs and other types of repetitive sequences are of 

interest or should be removed by screening them from the pool. If not, mapping to a pre-masked genome 

or removing rRNAs at the experimental stage using kits like Ribo-Zero may be more efficient. But this 

may not be the case with experiments that are conducted to make a comparative analysis, where 18S 

rRNAs can be used as a control invariant gene (58) Also, it is common practice for CLIP-Seq data 

mapping to discard reads that can be mapped to multiple locations (30,59,60). However, some RBPs may 
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have real binding sites in genes that have multiple copies in the genome. In such cases, discarding non-

uniquely mapped reads will result in the loss of some true binding sites.  

1.5.6 PCR duplicates 

        Since CLIP-Seq experiments involve PCR amplification from cDNA libraries with limited 

complexities, removal of PCR duplicates amplified from common unique cDNA fragments is an 

important step. After duplicate removal, the size of the sequencing data usually drops dramatically. There 

are a few ways to define PCR duplicates in CLIP-Seq data. (1) Introducing random barcodes into the 

cDNA adaptor. This approach has been primarily applied to iCLIP experiments and made it relatively 

easy to define PCR artifacts from the iCLIP data. Barcoding can give the clearest answer to whether a 

sequencing read is a PCR duplicate, and in fact it can also be applied to HITS-CLIP and PAR-CLIP, 

though this is not commonly done yet. PIPE-CLIP (9) has a bioinformatics procedure that can remove 

PCR duplicates according to barcodes for genome-wide CLIP data of all three sorts. (2) For HITS-CLIP 

and PAR-CLIP, earlier studies defined PCR duplicates as sequencing reads having the same aligned 

genomic starting sites, and duplicates were collapsed to a single sequencing tag (45). This may be too 

conservative, which usually leads to a collapsed sequencing read dataset that is less than 1/10 of its 

original size. (3) Another popular approach adopted in many studies (61-63) is to define reads that have 

exactly the same mapping coordinates as PCR duplicates. (4) Alternatively, it is also possible to define 

PCR duplicates as those having the same nucleotide sequence. Unfortunately, to our knowledge there 

hasn’t been any strict comparison reported in the literature to help select the best approach from (2)-(4) 

for HITS-CLIP and PAR-CLIP, and the scenario is even more complicated for paired-end sequencing 

reads. One consideration to choose among approaches (2)-(4) is the number of reads left after duplicate 

removal. If this step is too stringent, too few reads may be left for downstream analysis.  
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1.5.7 Intron-locating clusters and spliced-mapping reads 

        Most CLIP-Seq experiments do not distinguish nucleic RNAs from cytoplasmic RNAs because the 

RNA is obtained from whole cells. Since libraries could contain cDNAs converted from nascent pre-

mRNAs, it is possible that a significant portion of CLIP reads will be mapped to reference gene introns. 

For example, in a few published studies, the proportions of intron-locating reads could be as low as 15% 

but also as high as 90% (64-67). This proportion depends on both the compartment of the cell that is 

being investigated and the property of the RBP under investigation. For example, Chu et al found through 

PAR-CLIP that nucleic AGO2 preferentially binds intron regions while cytoplasmic AGO2 mainly binds 

3’ UTR regions (68). 

        On the other hand, there are varying amounts of cDNAs generated from mature mRNAs in the 

libraries. Therefore, some of the sequencing reads could be mapped across splicing junctions. As a result, 

it is sometimes important to use an aligner that can handle splice junction mapping, or alternatively, to 

map the sequencing reads to the transcriptome in addition to the reference genome. However, usually 

fewer than 5% of all CLIP reads are mapped across splice junctions, due to two possible reasons: (1) only 

a small fraction of RBP binding sites are close to or on top of splice junctions, or (2) current aligners are 

not very efficient in mapping reads across splice junctions.  

1.5.8 Characteristic mutations in calling RBP binding sites 

        The read counts are usually the primary measure for peak-calling from most algorithms, but the 

characteristic mutations induced by cross-linking procedures have also been proved to be useful for peak 

calling algorithms. In HITS-CLIP and PAR-CLIP, the cross-linking procedure induces mismatches in the 

final sequencing data, which could be used to pinpoint the location of RBP target sites at single-base-pair 

resolution and have been used to improve the binding target identifications. However, the proportion of 

sequencing reads with characteristic mutations vary greatly from 20%-80% for PAR-CLIP data 
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(30,42,69,70). For HITS-CLIP data, the proportion is only round 10% (52) and even as small as <1% in 

one case (71). A recent study by Bahrami-Samani et al that investigated CLIP-Seq data from 20 public 

studies yielded similar percentages (72). Moreover, mutant bases are usually sparsely spread within CLIP 

clusters, leading to usually small ratios of mutant tags out of total tags on the exact cross-linking sites. 

Low mutant tag ratios in some experiments could be problematic for bioinformatics pipelines for 

analyzing HITS-CLIP and PAR-CLIP data that rely one mutation ratios, such as wavClusteR (10). On the 

other hand, there may be a small number of bases covered by CLIP clusters that show close to 100% 

mutant rates, which are likely SNPs in the cell lines or tissue samples instead of true RBP binding sites. 

To address these issues involving mutations, wavClusteR (10) introduces a parameter that effectively 

discards bases with mutation rates higher than a user-defined cutoff. Other ways to solve this problem 

include conducting control RNA-Seq experiments to detect SNPs or comparing results to databases of 

known SNPs. These observations, in addition to the obscurity of true characteristic mutations for some 

HITS-CLIP data, suggest that although characteristic mutation can help pinpoint the binding site and 

increase peak calling accuracy in most cases, careful examination of mutations from CLIP-Seq 

experiments, especially from HITS-CLIP data, are necessary.  
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               CHAPTER TWO - METHODOLOGICAL DEVELOPMENTS  

        CLIP-Seq data offers the opportunities to understand RBP-RNA binding on the genome-wide scale. 

However, the analysis of CLIP-Seq data is non-trivial. The first step of bioinformatics analysis on CLIP-

Seq data is generally identification of RBP binding sites on RNAs in one condition or identification of 

differential RBP binding sites on RNAs across different conditions. There are certain special properties of 

CLIP-Seq data that need to be taken care of and also utilized during these analytical processes. I 

developed user-friendly algorithms based on HMM to tackle these problems, respectively.  

2.1 Identifying RNA-RBP interactions through analysis of CLIP-Seq data 

2.1.1 Background and rationale 

        Most studies that conducted CLIP-Seq experiments are interested in finding RBP binding sites in 

their culture or tissue system. In most studies, ad hoc methods are employed to process CLIP-Seq data. 

Generally, CLIP clusters are formed by overlapping the short sequencing tags and simple cut-offs are 

applied to produce lists of reliable CLIP clusters (30,37,41). However, these methods are sensitive to the 

choice of cut-off values, and there is no confidence values associated with the identified binding sites. To 

better analyze CLIP-Seq datasets, a few bioinformatics tools have been developed recently. CLIPZ is an 

online server for analyzing CLIP-Seq datasets (1).  However, it still works under an ad hoc framework --- 

no significant levels are given for the resulting binding sites. wavClusteR (73) is designed to analyze 

PAR-CLIP experiments. It assumes a two-component mixture model based on relative substitution 

frequencies (RSFs) for identifying reliable binding sites, and employs wavelet transformation for 

resolving peak boundaries. PARalyzer (7) is also designed to analyze PAR-CLIP experiments. PARalyzer 

identifies reliable binding sites as nucleotides with a minimum read depth and having a higher likelihood 

of T->C conversion than non-conversion. PARalyzer and wavClusteR could not be easily extended to 

16 
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other types of CLIP-Seq datasets due to the underlying model assumptions. Besides, StarBase v2.0 (74) is 

a comprehensive database with more than 100 CLIP-Seq datasets.  

        None of the above mentioned algorithms considered the spatial dependency structure in the CLIP-

Seq data for increasing signal-to-noise ratio of called results. The spatial dependency structure refers to 

the fact that neighboring regions are more likely to have the same properties, and vice versa. RNA-RBP 

interactions usually occupy a certain length of RNA fragments, which implicates the spatial dependency 

structure. Hidden Markov Model (HMM) is a stochastic statistical model that can utilize this feature for 

inferring true status of each unit in a chain, which is specialized in solving the spatial dependency 

problem. 

        Here, I present a model-based approach, MiClip, for analyzing both HITS-CLIP and PAR-CLIP data. 

This approach has been implemented in the R statistical environment (75). It first removes duplicates and 

finds CLIP clusters, then divides the task of identifying reliable binding sites into two rounds of Hidden 

Markov Model (HMM). The first HMM infers enriched vs. non-enriched regions in CLIP clusters, and 

the second HMM infers binding sites of RBPs vs. non-binding sites within the enriched regions. Finally, 

the reliable binding sites and the CLIP clusters containing these sites are reported in a user-friendly 

format. I have tested this algorithm on two datasets and shown that MiClip provides a general and 

efficient framework for identifying high-confidence RBP binding sites at high resolution. In the AGO 

HITS-CLIP dataset that was shown here, the signal/noise ratios of miRNA seed motif enrichment 

produced by the MiClip approach are between 17% and 301% higher than those by the ad hoc method for 

the top 10 most enriched miRNAs. To facilitate the application of the algorithm, I have released an R 

package, MiClip (http://cran.r-project.org/web/packages/MiClip/index.html), and public web-based 

graphical user interface software (http://galaxy.qbrc.org/tool_runner?tool_id=mi_clip) for customized 

analysis.  
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2.1.2 Materials and methods 

2.1.2.1 CLIP-Seq datasets and mapping 

        The AGO HITS-CLIP dataset described in Chi, et al. (41) was downloaded from 

http://AGO.rockefeller.edu. The alignment of the HITS-CLIP data was done by Novoalign (Novocraft 

Technologies) to the mm10 reference genome. After alignment, the resulting SAM files from Brain A-E 

were pooled in the HITS-CLIP dataset.  

2.1.2.2 Finding CLIP clusters by overlapping CLIP-Seq tags 

        The MiClip package took the alignment SAM format files as input. In each dataset, duplicate reads 

that have the same mapping coordinates (including strand) were identified and collapsed to a single “tag”. 

Tags overlapping by at least one nucleotide were grouped together to form CLIP clusters, and those not 

overlapping with any other tags were discarded. The deletions on each base were counted as mutation 

events for the AGO dataset.  

