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Abstract

The current RIP-seq approach has been developed for the identification of genome-
wide interaction between RNA binding protein (RBP) and the bound RNA transcripts,
but still rarely for identifying its binding sites. In this study, we performed RIP-seq
experiments in HelLa cells using a monoclonal antibody against CELF1. Mapping of
the RIP-seq reads showed a biased distribution at the 3’UTR and intronic regions. A
total of 15,285 and 1,384 CELF1-specific sense and antisense peaks were identified
using the ABLIRC software tool. Our bioinformatics analyses revealed that 5 and 3’
splice site motifs and GU-rich motifs were highly enriched in the CELF1-bound peaks.
Furthermore, transcriptome analyses revealed that alternative splicing was globally
regulated by CELF1 in HelLa cells. For example, the inclusion of exon 16 of LMO7
gene, a marker gene of breast cancer, is positively regulated by CELF1. Taken together,
we have shown that RIP-seq data can be used to decipher RBP binding sites and reveal
an unexpected landscape of the genome-wide CELF1-RNA interactions in HeLa cells.
In addition, we found that CELF1 globally regulates the alternative splicing by binding
the exon-intron boundary in HeLa cells, which will deepen our understanding of the
regulatory roles of CELF1 in the pre-mRNA splicing process.

Keywords: RNA binding proteins; RIP-seq; RNA sequencing; alternative splicing;

splice site
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1. Introduction

Regulation of genome expression at the level of transcription, pre-mRNA processing,
as well as mRNA turnover and translation usually depends on specific interactions
between RNA binding proteins (RBPs) and their RNA targets [1-7]. RBPs bind to RNA
target sequences and participate in forming ribonucleoprotein complexes [8, 9].
Therefore, numerous softwares have not only been applied to probe DNA-protein
interaction in ChlP-seq data [10-13], but also to identify the RNA-protein binding sites
in CLIP-seq and RIP-seq data [14-19].

Accurate identification of the RNA targets of an RBP is very important for
understanding its regulatory roles in gene expression. The combination of the RNA
immunoprecipitation and microarray analysis was once a high-throughput approach for
systematical identification of the transcripts to which an RBP binds [20]. However, this
method relies on a large number of probes and high hybrid efficiency of microarray,
without which there will be a loss of some crucial and novel RNA targets. Fortunately,
this limitation has been overcome by the CLIP-seq technology, which sequences cDNA
libraries constructed from RBP-bound RNA fragments eluted from either membrane or
gel after in vivo crosslinking immunoprecipitation [21-23]. However, CLIP-seq
methods are challenged by high experimental failure rates and extremely low library
complexity [24]. RIP-seq technology, although similar to CLIP-seq, lacks several
operational steps including enzymatic digestion of immuno-precipitated RNA and gel
separation of protein-RNA complexes, and thus avoids these problems [25, 26].
Nevertheless, RIP-seq technology has lower accuracy in identification of the binding
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sites. Jack Keene’s lab recently reported a DO-RIP-seq method to include the enzymatic
digestion procedure, which is applied to quantify HUR binding sites with high coverage
on the whole human transcriptome [27]. CELF1 (previously called as CUGBP1) is a
multifunctional RNA binding protein, which was reported to be associated with various
MRNA metabolism processes, including pre-mRNA splicing [28-33], mRNA decay
[34-37] and translation [38, 39]. CELF1 binds to U/G rich element in pre-mRNA and
affects splice site selection. For example, aberrant expression of nuclear CELF1 in
Myotonic Dystrophy | has been linked to disrupted alternative splicing patterns of
several transcripts including cardiac troponin T [30], the insulin receptor [28] and the
muscle-specific chloride channel [29]. CELF1 was also found to recognize
“UGUUUGUUUGU” element (GU-rich element, GRE) or GU-repeat sequences in the
3’UTR [32, 40-42] to regulate mRNA stability.

Very importantly, recent studies showed that CELF1 protein is associated with
several different types of cancer including esophageal cancer and breast cancer [43-45].
For example, CELF1 regulates GRE (GU-rich element)-containing epithelial-
mesenchymal transition EMT driver mRNASs and correlates with increased metastasis
in human breast cancer. CELF1 protein is significantly overexpressed in breast cancer
tissues and drives in vivo metastatic colonization in the mouse xenograft model [45].
These studies prompt further investigations of the CELF1 targets and its regulatory
roles in cancer cells.