2.1.2.3 Identify enriched regions (first round HMM) 

        To identify enriched regions, CLIP clusters were divided into bins of 5bp. Let be the total tag 

count in the t-th bin of k-th cluster, so cluster k could be represented as a series of tag count numbers: 

. Here I used HMM to determine the enriched regions from observed tag counts.  

        The HMM has two states:
( )

( )

0 if bin t is non-enriched

1 if bin t is enriched

k
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k
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. Poisson model is a popular model 

to fit the count data (76,77). Given state ( )k
tI , the observed tag counts were modeled by a two-component 
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Poisson mixture model:
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, so the emission probability could be written 

as 
0 1

( ) 0 1
0 1 0 1Pr( | , , ) (1 ) , ( )

! !

x x
k

t
e eX x
x x

  
      

 

     , where the ω is the proportion of 

enriched bins in the CLIP clusters. The transition matrix  is a 2×2 matrix, where element ,sr  is the 

transition probability ( ) ( )
1Pr( | )k k

t tI s I r  . I estimated the λ0, λ1 and ω parameters first from the 

observed data using method of moments (78), and then used the standard Viterbi algorithm (79) to infer 

the hidden states ( )k
tI , namely the enriched vs. non-enriched bins. The Viterbi algorithm determines the 

hidden state of each bin according to the criterion that posterior probability of each bin in the inferred 

state (enriched or non-enriched) should be larger than the posterior probability of this bin in the other 

state, given the model and observation. Finally, the adjacent enriched bins were concatenated into 

enriched regions. A cartoon illustration of how first round HMM works is shown in Fig. 2a. 
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2.1.2.4 Identify reliable binding sites (second round HMM) 

        To identify reliable binding sites, the enriched regions were further divided into bins of 1bp. Let 

(n) ( )( , )n
b bm x  be the number of mutations and total tag count in the b-th base pair of the n-th enriched 

region. This HMM was designed to have two states: 
( )

( )
0 if base pair b is not a binding site

1 if base pair b is a binding site

n
b

n
b

D

D

 



 

The observed number of mutations ( )n
bM  given the tag count ( )n

bX given ( )n
bD  was modeled by

( ) ( ) ( ) ( )
0

( ) ( ) ( ) ( )
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n n n n
b b b b
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, here a zero inflated binomial distribution (ZIB) (80) 

with probability 0p , size ( )n
bX  and inflation parameter φ was used to model the background mutations, 

Fig. 2. Cartoon representation of MiClip algorithm (a) A cartoon of the first HMM. At the bottom, “# 

Tag” refers to the rounded number of tags covering each bin and “State” shows whether a bin was 

inferred to be “enriched”. (b) A cartoon of the second HMM. At the bottom, “# Tag” refers to the 

number of total tags covering each base, “# Mut” refers to the number of mutant tags covering each 

base and “State” shows whether a base was inferred to be a “binding site”.  



21 
 

 
 

such as random sequencing errors at non-binding sites ( ( ) 0n
bD  ), and a binomial distribution with 

probability 1p  and size ( )n
bX  was used to model the cross-linking induced mutations at RBP binding 

sites ( ( ) 1n
bD  ). So, the emission probability could be written as: 

( ) ( )
0 1 0 0 1 1Pr(M | , , , , ) (1 ) ( 0) (1 ) (1 ) (1 )n n m x m m x m

b b
x x

m X x p p I m p p p p
m m

            
               

      
 where θ is the proportion of binding sites in enriched regions. I estimated the parameters as follows: First, 

from the density plot of mutation rates (m/x), assume that I could observe two modes 1̂f  and 2f̂ , where 1̂f  

corresponds to the probability for success of the background ZIB component and 2f̂  corresponds to the 

probability of success for the binomial component. Then, I chose a parameter c specified by the user, so 

that 1 2
ˆ ˆf fc  . The bins with mutation ratio < cm

x  were used to estimate 0p  and φ for ZIB distribution 

using method of moments, and the remaining bins were used to estimate 1p  for the binomial distribution. 

According to our simulation studies (data not shown), the estimation procedure is robust and the choice of 

parameter c will not greatly change the estimated parameters. Again, the standard Viterbi algorithm (79) 

was used to infer the hidden states, and the probability of being a reliable binding site 

( )Pr(D 1| X, M)n
b 

 
 was calculated for each base pair b. The enriched part of the peak in Fig. 2a is 

shown as a cartoon in Fig. 2b to illustrate how second round HMM works.  

2.1.2.5 Motif Analysis 

        Exact matches to the 7-mer seed motifs of the top 10 most enriched miRNAs were scanned by an in-

house Perl script (this script was included in the exec folder of the MiClip package for users to replicate 

our results). The Perl script scanned the 7-mers through the genomic sequences covered by all significant 

clusters in the HITS-CLIP dataset and reported the locations of matches. To estimate the signal to noise 

ratio, 40,000 background sequences (with the same length as the mean length of the identified clusters) 
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that have no overlapping regions with the target sequences were randomly chosen from the mouse 

genome. The same scanning procedure was done in these background sequences to calculate the 

signal/noise ratio for miRNA seed motif enrichment. The relative distances from the binding site to the 

centers of the matches within each cluster were calculated. If a cluster has more than one possible binding 

site, the shortest distance was kept for analysis.  

2.1.3 Analysis results 

        In the AGO HITS-CLIP study, AGO protein bound to mouse brain RNAs was purified by UV-

irradiating P13 neocortex and immunoprecipitation. After purification, complexes of two different modal 

sizes were observed: 110 kD complexes harboring miRNAs (miRNA library) and 130kD complexes 

harboring mainly mRNAs (mRNA library). The MiClip analysis was carried out only on the mRNA 

library. All five replicates of the AGO mRNA datasets were pooled, resulting in a total of around 26 

million reads. Around 22 million reads were aligned successfully to the mm10 reference genome by 

Novoalign. Removing duplicates has been shown to be important in CLIP-Seq analysis, and many recent 

studies adopt slightly different methods of collapsing duplicate reads in specific datasets (23,52,65). To 

be general, MiClip reads with exactly the same chromosome, strand, start site and end site were defined 

as duplicates and collapsed to one tag. About 1.6 million unique tags were kept after removing duplicates. 

Then, tags overlapping by at least one nucleotide were grouped together to form CLIP clusters. Around 

380,000 clusters with two or more overlapping tags were formed. According to the study by Zhang, et al. 

(45), deletion is the characteristic marker mutation for protein-mRNA interaction sites in AGO and Nova 

HITS-CLIP experiments. Thus, I only counted the occurrences of deletions on each genomic site in our 

analysis for this dataset. 

        To identify the enriched regions, all clusters were divided into bins of 5bp, resulting in a total of 

3,525,678 bins. On average, each cluster was divided into ~9 bins. All the bins derived from the same 

cluster were defined as one observation sequence. A two-component-Poisson mixture model was fitted 
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for all the tag counts on the bin-level, and the status of being enriched or non-enriched for each bin was 

inferred from the first round HMM. After the first round HMM, 291,160 enriched bins were identified, 

which correspond to 39,471 clusters. Then, adjacent enriched bins were concatenated together and formed 

41,078 enriched regions. This number is larger than 39,471, because some clusters have multi-modal 

peaks, which results in multiple enriched regions inside one cluster.  

        To identify reliable binding sites, total tag and mutant tag information was collected on a single 

nucleotide basis within the enriched regions, resulting in 1,441,030 bases. Then, a mixture model of a 

zero-inflated binomial distribution and a binomial distribution was fitted for the total tag numbers and 

mutant tag numbers of all 1,441,030 bases. The zero-inflated binomial distribution was used to 

encompass background mismatches on non-binding sites, such as random PCR and sequencing errors, 

and the binomial distribution was used to encompass mismatches induced by cross-linking on binding 

sites. The status of binding and non-binding at each base pair was then inferred by using the second round 

HMM, and 6,867 single-nucleotide binding sites were identified. There are 5,795 out of all 39,471 

enriched CLIP clusters containing binding sites, and most of them contain only one binding site per 

cluster. I also randomly permuted the total tag counts and mutant tag counts data, and the MiClip 

algorithm found a total of 665 CLIP clusters with at least one reliable binding site in the permuted data. 

Therefore, the False Discovery Rate (FDR) is 0.11. 
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        All CLIP clusters were marked as to whether they contain enriched regions, and for clusters with 

enriched regions they were marked as to whether they contain at least one binding site (Fig. 3a). A CLIP 

cluster containing at least one enriched bin with binding site(s) was reported as a reliable cluster. The 

(a) 

 

(b) 

 

Fig. 3. MiClip analysis results on exemplary datasets (a) The inference results of MiClip on AGO CLIP 

clusters. At the bottom, “Strand” refers to the strands of clusters, “Enriched bins” shows whether a 

cluster contains enriched bins and “Binding sites” shows whether a cluster contains binding sites. This 

region covers part of the Tor1b gene. (b) The percentages of all 5,795 reliable clusters identified by 

MiClip and all reads as background control mapped to each annotation category. CDS represents coding 

sequence, upstream 2k represents 2kb regions upstream of the 5’UTRs, downstream 2k means 2kb 

regions downstream of 3’UTRs and Intergenic represents distal genomic regions not included in all the 

other categories.  
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orange bars show non-enriched bins, the red bars show enriched bins and the blue arrow points to the 

binding site. For each identified binding site, MiClip produced a probability score, which could be used to 

prioritize subsequent validation experiments. A site with a higher probability score means this site is a 

more reliable binding site. When I aligned the reliable clusters to the mouse genome and summarized the 

genomic locations of these clusters (Fig. 3b), I discovered that the largest portion of the clusters (35%) 

falls into 3’UTR. This is followed by coding sequences (27%) and intronic regions (25%), while 5’UTR, 

5’UTR extended regions and 3’UTR extended regions each contain 1.6%, 1.2% and 3.6%, respectively, 

of the clusters. Within mRNAs, the clusters are highly enriched in 3’UTR (~55%). This observation is 

consistent with previous knowledge of miRNA regulation (49). Also the percentage of each annotation 

type is distinctly different from the background distribution of the annotation types of all the reads as 

control (Fig. 3b), supporting the algorithm’s ability of filtering for true binding sites in the 3’UTR. 

Therefore our results suggest that the MiClip method is able to find reliable CLIP clusters with functional 

significance.  
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Fig. 4. miRNA seed motifs detected by MiClip on exemplary datasets (a) An exemplary cluster with 

one reliable binding site and a seed match for miR-9. The red rectangle is the binding site, which has 

14 mutant tags out of 45 total tags. The miR-9 seed motif is ACCAAAG, which locates 20 bp 

downstream of the binding site. (b) The positions of seed matches of miR-9 (positions 2-8) within the 

5,795 significant clusters. 4 out of 199 seed motifs are more than 100 bp upstream or downstream 

away from the binding sites, which are ignored. X-axis is the relative position with respect to the 

binding site within each cluster.  (c) The pileup of seed matches of the top 10 miRNAs (positions 2-8) 

within the 5,795 significant clusters drawn as density curves. 49 out of 1557 seed motifs (all top 10 

miRNAs) are more than 100 bp upstream or downstream away from the binding sites, which are 

ignored.  (d) The signal/noise ratio of miRNA seed motif enrichment. The blue bars show enrichment 

ratios for MiClip and the orange bars show enrichment ratios for the ad hoc method. The numbers on 

top of these bars show the signal/noise ratio for clusters found by MiClip divided by the signal/noise 

ratio for clusters found by the ad hoc method. 
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        To further validate the MiClip approach, I tried to correlate identified CLIP mRNA clusters with 

miRNA seed matches. A recent X-ray study suggests that the AGO proteins function by forming ternary 

structures with miRNA and mRNA (81). By mapping short reads from the miRNA library, Chi, et al. 

were able to identify the most enriched miRNA species and rank the miRNA species by their abundance, 

with the most abundant miRNA being miR-30. I scanned for the 7-mer (position 2-8) seed motif matches 

for the top ten most enriched miRNAs within the 5,795 clusters. Fig. 4a shows an exemplary significant 

CLIP cluster with a motif match for miR-9. The red arrow points to the identified binding site, which has 

14 deletions, and the probability of this site being a true binding site is > 0.999. A miR-9 seed motif 

match occurs at 20bp away downstream of the binding site. I calculated the relative distances to the 

centers of the miR-9 seed motifs from the binding sites within all reliable clusters containing miR-9 

motifs. For the example shown in Fig. 4a, this distance is +20. Then, I plotted the positions of conserved 

miR-9 seed matches relative to binding sites according to the calculated distances (Fig. 4b). I found that 

most of the miR-9 seed matches are within -50 to +50 bp of binding sites and form a sharp peak around 

position 0, which are the binding sites. Also, I plotted the distances relative to the binding sites for all the 

top 10 miRNAs in Fig. 4c, and in this figure I plotted the pileup of seed motifs as density curves, for the 

sake of clarity. The seed matches for all top 10 miRNA motifs also tend to form very sharp peaks towards 

position 0, confirming the validity of the identified clusters and binding sites. Interestingly, the vertical 

line at pos=0 does not cross many motif matches in Fig. 4b and Fig. 4c, indicating the binding sites are 

not located directly within seed motifs. This is because in the AGO HITS-CLIP experiment, miRNA and 

mRNA were paired at the seed motif, and thus partially protected from cross-linking. Similar phenomena 

were observed in previous work by another group (7). Another interesting point to note is that seed motifs 

of some miRNAs, like miR-9, are predominantly downstream of binding sites, while motifs of other 

miRNAs, like let-7, locate both upstream and downstream of binding sites in large numbers. Overall, 

these results confirm the validity of the identified binding sites by MiClip, and show that using binding 

sites rather than peak summits, as in the original study, is more informative for finding protein binding 

locations. 
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        Moreover, I calculated the percentages of the 5,795 clusters with seed motif matches for the top 10 

miRNAs, as well as the percentages in 40,000 background sequences, for computing the signal/noise 

ratios for the top 10 miRNAs, as in the original publication (41) and others (82) in the field of nucleotide 

motif discovery. I found that 9 out of 10 miRNA seed matches are enriched (Table 2). In the original 

publication, the authors also provided enrichment ratios for the top 10 miRNAs from their list of 

significant clusters, but the enrichment ratios are not as high as calculated from the results of MiClip (Fig. 

4d). For each miRNA, signal/noise ratio by the MiClip method over the ad hoc method ranges from 1.17 

for miR-125 to 4.01 for miR-34 (Fig. 4d). In conclusion, MiClip is able to find AGO binding sites and 

reliable CLIP clusters with better biological significance than the ad hoc method used in the original work.  

Rank miRNA Seed motif 

#  clusters 
with seed 
match 

Percentage of 
clusters with seed 
match 

Percentage of 
background 
sequences with seed 
match Signal/Noise 

1 miR-30  TGTTTAC  162 2.79% 0.69% 4.04 

2 miR-9  ACCAAAG  199 3.43% 0.88% 3.89 

3 miR-181  TGAATGT  165 2.84% 1.03% 2.75 

4 miR-26  TACTTGA  102 1.76% 0.57% 3.08 

5 let-7  CTACCTC  225 3.88% 0.64% 6.06 

6 miR-27  ACTGTGA  189 3.26% 0.98% 3.32 

7 miR-708  AGCTCCT  46 0.79% 1.16% 0.68 

8 miR-124  GTGCCTT  318 5.48% 0.7% 7.82 

9 miR-34  CACTGCC  66 1.13% 0.90% 1.25 

10 miR-125  CTCAGGG  85 1.46% 1.05% 1.39 

Table. 2 The enrichment of the top 10 miRNA seed sequences within the 5,795 clusters. 



29 
 

 
 

2.1.4 Discussion 

        In this study, I presented the MiClip approach for identifying reliable protein-RNA binding sites and 

clusters in CLIP-Seq datasets. MiClip is a model-based approach that can identify high-confidence 

binding sites using probability scores. Different from crosslinking-induced mutation sites (CIMS) 

analysis (45) that only looks at mutation rates, MiClip approach analyzes both tag counts and numbers of 

mutations simultaneously to improve detection power. It employs two HMMs, one for searching enriched 

regions at 5bp resolution, and the other for searching binding sites at single base-pair resolution. The two-

stage approach handles large sequencing data efficiently, while identifying binding sites at high-

resolution. One potential of MiClip is that it requires only 2 parameters to control the model fitting. The 

first one is the cutoff for truncating the counts of bins with extremely large count data (for the first HMM) 

and the second one is the parameter c in parameter estimation (for the second HMM). In comparison, 

PARalyzer requires more than 8 parameters, and wavClusteR requires 3 parameters to control model 

fitting. Some of these parameters are not intuitive and informative, so it could be difficult to decide the 

best values for these parameters. Usually the more parameters there are, the more difficult and confusing 

it will be. In the MiClip software, I provided default values for the 2 parameters, based on our experience 

with several CLIP-Seq datasets. 

        Choosing the characteristic marker mutation is important when analyzing CLIP-Seq datasets. The 

marker mutation type for PAR-CLIP dataset is easy to determine, because it depends solely upon the type 

of analog used in the experiment. However, for HITS-CLIP experiments, choosing the right type of 

mutation as the marker for binding events could be difficult. According to Zhang, et al. (45), deletion is 

the marker mutation for AGO and Nova HITS-CLIP experiments, but this may not hold true for other 

proteins. In fact, our unpublished data shows that for a certain human protein, I might need to include all 

types of mutations as marker mutations, because a well-defined target transcript bound by this protein 

contains large and comparable amounts of deletions, insertions and substitutions. In such cases, it is a 



30 
 

 
 

good idea to run MiClip multiple times, each time specifying a different marker mutation or mutation 

combination, in order to compare the results and see which setting leads to the most reasonable results. 

        The MiClip algorithm takes full advantage of the unique properties of HMM, which is the core of the 

MiClip algorithm. First, HMM is a powerful method to identify hidden states with spatial dependencies 

between neighboring observations. CLIP clusters formed by overlapping short tags should have inherent 

spatial dependency features. For example, bins with tag intensity of 5 can be inferred either as enriched or 

non-enriched with similar probabilities. But bins with tag intensity of 5 should have higher probability of 

being inferred as enriched when their neighboring bins have bigger tag counts, which is how spatial 

dependency plays a role in statistical inference. For inference of enrichment, I implemented the Poisson 

model. For future studies, it would be interesting to investigate whether a Negative Binomial mixture 

model could help improve the inference accuracy. Secondly, protein binding events will lead to 

sequencing tag pile up, as well as sequencing mismatches in a random process, which can be naturally 

reflected as an emission function. In the AGO HITS-CLIP data, genomic sites with mutation ratio around 

0.18 have similar probabilities of being inferred as binding sites or non-binding sites. Here, using 

binomial distributions to model the number of mutations, while considering the total tag counts, is better 

than looking at the mutation rate alone. As a simplified example, let us assume the mutation probabilities 

are 0.2 and 0.1 for a binding site and a non-binding site, respectively. The probability of observing 3 

mutations from 10 tags is 0.201 and 0.057 at a binding and non-binding site, respectively, while the 

probability of observing 30 mutations from 100 tags is 0.0052 and 1.84e-8 at a binding and non-binding 

site, respectively. As a result, although the mutation rates are the same (equals 0.3), the probability of 

being a binding site for a site with 10 tag counts is different from a site with 100 tag counts. Overall, 

MiClip’s analytic power is derived from the appropriate use of HMM. Besides, this model-based 

approach is able to provide a probability value for each identified binding site, which helps researchers 

plan subsequent experiments.  
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        The MiClip R package is designed to be flexible in analyzing both HITS-CLIP and PAR-CLIP 

datasets. In MiClip, the marker mutations introduced in HITS-CLIP and PAR-CLIP experiments could be 

defined as deletion, insertion, substitution, or some combination of these mutation types. For example, if 

the characteristic mutations induced for a specific protein are both deletions and insertions, the MiClip 

method can take both types of mutations into consideration at the same time. I also added an option in the 

MiClip package to incorporate background sequencing data for normalization purpose, if such data are 

available. Conducting background profiling of gene expression as a control for CLIP-Seq experiments has 

not become a standard procedure yet, but could be very helpful for improving the accuracy of the 

identification of RBP targeting sties. The package can handle both single-end and paired-end CLIP-Seq 

data. Users could run this package on UNIX, Mac OS or PC machines. In addition, the MiClip package is 

highly efficient. It takes 45 minutes for MiClip to analyze the FUS PAR-CLIP dataset with sequencing 

depth ~4.2 million reads, compared with wavClusteR which takes 2 hours to analyze the same dataset. For 

the AGO HITS-CLIP dataset with ~26 million reads, MiClip only takes 60 minutes to process. Although 

it takes PARalyzer about 30 minutes to process the FUS dataset, it can only accept Bowtie-format output 

files from the Bowtie aligner, which severely limits its application. 