Recently, a study of CELF1 RNA targets by CLIP-seq in human HeLa cells has
been reported [18]. In that report, two million of unique reads and 2,972 CELF1-
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binding clusters are reported. Limited analysis and biological relevance are performed.
In this study, we for the first time utilized the RIP-seq approach to define the genome-
wide CELF1-RNA interaction and alternative splicing events regulated by CELF1 in
HeLa cells. The results showed that RIP-seq reads were strongly enriched at splice sites
and GU-rich motifs. The ABLIRC algorithm identified 15,285 and 1,384 CELF1-
specific sense and antisense peaks, which were distributed in over five thousand genes
and enriched in the intronic and 3’UTR regions. Totally, 19,466 alternative splicing
events were identified (p-value cutoff < 0.05), including 1,122 regulated alternative
splicing events (RASEs) and 451 CELF1-bound and -affected alternative splicing
events were identified. We also revealed the alternative splicing pattern of the LMO7
gene, a marker gene of breast cancer specifically expressed in metastatic breast cancer
cells [46], which is positively regulated by CELF1. Taken together, this work clearly
defined a complex genome-wide CELF1-RNA interaction map in human cancer cell
line and indicated that CELF1 binds to exon-intron boundary and regulates various
alternative splicing events, which will be helpful for understanding the regulation
mechanism of CELF1 at the pre-mRNA splicing level and speculating the novel

functions of CELF1 in multiple biological processes.

2. Materials and Methods

2.1 siRNA transfection and gRT-PCR

HelLa cells were cultured at 37°C, 5% CO2 in DMEM containing 10% fetal bovine

serum, penicillin (10 units / pl) and streptomycin (10 units / ml). For transient
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knockdown of CELF1 expression, HelLa cells were incubated at 37° C in a CO>
incubator until the cells were 60-80% confluent. CELF1 SsiRNA (5°-
GAGCCAACCUGUUCAUCUA-3’ [40], GenePharma) or control siRNA with final
concentration of 50 nmol/L was transfected into HeLa cells using Lipofectamine™
2000 (Life Technologies) according to the manufacturer’s instructions. After 24 hours,
the cells were collected in TRIzol (Invitrogen), and the total RNA was isolated
according to the manufacturer’s instructions. gRT-PCR was performed to confirm the
knockdown of CELF1 mRNA. Meanwhile, RT-PCR assay was used to evaluate the
effect of decreased CELF1 expression level on LMO7 pre-mRNA splicing in HelLa
cells. gPCR primers for CELF1 and internal control GAPDH and primers for detecting

the pre-mRNA splicing are shown in Supplemental Table 1.

2.2 Western Blot Analysis

CELF1 western blots assay was performed as described previously[34]. In brief, for the
preparation of total cell lysates, the normal and CELF1-knockdown HeLa cells were
lysed in RIPA buffer containing 50 mM Tris-HCI (pH 7.4), 150 mM NacCl, 1.0%
deoxycholate, 1% Triton X-100, 1ImM EDTA and 0.1% SDS. The samples were
centrifuged (12,000rpm, 5min) and the supernatants were further analyzed on a 10%
SDS-PAGE gel and subsequently transferred to a PVDF membrane (Millipore). CELF1
was detected using monoclonal antibody diluted in TBST (1:15,000, Millipore) and
GAPDH was used as a loading control (1:30,000, Santa Cruz).

2.3 RIP-seq

RNA immunoprecipitation was performed as previously described [47]. Briefly, HelLa
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cells were first lysed in ice-cold lysis buffer (10 mM HEPES, pH 7.0, 100 mM KCI, 5
mM MgClz, 0.5% NP-40, 10 mM DTT) with 200 U/ml RNase inhibitor (Promega) and
a protease inhibitor (Roche) on ice for 5 min. The mixture was then vibrated vigorously
and centrifuged at 13,000 x g at 4 °C for 20 min to remove cell debris. The supernatant
was pre-cleared with 100 ul of DynaBeads protein G (Life Technologies) at 4 °C for 30
minutes. The pre-cleared supernatant was incubated with DynaBeads protein G
conjugated with anti-CELF1 antibody (Millipore) or normal 1gG at 4 °C for 6 hours.
The beads were washed 6 times with lysis buffer and then divided into two groups, one
for RNA isolation from CELF1-RNA complexes and another for the western blotting
assay for CELF1 immunoprecipitation. The CELF1-bound RNAs were isolated from
the immunoprecipitate of anti-CELF1 using TRIzol (Invitrogen), followed by the
preparation of the lllumina Truseq pair-end libraries. In brief, the collected RNAs were
fragmented at 95°C, followed by end repair and 5' adaptor ligation. The reverse
transcription was performed with RT primers harboring 3’ adaptor sequence and
random hexamer. The generated cDNAs were PCR-amplified and the 200-500 bp
products were purified. For high-throughput sequencing, the libraries were prepared
according to the manufacturer's instructions and applied to Hi-seq 2000 system for 100
nt pair-end sequencing (ABlife. Inc, Wuhan, China).