2.2 Differential analysis of RNA-RBP binding strength in two conditions 

2.2.1 Background and rationale 

        Although a few bioinformatics tools like PARalyzer, CLIPZ, wavClusteR, and miRTarCLIP 

(1,7,10,23) have been developed to analyze single CLIP-Seq dataset, the quantitative comparison of 

multiple CLIP-Seq datasets has only recently gained interest in the field (83-85). Piranha (8) has been 

developed for CLIP-Seq and RIP-Seq (86) data analysis, and also provide a procedure for comparative 

analysis. However, the comparative analysis procedure in the Piranha is relatively ad hoc, and does not 

utilize the spatial dependency among neighboring genomic locations, which is an important characteristic 

in creating differential binding profiles. A straightforward way to compare RNA-RBP interaction profiles 
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across conditions is to analyze individual CLIP-Seq data separately to identify the peaks (or binding sites) 

for each condition and then use coordinate overlapping or similar approaches to obtain common and 

differential binding sites. However, this ad hoc approach compares the results qualitatively but not 

quantitatively. For example, if a region is bound by an RBP under two distinct conditions (e.g. wild type 

vs. knockout) with both significant but different binding intensities, the ad hoc approach will not be able 

to detect this region as a differential binding site. In addition, this ad hoc approach is over-sensitive to the 

cutoffs used for analyzing individual data, and has been shown to underestimate the similarity of two 

samples when applied to the analysis of multiple ChIP-Seq experiments (87,88). Therefore, a 

computational approach that can compare different CLIP-Seq datasets simultaneously and quantitatively 

is needed.  

        The main challenge to comparing genome-level sequencing profiles across conditions quantitatively 

is that the next-generation sequencing data usually contains relatively low signal-to-noise ratios (89,90). 

Differences in background levels further complicated the analysis. To address these problems, several 

computational approaches were developed for comparative ChIP-Seq analysis, including ChIPDiff (91), 

ChIPnorm (92), MAnorm(93), and dPCA(94). These computational approaches have greatly facilitated 

the understanding of dynamic changes of protein-DNA interactions across conditions. However, these 

computational approaches cannot be directly applied to CLIP-Seq data in order to identify differential 

RNA-protein interactions, due to some inherent differences between ChIP-Seq and CLIP-Seq data. First 

of all, CLIP-Seq data is strand-specific, while the tools designed for ChIP-Seq experiments do not 

consider strands of peaks. Second, CLIP-Seq experiments usually induce additional characteristic 

mutations in high-throughput sequencing reads, but the mutation information in the raw sequencing data 

is simply discarded in the bioinformatics software designed for ChIP-Seq data analysis. Third, CLIP-Seq 

reads are usually short, and the reads are not shifted or extended when counting tag intensities, but 

shifting or extension of reads is a necessary step in ChIP-Seq analysis (77). Fourth, CLIP-Seq requires a 

much higher resolution (close to single nucleotide) in detection of RBP-binding sites, but ChIP-Seq 
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software usually work on a much lower level of resolution. For example, ChIPDiff works is limited to 

1kb and ChIPnorm typically on a resolution of a few hundred base pairs. In addition, the method 

proposed by Bardet et al. (87) is not bundled as a portable software and takes about two days to finish. 

Therefore, I have developed the dCLIP software for detecting differential binding regions in comparing 

two CLIP-Seq experiments.  

        dCLIP is a two-stage computational approach for comparative CLIP-Seq analysis. As the first stage, a 

modified MA-plot approach was designed specifically to normalize CLIP-Seq data across datasets in 

order to obtain high resolution results. As the second stage, a hidden Markov model (HMM) was 

developed to detect common/different RBP-binding regions across conditions. The HMM has a great 

advantage in modeling the dependency among adjacent genomic locations, which leads to improved 

performance in identifying differential binding sites. Here, I show that dCLIP can accurately identify RBP 

differential binding sites through the comparative analysis of four differential CLIP-Seq datasets.  
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2.2.2 Materials and methods 

 

2.2.2.1 Data preprocessing 

        An overview of the dCLIP pipeline is shown in Fig. 5. Data preprocessing is conducted in a strand-

specific manner. For HITS-CLIP and PAR-CLIP, duplicate reads with the same mapping coordinates and 

the same strand are first collapsed to unique tags. The characteristic mutations are collected on all tags 

and written to separate output files. CLIP clusters are defined as contiguous regions of nonzero coverage 

in either condition and are identified by overlapping CLIP tags from both conditions. The tags that 

 

Fig. 5 Schematic representation of the dCLIP pipeline. A summary of the major steps of dCLIP is 

provided as a flow chart. The format of the input and output files is also provided in the flow chart.  
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comprise each cluster retain their original condition identity. As a high resolution is needed for CLIP-Seq 

analysis, dCLIP divides the clusters into bins of small length (the default is 5 bp) and calculates tag 

counts in each bin for both conditions. More specifically, the number of tags covering each base is 

calculated and the counts on all bases in each bin are summed to be the tag intensity count for that 

location. Therefore, the i-th bin in the j-th cluster has a pair of data points (j) ( ) ( )
,1 ,2(x , x )j j

i i ix  , where ( )
,1x j

i  is 

the tag intensity count for the first condition, ( )
,2x j

i was the tag intensity count for the second condition.  

        iCLIP dataset preprocessing mainly follows that of Konig et al. (95), with minor modifications. 

Sequencing reads with the same random barcode represent PCR duplicates. Duplicates were removed and 

barcodes were trimmed from the unique tags before mapping to the reference genome. A helper script, 

remove_barcode.pl, is provided in the dCLIP software to help users remove barcodes from Fastq 

sequencing files. After mapping, the first nucleotide upstream of each mapped cDNA, defined as the 

“cross-link nucleotide,” is expanded by a few nucleotides (specified by the users) in both downstream and 

upstream directions from its location, namely adding 1 to the tag counts on all bases in this short window. 

Therefore, the total tag count on each base is calculated as the sum of expanded cDNA counts covering 

that base and the mutant tag count will always be zero. Similarly, cDNA counts in both experimental 

conditions are summarized on the bin-level in regions of non-zero coverage.  

2.2.2.2 Data normalization 

        Due to the different sequencing depths of the two CLIP-Seq samples, a normalization step is essential 

for an unbiased comparison. However, the common method of normalizing by total number of tags in 

high-throughput sequencing studies could be problematic, because of different signal-to-noise ratios for 

different samples. I implemented the MA-plot normalization method, which was originally designed for 

normalizing microarray data (96), and later applied to ChIP-Seq analysis (93). When applying MA-plot 

method to normalizing microarray data, generally the expression value for each gene body is used as a 
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unit in normalization. When applying MA-plot method to normalizing multiple ChIP-Seq data as in (93), 

read counts in the 1000bp windows centered on the summits of peaks are used as a data unit in 

normalization. However, in dCLIP, I modified the MA-plot method to normalize count data on the bin 

level, as high resolution is required in CLIP-Seq data analysis. The (j) ( )( , )j
i iM A value of each bin is then 

defined as  

(j) ( ) ( )
,1 ,2

( ) ( ) ( )
,1 ,2

ln(x ) ln(x )

ln(x ) ln(x )

j j
i i i

j j j
i i i

M c c

A c c

   

   
. 

        A small number c is added to each count value to avoid logarithm of 0 count. I assumed that both 

conditions share a large number of common binding regions with similar binding strength. Therefore, a 

linear regression line M a b A   is fitted to bins whose ( )
,1x j

i
 and ( )

,2x j
i

values are both larger than a user-

defined cutoff. As common binding sites should have similar binding strengths, the parameters derived 

from the regression model should capture the true scaling relationship between the two samples. This 

scaling relationship is extrapolated to the whole dataset, by subtracting a fitted M value from the linear 

regression model from the raw M value of every bin in all clusters. The adjusted M value is used in the 

following data analysis.  

2.2.2.3 Hidden Markov Model (HMM) 

        HMM is a statistical Markov model in which the system being modeled is assumed to have spatial 

dependency between neighboring data units. RBP-RNA interactions involve a short stretch of RNA, 

which could span up to a few bins (41). This ensures the strong auto-correlation of tag counts in 

neighboring bins, which can be modeled by HMM. Therefore, I applied HMM to identify 

common/differential binding regions from the adjusted M values. As these adjusted M values come from 

many individual CLIP clusters, the HMM model has multiple observation sequences. During the 
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statistical inference, all observation sequences share the same transition matrix and the same emission 

function. 

        The HMM has three possible states for each i-th bin in the j-th cluster: 

(j)

(j)

(j)

0 stronger binding in condition 1

1 non-differential binding site
stronger binding in condition 22

i

i

i

I

I

I

 





   

        Accordingly, the transition matrix  is a 3×3 matrix, whose element ,r s  ias the transition probability 

(j) (j)
1Pr( | )i iI s I r  . Given state ( )j

iI , the adjusted M values are fitted by a three-component normal 

mixture model. Because the common peaks that are determined by similar mechanism in both conditions 

are normalized towards the same binding strength, the middle normal component is assigned a mean of 0. 

To avoid unreasonable assignment of bins to hidden states when the adjusted M values are extremely 

large or small, the three normal components are all assumed to have the same variance. Also in order to 

simplify the problem, the means of first and third normal components are assumed to have the same 

absolute value but different sign.  

        To estimate the parameters for the HMM, I adopted an empirical-based method by fitting the 

adjusted M values to a three-component Gaussian mixture model. 

( ) ( ) ( )2 2 2

2 2 2
(M ) (M ) (M )

( ) 2 2 21 1 1( | , , p) p (1 2p)
2 2 2

j j j
i i i

j
if M e e p e

 
   

  

 

          . 

Since I assume that most sites would not show changes in their binding between conditions, the second 

component should dominate the mixture distribution. Then the first and the third components could be 

treated as outliers if I solely focus on the second component. Then I apply a MAD (median absolute 
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deviation) method (97) to robustly estimate the standard deviation to estimate  , by equating 

ˆ =median(|M-median(M)|) 1.4826  .  

        The other parameters p and   are estimated by a recombinant method that combines method of 

moments estimator and maximum likelihood estimator (98). Simply speaking, the second moment and 

sample second moment of the mixture distribution are given by 

2 2 2 2 2
2

( ) 2

2

ˆ( ) (1 2p) ( )
( )

ˆ
j

i

p p
M
n

     



        



 

 

        By equating the above two formulas, I could get a constraining relationship between p and . The 

likelihood function was written as 
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        So, using grid approximation, I obtain a pair of p̂ and ̂ which maximizes the likelihood function 

and also maintains the constraint at the same time.  