2.4 RIP-gPCR

TRIzol (Invitrogen) was used to extract total RNAs from the immunoprecipitate of
CELF1 according to the manufacturer’s instructions. Random primer was then used for
the cDNA synthesis. In order to detect whether CELF1 target genes were significantly
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and specifically enriched in the CELF1 immunoprecipitate, we used normal PCR as a
confirmation. Meanwhile, we used input RNA as a reference and performed
quantitative RT-PCR as described [25] to determine the relative level of specific RNAS
in the IgG and CELF1 immunoprecipitates. Q-PCR data represents the mean values
from at least three independent experiments. Various genes were selected for PCR-
amplification both in CELF1 and IgG immunoprecipitates. Gene-specific PCR primer
pairs are shown in Supplemental Table 1.

2.5 RNA sequencing

WT and siRNA-transfected HelLa cells were used for RNA-seq assay in this study.
Moreover, the cultured WT HeLa cells were divided into two groups, one for RIP-seq
assay and another for the RNA-seq assay. In short, the cDNA libraries of RNA-seq
were prepared using TruSeqTM RNA Sample Preparation Kit (Illumina, Inc.)
according to the manufacturer’s instructions. Briefly, oligo (dT) magnetic beads (NEB)
were used to purify poly-A mRNAs from 10 pg of total RNA. The extracted poly (A)
mRNAs were further fragmented into 200-500 bp in size, followed by cDNA synthesis
and ligation to adaptors (Illumina). The ligated cDNAs were amplified to generate the
final cONA libraries. The cDNA libraries were subsequently quantified and sequenced
on the lllumina NextSeq 500 platform using the pair-ends protocol to generate 2x150

nt reads.

2.6 Data processing and mapping
For RNA-seq data, adaptors and low quality bases were trimmed from raw sequencing

reads using FASTX-Toolkit (Version 0.0.13), and reads less than 16 nt were discarded.
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Clean Reads were aligned to the human- GRCH38 genome using tophat2 [48] with 4
mismatches. For RIP-seq data, data processing method was the same to the RNA-seq
data. After processing, we merged the two technical replicates and aligned the
combined reads to the human-GRCH38 genome using tophat2 [48] with 2 mismatches.
2.7 RIP-seq Peak Calling analysis

After reads were aligned onto the genome, we discarded the reads with multiple
genomic locations due to the ambiguous origination. Identical aligned reads were
counted and merged as unique reads. The binding regions of CELF1 on genome were
identified using “ABLIRC” strategy. Reads with at least 1 bp overlap region on the
locus of genome were clustered as peaks. The unique reads number (N), the lengths of
each reads and the observed max peak height were then counted for each peak. In the
meanwhile, for each gene, the reads with the same number (N) and lengths were
generated using computational simulation. The outputting reads were further mapped
to the same genes to generate random max peak height from overlapping reads. The
whole process was repeated for 500 times. All the observed peaks with heights higher
than those of random max peaks (p-value < 0.05) were selected. The CELF1 and IgG
samples were analyzed by the simulation independently. After simulation, the CELF1
peaks that have overlap with IgG peaks were removed. The target genes of CELF1 were
finally determined by analyzing the locations of all the CELF1 binding peaks on the
human genome and the binding motifs of CELF1 protein were called by Homer
software [49].

2.8 RNA-seq data DEG and AS analysis
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After mapping reads onto the genome, we discarded the reads that were with multiple
genomic locations due to the ambiguous origination. Reads with only one genome
location were preserved to calculate read number and RPKM value (RPKM represents
reads per kilobase and per million) for each gene. DEGs between the si-CELF1 and
Control sample were analyzed by using edgeR [50], one of R packages. For each gene,
the p-value was computed and the significance threshold to control FDR at a given
value was calculated.