        The emission probabilities are calculated from the fitted model and fixed for each bin in different 

states before the iterations of HMM start. To find the chain of hidden states most likely given the 

observations and the model, a Viterbi dynamic-programming algorithm is employed to infer the hidden 

state 
(j)
iI .  

2.2.2.4 Data visualization 
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        Finally, adjacent bins inferred to be in the same state are concatenated into continuous regions. A 

BED file is then generated to be uploaded to the UCSC Genome Browser, each entry of which is one 

continuous region in the same state. In addition, a TXT file is also generated that describe in more detail 

the inference results of each bin. Eight bedGraph files are generated that store the total or mutant tag 

counts for both conditions and both strands. These files can also be directly uploaded to the UCSC 

Genome Browser for visualization.  

2.2.2.5 Implementation 

        The dCLIP software was implemented in the Perl programming language and Perl (version >= 5.16) 

together with two Perl modules PDL and PDL::Stats are needed to run the program. The implementation 

is supported on all major operation platforms. 

        The dCLIP software inputs SAM format alignment files of the two conditions to be compared. The 

SAM format files can be in single-end mode or paired-end mode. The users can specify parameters such 

as bin size, minimal number of tags in a cluster, the number of nucleotides to expand for cDNA counts 

(iCLIP), the type of  characteristic mutations to be profiled and the stop conditions for the HMM. 

2.2.3 Analysis results 

        To show the application of dCLIP in a real dataset, I applied the dCLIP software to a PAR-CLIP 

dataset where the RBP under investigation is FMR1 (29). The FMR1 RBP family comprises three 

members, FMR1, FXR1, and FXR2. FMR1 encodes for many isoforms, of which isoform 7 is 

predominantly expressed (99). The authors identified two major binding motifs of FMR1, ACTT/ACTG 

and AGGA/TGGA. The authors generated a recombinant FMR1 isoform 7 protein with a point mutation 

I304N in the KH2 domain. Through electromobility shift assays (EMSAs) and PAR-CLIP experiments 

conducted with the wild-type and I304N proteins, the authors found the KH2 domain to be specific for 
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binding to the ACTT/ACTG motif. Therefore, diminished binding to the ACTT/ACTG motif, rather than 

the AGGA/TGGA motif, should be the primary effect of the point mutation. 

        I downloaded the raw sequencing files from GSE39686. Adapters were trimmed and the sequencing 

reads were aligned to the hg19 genome using Bowtie (100). Then I analyzed the mapping files with the 

dCLIP software. dCLIP found a total of 9,859 FMR1 isoform 7 binding sites that have stronger binding 

strength in the wild-type than in the I304N mutant condition and have at least an average tag intensity of 

3 in the wild-type condition. I showed one such binding site in Fig. 6a. This binding site locates in the 

3’UTR of the Smad4 gene. The blue bar marks the binding region that has reduced binding upon 

mutation. Both the total tag counts and T->C mutation counts are shown.  
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Fig. 6 The analysis of the FMR1 dataset by dCLIP. (a) An example of FMR1 binding site with 

stronger binding in the wild-type condition than the I304N condition. The total tag counts and T->C 

mutant tag counts are shown. Green bars indicate common binding regions, and blue bars indicate 

regions with stronger binding in the wild-type than the I304N condition. The peak heights are scaled 

proportionally to the total sequencing depths of the two samples. (b) The relative counts of T->C 

mutations on top of all ACTT/ACTG and TGGA motifs found within the 9,859 binding sites. The T-

>C mutation counts on the T bases in these motifs are divided by the total T->C counts in a 30 bp 

window as background distribution. As the sequences surrounding these motifs vary and for each 

base outside these motifs only a fraction of the 9,859 binding sites have T base, they are all marked 

as N.  The P values shown are for testing the differences in the proportions of T->C counts on top of 

each motif out of the total T->C counts in the 30-bp window between the wild-type condition (pink 

line) and I304N condition (blue line). 
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        I further calculated the number of T->C mutations that occur on top of all ACTT, ACTG and TGGA 

motifs found within those 9,859 binding sites in both the wild-type and I304N condition (Fig. 6b). The T-

>C mutation counts on the T bases in these motifs are divided by the total T->C counts in a 30 bp window 

as the background distribution. As the AGGA motif does not have a T base, there will not be any T->C 

mutation on top of this motif and this motif was not included in this analysis. The normalized number of 

T->C mutations in the I304N condition was smaller than the number of T->C mutations in the wild type 

condition for the ACTT/ACTG motif as well as the TGGA motif, consistent with these sites having 

weaker binding in the I304N condition. The extent by which the relative T->C mutation counts decreased 

in the I304N condition was much more significant for the ACTT/ACTG motif (Pval<2e-16 for ACTT, 

Pval=1.9e-12 for ACTG) than the TGGA motif (Pval=1.4e-5). This is expected because the I304N point 

mutation locates in the KH2 domain responsible for binding to the ACTT/ACTG motif. As ACTT/ACTG 

and TGGA/AGGA motif always occur in adjacent or nearby regions on the genomic sequence, a loss of 

binding affinity to the ACTT/ACTG motifs by the I304N mutation should lead to a secondary, weaker 

effect on the binding of the protein to neighboring TGGA/AGGA motifs. Overall, the analysis of this 

FMR1 PAR-CLIP dataset shows that dCLIP also performs well on PAR-CLIP datasets.   

2.2.3 Discussion 

        The two-stage procedure implemented in dCLIP includes an MA normalization step and a hidden 

Markov model (HMM) to identify differential/common binding sites. The MA normalization is a critical 

step to make the CLIP-Seq data comparable across conditions. The straightforward rescaling by the total 

number of reads across samples is not appropriate for comparative CLIP-Seq analysis because the 

signal/noise ratio usually varies across different conditions. The modified MA plot normalization method 

in dCLIP not only addresses the issue of different signal/noise levels effectively, but also works on much 

smaller units than those used for microarray and ChIP-Seq data analysis, allowing dCLIP to detect 

binding sites of higher resolution required for CLIP-Seq data analysis. To reduce potential bias and 

conduct rigorous comparison across different conditions, I recommend adopting the same experimental 
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and bioinformatics procedures, such as RNase digestion, high-throughput sequencing and alignment, for 

both conditions. 

        The HMM plays a key role in identifying differential/common binding sites of two CLIP-Seq samples 

in the dCLIP software. HMM can increase signal/noise ratios for sequencing data analysis, because it 

takes into account the correlation between consecutive bins. This is particularly important for CLIP-Seq 

data, because of small bin size and high correlations between consecutive bins. The HMM in dCLIP 

defined a common binding state and two differential binding states. One thing to note for the three-state 

HMM is that the identified differential binding sites, for example (enriched, non-enriched), may actually 

only have a small tag enrichment in condition 1, and an even smaller tag enrichment in condition 2. 

Therefore, the differential binding sites need to be ranked and screened as such sites may not be of real 

interest to biologists. The analysis of the miR-155/AGO HITS-CLIP dataset, for example, sets a cutoff of 

average tag intensity of 30 in the wild-type condition.  

        The dCLIP software was benchmarked against the Piranha software (data not shown). Piranha 

incorporates covariates which could represent transcript abundance, count data in the second condition or 

positional mutation information. However, the covariate is incorporated in the statistical model in the 

exactly same way no matter which type of data it actually represents. This design enables Piranha to be 

easily applied to a wide variety of CLIP-Seq data analysis scenarios. However, this one-for-all method 

also harms the detection power of RBP binding regions of interest in each specific scenario, as different 

data types have their unique properties and should be treated differently. The dCLIP method, on the other 

hand, is specialized in comparing two CLIP-Seq experiments and was shown to perform better than 

Piranha in identifying differential binding sites. Therefore dCLIP should be a better choice when the users 

are interested in identifying differential or common RBP-binding sites. 

        In summary, I present a new computational approach, dCLIP, for the comparative analysis of CLIP-

Seq data. dCLIP was implemented as an easy-to-use command line tool in the Perl programming 
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language. The dCLIP software is able to handle HITS-CLIP, PAR-CLIP and iCLIP datasets, and can take 

single-end or paired-end sequencing files as input. The dCLIP software is strand-sensitive and is able to 

detect differential binding sites at almost single-base resolution. It also correctly keeps all of the 

characteristic mutation information for later analysis. Real data analysis shows that dCLIP can accurately 

identify differential binding regions of RBPs and outperforms another CLIP analysis program, Piranha 

(8). I anticipate that the dCLIP software will become a helpful tool for biologists and bioinformaticians 

for comparative CLIP-Seq data analysis.  
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                          CHAPTER THREE – REAL DATA ANALYSIS 

        In two collaborating projects, I applied the aforementioned developed methods to analyze the HITS-

CLIP and PAR-CLIP data that my collaborators generated. In the first project, I identified the AGO2 

binding sites in both nuclear and cytoplasmic compartments, which revealed interesting differences in 

AGO2 binding preferences in these two parts of cells. In the second project, I identified ORF57 binding 

sites in both human and virus genomes. This work greatly expanded the array of genes targeted by ORF57, 

while previously only a few targets are known to be bound by ORF57. This chapter is devoted to a 

description of the results and conclusions I generated from these efforts. 

3.1 Identify nuclear AGO2 binding sites using PAR-CLIP  

3.1.1 Background 

        RNA sequencing (RNA-Seq) has become a widely used tool for investigating gene expression (101). 

Millions of sequence "reads" in combination with bioinformatics analysis and experimental validation can 

provide new insights into fundamental cellular processes. The usefulness of RNA-Seq, however, is often 

limited by the amount of input RNA needed to yield meaningful data. Another limitation comes from the 

lengths of RNA species in certain studies such as sequencing of small RNAs and RNA fragments (102). 

Our collaborators exploited the principle that intramolecular reactions are more favorable than 

intermolecular reactions by developing a sequencing methodology that uses RNA self-circularization 

(RC-Seq). Using this method, I obtained nuclear RNA samples after UV-crosslinking to protein (CLIP-

Seq), while the use of standard methods did not yield data. Therefore, I were able to compare AGO2 

binding site differences in cellular fraction and nuclear fraction using PAR-CLIP.  

45 
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3.1.2 Results 

        I sequenced the nuclear Ago2 PAR-CLIP library derived from our RC-Seq protocols and analyzed 

the results. The aligned sequencing data showed a dominant T to C mutation, consistent with 

incorporation of 4-SU and successful adaptation of the PAR-CLIP protocol to RC-Seq (Fig. 7a) (103). I 

found that 10-12 % of uniquely aligned reads had T to C mutations, a typical rate observed during PAR-

CLIP. I obtained an average of 40 million raw reads and 9 million uniquely aligned reads from duplicate 

determinations. Using MiClip, a program weighing the T to C mutations and optimized to search for 

significant RNA clusters from CLIP-Seq datasets, I identified 7839 clusters from two biological replicates. 

The sequencing data were reproducible between duplicate experiments with a strong concordance 

between grouped aligned reads (Fig. 7b). Of 7839 total clusters, 7187 appeared in both replicates and the 

coefficient of determination was R2 = 0.94. Subsequent genomic annotation shows that more than 50% of 

clusters are localized within intronic regions (Fig. 7c). This data is in a sharp contrast to data from three 

cytoplasmic samples that showed most clusters within the 3'-untranslated region of mRNAs (Fig. 7d), 

likely reflecting differing roles for cytoplasmic and nuclear RNAi (11,12).  
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        To further evaluate the quality of our data, it would be useful to examine the overlap between the 

nuclear Ago2 binding sites detected by RC-Seq and those determined by other methods using Ago2 PAR-

CLIP. I found six accessible Ago2 PAR-CLIP datasets, RNA ligation and whole cells-based (39,103-107). 

The hit lists vary, with the number of significant binding sites ranging from 2,000 to 44,000. All of these 

 

Fig. 7. Preparation of RC-Seq libraries and analysis of PAR-CLIP derived RNAs. (a) Detection of 
mutations in RC-Seq library derived from Ago2-PAR-CLIP, showing the expected T to C transition 
mutation from the incorporation of 4-SU. (b) Scatter plot showing the reproducibility of RC-Seq data 
from 2 biological nuclear replicates (Nuc-1 and Nuc-2). Coefficient of determination, R2 = 0.939. The 
unique tags from the each replicate were clustered and the clusters were binned by a length of 10bp. 
The natural logarithm transformed count data (plus 1) in each bin of a cluster are plotted to show the 
correlation between the replicates. (c) Genetic annotation of Ago2 significant binding clusters 
identified in two nuclear samples (Nuc-1 and Nuc-2). (d) Genetic annotation of Ago2 significant 
binding clusters identified in three cytoplasmic samples. MiCLIP program was used in searching the 
significant clusters in aligned datasets. 
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six datasets were generated from using whole cell lysate for immunoprecipitation, making an exact 

comparison to our nuclear data difficult. In addition, the studies used different anti-Ago2 antibodies and 

cell lines. Notwithstanding these differences, I carried out a comparison to determine overlap in potential 

binding sites between these previous studies and our own, and the previous studies with one another. I 

found that ≤10% of the clusters overlapped between the individual whole cell datasets and our nuclear 

data. The overlapping percentage among any two of the six datasets ranged from 15% to 45%. When 

comparing our cytoplasmic Ago2 datasets to those six published datasets from whole cell lysate, similar 

overlapping cluster percentage (15%-50%) was obtained. These comparisons suggest that our RC-Seq 

method identifies many of the same cytoplasmic significant clusters as had been observed previously, but 

that the identities of cytoplasmic and nuclear clusters are substantially different.   

3.1.3 Discussion 

        RNA sequencing (RNA-Seq) is a powerful tool for analyzing the identity of cellular RNAs but is 

often limited by the amount of material available for analysis. Here our collaborators report a method for 

obtaining strand-specific small RNA libraries for RNA sequencing that requires picograms of RNA. 

Using the new method, our collaborators generated CLIP-Seq libraries from nuclear RNA that had been 

UV-crosslinked and immunoprecipitated with anti-Argonaute 2 (Ago2) antibody. Computational 

protocols were developed to enable analysis of data derived from circular RNA and I observe substantial 

differences between recognition by Ago2 of RNA species in the nucleus relative to the cytoplasm. This 

RNA self-circularization approach to RNA sequencing (RC-Seq) allows data to be obtained using small 

amounts of input RNA that cannot be sequenced by standard methods.   
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3.2 Identify ORF57 binding sites using HITS-CLIP 

3.2.1 Background 

        Kaposi’s sarcoma-associated herpesvirus (KSHV; HHV-8) is a human gamma herpesvirus and the 

etiological agent for Kaposi’s sarcoma (KS), primary effusion lymphoma (PEL), KSHV-inflammatory 

cytokine syndrome (KICS), and some cases of multicentric Castleman’s disease (MCD) (108,109). One 

KSHV factor critical for viral gene expression is the ORF57 protein (Mta) (110,111). While no host 

homologs are known, every herpesvirus encodes a homolog of ORF57 and each is essential for virus 

replication (112,113). ORF57 is multifunctional, but most of its known activities are associated with 

posttranscriptional regulation of gene expression. ORF57 stabilizes viral RNAs in the cell nucleus, 

independent of its reported ability to export intronless RNAs. This function was first suggested by the 

observation that the levels of the polyadenylated nuclear (PAN) RNA is up-regulated by co-expression of 

ORF57 in transient transfections (114,115). Direct determination of PAN RNA half-lives further showed 

increases in PAN RNA levels upon co-expression of ORF57. In addition, ORF57 promotes regulation of 

host gene expression (116), genome instability (117), translation (118), and may be involved in 

transcription (115). 

        Because of the importance of ORF57 RNA-binding for function, a comprehensive understanding of 

the RNAs bound by ORF57 during lytic infection is required to understand ORF57’s essential activities in 

viral replication. In this study, I have adapted high-throughput sequencing of RNA isolated by 

crosslinking immunoprecipitation (HITS-CLIP) for identification of ORF57 targets during lytic 

reactivation. As predicted, I identified CLIP tags mapping to the 5  ́end of PAN RNA and additionally 

observed ORF57 interactions with RNAs generated at the KSHV origins of lytic replication (oriLyt). 

Examination of host targets revealed ORF57 binding sites near the 5  ́end of a subset of the transcripts 

and these often mapped close to the first exon-intron junction. Our collaborator then monitored the RNA 

levels of four potential ORF57 targets (BTG1, EGR1, TNFSF9, and ZFP36) at various times following 
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lytic induction. Interestingly, the levels of these ORF57-bound pre-mRNAs persisted longer than controls, 

suggesting that ORF57 may be stabilizing these cellular pre-mRNAs.  

3.2.2 Results 

        I expanded the dCLIP pipeline for CLIP-Seq analysis to process the replicates simultaneously  to 

identify continuous regions of the genome where CLIP tags were enriched when compared to the 

equivalent region in the input samples. I dubbed these regions enriched clusters and they represent RNA 

fragments bound by ORF57. The general workflow for enriched cluster identification is given in Fig. 8a. 

This analysis led to 2,229 and 219 enriched clusters mapping to the human and viral genomes, 

respectively. Our analysis identified 219 enriched clusters in the viral genome. The enriched clusters 

mapped broadly across the KSHV genome and were observed on plus and minus strand RNAs, consistent 

with a general role for ORF57 in KSHV RNA biogenesis (Fig. 8b). As expected, I identified enriched 

clusters in PAN RNA and the identified clusters were located near the 5  ́end of the RNA, which 

demonstrates that our HITS-CLIP analysis successfully identified ORF57-bound RNA fragments. 
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        A total of 2,229 enriched clusters mapped to the human genome and these ORF57-bound RNA 

fragments correspond to ~700 unique host genes. The human enriched clusters were derived from clusters 

with tag counts spanning several orders of magnitude, so I can be confident that our bioinformatics 

pipeline has a wide dynamic range (Fig. 9a). I determined where the enriched clusters mapped in 

relationship with specific gene features. Over one third of the clusters mapped to introns, while 27% was 

found in coding sequences (Fig. 9b). To look for biases in the location of enriched clusters across genes, I 

 

Fig. 8 Identification of enriched clusters mapping to the KSHV genome. (a) Outline of the 
bioinformatics pipeline used to identify enriched clusters. (b) Genomic location of KSHV enriched 
clusters. The x-axis represents position on the KSHV genome (U75698) and the midpoint of each 
cluster was used as the x-coordinate. KSHV enriched clusters ranged from 19–3679 nt; the mean 
enriched cluster length was 176 nt and the median was 79 nt. A statistical cutoff of 0.001 was used 
to define enriched clusters (dashed lines). For display, the RNA fragments mapping to the KSHV plus 
strand were assigned -log10(p-values) (black) while the minus strand clusters are displayed as 
log10(p-values) (orange).  
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calculated where each enriched cluster midpoint maps as a fraction of the length of that specific gene. The 

results were subsequently compiled to a single model gene (Fig. 9c). While enriched clusters were found 

throughout the length of target genes, I observed a clear overrepresentation of enriched clusters near the 

5  ́ends of genes (Fig. 9c). The enriched clusters concentrated at 5  ́ends (Fig. 8c, bracket) were examined 

based on where they mapped to gene features (Fig. 9d). As expected for 5´-enriched fragments, I detected 

increases in the percentage of enriched clusters mapping to the 5´ UTR and upstream 2 kb and decreases 

in the intergenic regions, downstream 2 kb and 3  ́UTR annotations. I further observed a small increase in 

the percent mapping to intronic regions (36% in the total and 43% in the 5´-most clusters), but it is 

unclear whether this increase is significant. Next, I determined the distances between the transcription 

start sites (TSS) and the 5  ́enriched clusters and observed that the 5  ́enriched clusters do not peak 

directly at the TSS, but rather ~300–500 bp downstream of the TSS (Fig. 9e). In contrast, when I 

examined the distances between the 5´ enriched clusters and the first exon-intron boundary, I observed a 

peak coincident with this boundary (Fig. 9f). Consistent with the observed 43% intronic reads, the peak is 

not solely on the exonic sequence but spans the exon-intron junction. Taken together, these data show that 

a subset of the ORF57-bound RNA fragments map to the 5  ́end of the transcript and are particularly 

concentrated near the 5´-most exon-intron boundary. 
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Fig. 9 Identification and characterization of enriched clusters mapping to the human genome. (A) 
Graph of the 2,229 host enriched clusters with their p-values plotted on the y-axis and the total tag 
count for one of the three biological replicates plotted on the x-axis. Enriched clusters from four 
selected candidate genes are shown in color. (B) Pie chart of the gene feature annotations of human 
enriched clusters. If a cluster spanned multiple different annotations, the cluster annotation was split 
proportionally among the annotations. Upstream and downstream 2 kb refer to clusters mapping 
within 2 kb immediately flanking the nearest annotated gene. (C) The bar graph compares the 
number human enriched clusters (ECs) relative to their position on the closest annotated transcript. 
0.0 and 1.0 correspond to the transcription start site (TSS) and the poly(A) site, respectively. 
Importantly, the length in this graph is relative to the annotated gene and is not a measure of the 
distance in base pairs. The brackets denote the 5´-enriched clusters examined in D-E. (D) Pie graph 
classifies the 5´-enriched clusters based on their gene feature annotations (n = 288). (E) Bar graph 
comparing the number (y-axis) and position (x-axis) of 5´ enriched clusters relative to the 
transcription start site (TSS). The distance is measured in base pairs from the TSS (TSS = 0). (F) Bar 
graph comparing the number (y-axis) and position (x-axis) of 5´ enriched clusters relative to the 5´-
most exon-intron junction. The distance is measured in base pairs from the first exon-intron 
boundary, which was set at zero. 
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3.2.3 Discussion 

        Inspection of the sequence traces confirmed the presence of enriched clusters mapping toward the 5  ́

ends of these RNAs but not in the GAPDH or β-actin controls. Multiple enriched clusters were found in 

each of these RNAs: three, five, four, and four enriched clusters were identified for EGR1, ZFP36, BTG1, 

and TNFSF9, respectively. Using these genes as examples, our collaborator used experimental strategies 

to show that candidate ORF57 target pre-mRNAs persist longer than control pre-mRNAs over the course 

of KSHV lytic reactivation (data not shown). 

        Because of its critical role in the viral life cycle, a mechanistic understanding of ORF57 functions is 

essential to the understanding of KSHV replication and pathogenesis. Our high throughput screening of 

ORF57-bound RNAs begins to address interactions of ORF57 with viral and host RNAs. This work 

extends existing data supporting a general role for ORF57 in the stabilization of a wide variety of viral 

RNAs. In addition, these data suggest that ORF57 nuclear RNA stabilization function is not restricted to 

viral RNAs, but further modulates the processing and decay of host transcripts during lytic reactivation. 

Ongoing studies seek to identify the precise molecular mechanisms of ORF57 interactions with the host 

cell RNA decay machinery that promote the stabilization of viral and host transcripts in the nucleus. In 

addition, it is of great interest to determine how changes in gene expression induced by ORF57 binding of 

host RNAs affect viral replication and/or pathogenesis. 
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       CHAPTER FOUR - IDENTIFY RBP BINDING SITES ON CIRCRNAS  

4.1 Background 

4.1.1 Circular RNA (circRNA) and its importance 

        circRNA is formed when the 3' and 5' ends of part of the linear transcript are joined. The joining 

points are characterized by GU/AG splicing signal. circRNAs are mainly found in cytoplasmic fractions 

(119) and do not seem to have polyA tail, although one circRNA was recently found to be translatable 

(120). Reverse complementary sequences in flanking introns are shown to be necessary for some 

circRNAs, while not for others (121). There is evidence showing that their expression is regulated during 

EMT (122) or neuronal development (123). One study finds that circRNAs compete with pre-mRNA 

splicing (124). And there are two circRNAs cDR1as and Sry that are known to act as miRNA sponges 

(125). Li et al found that a special class of circRNAs could regulate transcription in the nucleus (126). In 

human samples, Bachmayr-Heyda et al discovered a negative correlation of global circRNA abundance 

with proliferation (127).  

4.1.2 Profile RBP-circRNA interaction using CLIP-Seq data 

        Splicing factors are shown to regulate formation of circRNAs (120,121). Conn et al used PAR-CLIP 

to show that Quaking regulates formation of circRNAs via binding sites in introns (122). Li et al 

conducted Pol II CLIP-Seq and revealed a subclass of nucleus-locating circRNAs that are associated with 

Pol II (126). All of these argue for the need of utilizing CLIP-Seq data to reveal the role of RBPs when 

bound to circRNAs. HITS-CLIP, PAR-CLIP and iCLIP differ in the cross-linking strategies and library 

preparation procedures, but all three techniques generate sequencing reads whose genomic mapping 

positions overlap the location of RBP binding sites. If these sequencing reads can be mapped across the 

splicing joining sites of circRNAs, it would provide direct evidence of RBPs binding to circRNAs. To our 

knowledge, a systematic analysis of public CLIP-Seq datasets for this purpose is lacking so far.  
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4.1.3 Challenges of mining RBP-circRNA interactions from CLIP-Seq data 

        Guo et al developed a pipeline and applied it to ENCODE data (119). CIRI is another software to 

detect circRNAs from transcriptome data (128). A database called circBase has been built that  merged 

datasets of circRNAs in different organisms (129). The rationales behind these different approaches are 

similar: an RNA-Seq read whose 3’ end and 5’end map to an upstream and a downstream transcript part 

respectively in reverse configuration is evidence of circRNAs. It can be expected that non-polyA selected 

paired-end RNA-Seq data is most suitable for circRNA discovery. But for CLIP-Seq data, it is difficult to 

apply previously-developed pipelines directly due to two major challenges: (1) CLIP-Seq technology 

involves enzymatic digestion, leading to generally very short read length (2) CLIP-Seq data are almost 

exclusively single-end. (3) CLIP-Seq data usually have limited library complexity, yielding a high PCR 

duplicate rate. CIRI, for example, is known to have high false discovery rate for single-ended data, 

refuses to process data whose alignment length is smaller than 40nt, and cannot distinguish between PCR 

duplicates. 

4.2 Bioinformatics pipeline development 

4.2.1 Download and curation of public CLIP-Seq data 

        I have and will continue to download all public CLIP-Seq data from Human, Mouse and Drosophila 

Melanogaster mainly from GEO and also other data depositories. There are >140 independent studies 

containing >300 sequencing experiments and still growing. Most datasets are from Hela and HEK293 

cells. For the current stage, I only downloaded the CLIP-Seq datasets with wild-type genetic background 

and no treatment or control treatment. The adaptor sequences are found by reading experimental protocols, 

FastQC detection or manual comparison. After trimming adaptors, CLIP-Seq reads that are too short were 

discarded from analysis. To tackle the high PCR duplicate rate problem caused by limited library 

complexity, the remaining reads with exactly the same nucleotide sequence were collapsed to unique tags. 
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4.2.2 Linearization of circRNA library 

        It is disadvantageous to examine whether CLIP-Seq reads can be split and mapped on both ends of a 

splice junction as each segment of the single-ended read will be too short to be aligned unambiguously. I 

can circumvent this problem by linearize nucleotide sequences of previously identified circRNAs around 

their splice junctions and add them to the reference genome as additional chromosomes (Fig. 10a). In this 

way, the CLIP-Seq reads can be aligned as a whole, increasing the possibility of successful alignment. I 

have collected a series of published literature that identified circRNAs by mining RNA-Seq data in 

Human, Mouse and Drosophila (Table 3). I have also run CIRI on Encode (130-132) non-polyA selected 

paired-end RNA-Seq data to discover more circRNAs. There are currently 90 Human, 16 Mouse and 108 

Drosophila samples suitable for this analysis that are available in Encode. 

 

Fig. 10 Cartoon of the pipeline for identifying RBP-circRNA interactions using CLIP-Seq data 

Table 3 Previous publications that reported large scale existence and locations of circRNAs 

Publication Species # circRNAs 
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(124) Drosophila 4053 

(133) Drosophila 38115 

(134) Human 65731 

(129) Human 92375 

(134) Mouse 15849 

(129) Mouse 1903 

 

4.2.3 Competitive alignment of CLIP-Seq reads to circRNA library and reference genome  

        CLIP-Seq reads were mapped simultaneously to the linearized circRNA library and the normal 

reference genome (Fig. 10b). One read can be aligned to 0, 1 or more places. A decision tree was applied 

to determine whether each alignment of a CLIP-Seq read is within a circRNA or a linear transcript (Fig. 

11). Of all alignments for each CLIP-Seq read, if the circRNA alignment has a longer alignment length 

and higher alignment score than any linear transcript alignment(s), if they are any, then this CLIP-Seq 

read was assigned to a circRNA. All datasets were scanned by this rule to count the number of CLIP-Seq 

reads associated with each circRNA. 
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Fig. 11 Decision tree to determine whether each alignment of a CLIP-Seq read is in a linear transcript or a 

circRNA. 

4.3 Pipeline evaluation and downstream analysis 

        In this section, I first show some evidence that our novel algorithm is truly able to identify circRNAs 

bound by RBPs. Then I showed some preliminary downstream analysis results related to RBP binding 

bias, motif enriched on circRNAs, and gene ontology analysis. 
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4.3.1 Evaluation of the circRNA-identification pipeline 

                        

To confirm the validity of the proposed bioinformatics pipeline, I investigated whether our novel pipeline 

is able to re-identify the top 15 experimentally-validated circRNAs bound by PolII in this study (126). In 

Table 4, I showed the number of CLIP-Seq reads identified by our algorithm that supports each circRNA. 

14 of these 15 circRNAs are supported by at least one CLIP-Seq read(s). As for the other circRNA, no 

supporting reads are found because it has a lot of low complexity regions and was excluded from analysis. 

Overall, our pipeline is shown to be very accurate in identifying RBP-bound circRNAs. I may want to 

reduce the stringency of the low complexity filter for more comprehensive inclusion. 

circRNA name Chromosome Start End Strand # supporting 
reads 

circEIF3J chr15 44843074 44843720 + 2 
circPAIP2 chr5 138699448 138700432 + 2 
circRSRC1 chr3 157839892 157841780 + 3 
circFUNDC1 chrX 44383248 44386611 - 3 
circMIER1 chr1 67423742 67428843 + 3 
circSSR1 chr6 7303783 7310262 - 2 
circWDR60 chr7 158662546 158669382 + 3 
circRBM33 chr7 155465561 155473602 + 12 
circMAN1A2-1 chr1 117944808 117957453 + 2 
circMAN1A2-2 chr1 117944808 117963271 + 9 
circNAP1L4 chr11 2972489 3000467 - 4 
circBPTF chr17 65941525 65972074 + 2 
circMAN1A2-3 chr1 117944808 117984947 + 2 
circCLTC chr17 57721637 57763169 + 0 
circCDK11B chr1 1586823 1650894 - 42 
Table 4 Number of CLIP-Seq reads identified to support each of the 15 most enriched PolII-
associated circRNA that have been experimentally validated before. 
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4.3.2 Some RBP-bound circRNAs are predominantly located anti-sense to parental genes 

        circRNAs are usually embodied within regular linear genes which are called parental genes of 

respective circRNAs. The circRNAs could be transcribed in the same direction (sense) or in the opposite 

direction (anti-sense) with respect to the transcription direction of parental genes, although the sense 

direction should be predominantly as circRNAs are spliced from transcripts of parental genes. I 

investigated whether RBP-bound circRNAs tend to transcribe in the sense direction or the anti-sense 

direction of parental genes. To do this, I used proportion of CLIP-Seq reads mapped to linear transcripts 

that are in the same or opposite direction of the linear genes as a control (Fig. 12a). The control is 

important since the strand-specific library preparation required for CLIP-Seq may not be perfect in some 

studies. To support the differing degree of library preparation in different studies, I found that the higher 

proportion of CLIP-Seq reads in anti-sense direction of linear genes for a certain study, the less likely the 

 

Fig. 12 Some RBP-bound circRNAs are predominantly located anti-sense to parental genes. (a) 

Proportion of circRNA reads in sense strand vs. proportion of linear reads in sense strand.  Dot size 

represents number of circRNA sequences in a study. (b) Proportion of linear reads in known genes 

vs. proportion of linear reads in sense strand.  
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sequencing reads from this CLIP-Seq study are mapped to known genes (Fig. 12b), which can be 

regarded as a rough measure of library quality. Overall, the proportion of bound circRNAs in sense 

direction is consistent with the proportion of CLIP-Seq reads in sense direction of linear genes for most 

studies. Interestingly, PTBP1, PTBP2 from two different studies showed much larger proportion of 

circRNA reads in the anti-sense direction of parental genes than the proportion of CLIP-Seq reads in the 

anti-sense direction of linear genes; HUR protein from two studies also consistently show that HUR tend 

to bind circRNA in anti-sense direction of parental genes. This suggests that strand bias of RBP-bound 

circRNA is a phenomenon of valid biological meaning, and suggest further investigation into anti-sense 

circRNAs which might play important regulatory roles. 

 

 

Fig. 13 Some RBP-bound circRNAs show enriched sequence motifs (a) Human TRA2B in MDA-MB-
231 cell line. (b) Human hnRNP H in HEK293T cell line.  
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4.3.3 Some RBP-bound circRNAs show enriched sequence motifs 

        Next I asked whether RBPs bind to circRNAs through recognition of sequence motifs by carrying 

out HOMER motif search on regions of circRNAs bound by each RBP. To do this, I randomly sampled 

the whole genome (human, mouse or drosophila) to generate pseudo length-matched sequences to serve 

as background. I also searched sequence motif in CLIP-Seq reads mapped only to linear genes with the 

same background control. These linear transcript motifs can give hint to possible RBP recognition motifs 

on linear transcript, and may also help exclude the possibility that motifs found on circRNAs are 

reminiscent adaptor sequences that were not trimmed completely. Consistent with previous reports that 

relatively a minor fraction of RBPs recognize binding sites through motif matches, I failed to find 

enriched motifs on circRNAs in most studies. However, I found that human TRA2B seems to bind 

circRNAs through recognition of GAAGAAGA motifs (Fig. 13a). HOMER also identified a similar 

enriched motif for TRA2B with sequence logo AGAAGA on linear transcripts, which is consistent with 

previous reports (135). I also found that human hnRNP H seems to bind circRNAs through GAAGAAGA 

motifs (Fig. 13b). HOMER also finds that hnRNP H binds linear transcripts through similar motifs of 

GGGG or GGAAGA motifs, with GGGG being consistent with previous reports (136). The similarity of 

sequence motifs on linear transcripts identified by us with previous reports increased our confidence that 

sequence motifs on circRNAs are also real. These results suggest that some, but not all, RBPs recognize 

sequence motifs on target circRNAs. Besides, the same circRNA binding motif of GAAGAAGA by 

TRA2B and hnRNP H may hint some coordination between these 2 proteins. 

4.3.4 Gene ontology enrichment of parental genes for circRNAs bound by RBPs 

        We also investigated whether parental genes for circRNAs bound by each RBP shows enrichment in 

a certain biological functional category. Some RBP’s bound circRNAs are too few in number (<30), and 

are excluded for this analysis. I downloaded the KEGG pathways from the GSEA database (137,138). I 

then calculated the hypergeometric test p value (log transformed) for whether the set of parental genes for 
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circRNAs bound by each RBP is enriched in the set of genes from each ontology. As a background 

control, I randomly sampled a set of genes with the same size as the set of parental genes for each RBP 

and calculated a background p value. I subtracted the averaged background p values from 100 

randomizations from the true test p value for each RBP. Fig. 14 shows the subtracted log transformed p 

values of the 186 KEGG pathways for each RBP. It seems that the parental genes do not show highly 

significant enrichment in any gene ontology for most RBPs except for human YBX1 protein in MDA cell 

line and human DDX21 in HEK293 cell line. The enriched ontology is SMALL CELL LUNG CANCER 

for YBX1 and RIBOSOME RNA PROCESSING for DDX21. Interestingly, the known function for YBX 

is involved in non-small cell lung cancer and one known function for DDX21 is coordination of ribosome 

RNA processing. This result further confirms that circRNAs are likely to be functionally important in 

biological regulation and raised the intriguing possibility that some RBPs may exert their functions 

through binding circRNAs.  
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4.4 Discussion 

        In previous chapters I have developd user-friendly algorithms for initial analysis of CLIP-Seq data 

and demonstrated the applications of these methods in our collaborator’s datasets. Following peak-calling, 

downstream analysis will generally focus on characterization of RBP-RNA interaction sites, such as motif 

discovery and secondary structure prediction. These are the most generic bioinformatics analyses of 

CLIP-Seq data, which has greatly expanded our knowledge of RNA regulation. On the other hand, 

integrative analysis of CLIP-Seq data with other types of high-throughput data types can be a very 

interesting and productful research direction, but has so far not been intensively explored yet. One recent 

study (139) identified 22,735 RBP–lncRNA regulatory relationships from >100 public genome-wide 

CLIP datasets. This study serves as an example how integrative analysis could lead to meaningful 

 

Fig. 14 Gene ontology enrichment of parental genes for circRNAs bound by RBPs. The 
hypergeometric test p value (log transformed) for whether the set of parental genes for circRNAs 
bound by each RBP is enriched in the set of genes from each ontology is calculated. A set of genes 
with the same size as the set of parental genes for each RBP is randomly sampled 100 times and the 
resulting background p values were averaged and subtracted from the true test p value for each RBP.  
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discoveries. In this chapter, I investigated the possibility of integrative analysis of CLIP-Seq datasets with 

circRNA data to characterize the function of RBP binding sites on circRNAs.  

        However, there are a few limitations and pitfalls of this study. (1) Only RBPs bound to 

junction sites of mature circRNAs are investigated. During the formation of circRNAs, the 

upstream and downstream introns surrounding the circRNAs will form a “stem”. In this process, 

RBPs, especially splicing factors, will play very important roles. This study didn’t investigate 

binding events on the stems. This study didn’t investigate RBP binding sites on non-junction part 

of circRNAs, either, because it is impossible to distinguish such binding events from those on the 

linear transcripts. (2) This study took a shortcut to identify RBP-circRNA interactions by 

aligning to a pseudo reference genome prepared from previously identified circRNAs. This 

convenience comes at the price of the inability to discovery novel circRNAs in the CLIP-Seq 

data. To partially solve this problem, I would collect as many as possible previous published 

circRNAs and to run CIRI exhaustively on all suitable paired-end non-polyA selected RNA-Seq 

data.  
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                             CHAPTER FIVE - DISCUSSION 

        In this thesis, I have introduced and discussed the CLIP-Seq technology. The development of 

technology and bioinformatics in this field has greatly improved our capacity to study protein-RNA 

interactions and understand the functions of different RNA species in physiological and pathological 

process. I have then shown my work in methodological developments. The two software MiClip and 

dCLIP that I developed addressed two important questions in CLIP-Seq data analysis, respectively. Then 

I demonstrated the applications of these methods in real datasets and the interesting biological discoveries 

that have been made from them. Finally, I presented some preliminary results of integrative analysis of 

CLIP-Seq datasets with other types of data. For the moment, I focused on identify circRNA-RBP 

interactions from reanalyzing CLIP-Seq datasets. Overall, I contributed to the RNA regulation research 

community from the bioinformatics side with an emphasis on understanding RBP-RNA interactions. 

        There are several related technologies, such as CLASH and RIP-Seq, which may be complementary 

to genome-wide CLIP to study the function of RNAs. CLASH is short for cross-linking, ligation, and 

sequencing of hybrids. It was invented for characterizing intramolecular and intermolecular RNA-RNA 

interactions (48). Recently, this technology was adapted to straightforwardly detect miRNA-mRNA pairs 

as chimeric reads in high-throughput sequencing data (140). Integrative analysis can be carried out that 

combines CLASH data that can directly capture reliable miRNA-mRNA interactions and genome-wide 

CLIP data that focuses more on detecting RBP-RNA interactions. RNA immunoprecipitation sequencing 

(RIP-Seq) can also complement genome-wide CLIP for identifying RBP-RNA interactions (141). RIP-

Seq bears some similarity to genome-wide CLIP, but lacks high-stringency washes and crosslinking of 

RBP to RNAs, which leads to high background noise and mis-interpretations in the data analysis. For 

example, RIP-Seq identifies both direct and indirect RBP-RNA interactions, while genome-wide CLIP 

can accurately identify direct RBP-RNA association events (142). However, genome-wide CLIP is more 

technically challenging and also requires high-quality antibodies to work properly. Therefore the data 
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from CLIP experiments and RIP-Seq experiments could be complementary in studying RBP-RNA 

bindings.  

        With the maturation of both the CLIP-Seq technology and its bioinformatics analysis pipelines, large 

amount of novel discoveries could be made by CLIP-Seq at a faster pace. For example, one direction for 

further study is to conduct CLIP-Seq experiments of different proteins under different treatments 

simultaneously in an experimental system to methodically understand and model transcriptional events. 

The MOV10 and UPF1 proteins have recently been shown to bind in close proximity and interact directly 

(143), pointing to the importance of studying the coordination pattern of RBPs and its functional impact. 

Another future direction could be to combine CLIP-Seq with other types of data, including ChIP-Seq, 

RNA-Seq and proteomics data for integrative analysis. EZH2 was reported to bind lncRNAs (70), despite 

its chromatin-binding capability and its role in epigenetic regulation. This intriguing phenomenon 

suggests that ChIP-Seq data and CLIP-Seq data can be analyzed together to reveal novel RNA-binding 

functions of well-characterized DNA-binding proteins. All of these efforts will help us better understand 

transcriptional regulation in biological systems. 
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