To define and quantify the alternative splicing events (ASES) in the RNA-seq
samples and the regulated alternative splicing events (RASES) between Control and si-
CELF1 cells, we developed a AS method called ABLas (under submission). From the
TopHat2 mapping result, we obtained the splicing junction (SJ) reads that have gaps
while aligning to the genome. In this study, the known SJs were defined by joining
splice sites at the exon-intron boundaries of all annotated introns in human GRCh38
genome. All other SJs involving only one or none of the known splice site were
considered as novel junction. For each junction site, we defined the boundary reads as
reads walking through the site and each side of intron boundary region with no less than
8 nt. The junctions located inside the coordinates of annotated genes were regarded as
genic SJs. The genic SJs can be classified into one of the nine types of ASE. Seven of
the canonical AS events were skipped exons (ES), cassette exon (CE), alternative 5’-
splice sites (A5SS), alternative 3’-splice sites (A3SS), mutually exclusive exons (MXE),
alternative first exons (AFE or 5’MXE) and alternative last exons (ALE or 3’MXE)
according to the models described previously[51]. The ABLas algorithm is based on a
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given gene model and calculates the ratio of reads supporting the alternative SJs to the
total sequence reads supporting model SJs and alternative SJs. The known ASEs were
composed of all known SJs, while novel ASEs involved a novel junction. For the known
exon skipping (ES) splicing events, we required the total SJ reads should be no less
than 10, among which SJ reads supporting the alternative and model SJs were all at
least 2. To be a qualified candidate novel ES event, the novel SJs containing at least
two support reads were selected for analysis, and the ratio of reads supporting the
alternative SJs to the total was at least 15%. We next defined the exon skipping ratio.
SJ reads supporting ES were treated as a, SJ reads supporting exon inclusion were
treated as b and c, from 5” to 3° of mRNAs. The exon skipping ratio (ESR) was defined
as: ESR = a/(a+(b+c)/2). The other ASEs were verified with the same method and
threshold as ES. The splicing ratio was calculated with reads mapped on specific splice
junctions.

Intron retention (IR) is caused by reduced usage of the candidate splice sites, which
cannot be predicted effectively by considering splice junctions. This class of alternative
splicing event was identified according to the border reads spanning exon-intron
junction and the mean of local reads depth. We selected the intron retention (IR)
splicing events with the following conditions: (1) having boundary reads at either the
57 or 3’ splice site of the candidate; (2) the mean base depth in the candidate intron
should be at least 20% that of the flanking exon and twice that of the intronic depth in
the model gene. The ratio of mean base depth in the candidate intron to the flanking
exon was considered as the IR intensity.
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After detecting the ASEs in each RNA-seq sample, we identified regulated ASEs
(RASES) between si-CELF1 and Control samples. Fisher’s exact test was chosen as the
candidate statistical model to calculate the significant p-value. The input data for
statistical model was the alternative reads and model reads of samples, respectively.
We also obtained the changed ratio of alternatively spliced reads and constitutively
spliced reads between si-CELF1 and Control samples, which is referred as the RASE
ratio. P-value < 0.05 and RASE ratio > 0.1 were set as the threshold for RASEs

detection.

2.9 Other statistical analysis

For the random peak calculation of CELF1 RIP-seq, we used rand function of Perl
language to generate the random peaks. Random and real peaks had the same length
and had arisen from the same gene locus, but the random peak location was randomly
calculated. Statistical analysis was performed using the R software (https://www.r-
project.org/) unless otherwise stated. Significance of differences was evaluated with
either Student’s t-test when only two groups were compared, or hypergeometric test for
Venn diagram and functional term enrichment analysis, or Fisher exact test for genomic
region enrichment analysis. Gene Ontology annotation and KEGG pathways analysis
of CELF1 targets were further performed using DAVID on line platform

(http://david.abcc.ncifcrf.gov/).

3. Results

3.1 CELF1 RIP-seq reads are preferentially enriched in 3°UTR and intronic
12/43



regions

We initially used the RIP-seq approach to identify the CELF1-interacting transcripts in
HeLa cells. In order to assess the specificity of CELF1 pull-downs, we set 1gG as the
control of immunoprecipitation. As previous studies have showed that there is no
obvious expression of CELF2 in HeLa cells [33], the monoclonal CELF1 antibody was
only used for the immunoprecipitation of the CELF1-RNA complexes from the total
HeLa cells lysate.

As shown in Fig. 1A, CELF1 was observed by western blotting in the total cell
lysate and CELF1 IP fraction, while no CELF1 was detected in the IP fraction of the
negative control 1gG. The cDNA libraries of RNAs from anti-CELF1 and 1gG
immunoprecipitates were sequenced using the Hi-seq 2000 platform. After removing
adaptor sequences and low-quality reads, a total of 27,030,650 and 12,300,623 reads
were recovered from the CELF1 and IgG immunoprecipitates (Supplemental Table 2).
When these reads were mapped onto the human GRCH38 genome using Tophat2 [48],
only about 20% aligned. The majority of the unaligned reads was resulted from the
presence of broken adaptor and primer sequences. Most of the anti-CELF1 reads were
uniquely mapped, while many fewer 1gG reads were either mapped or uniquely mapped
(Supplemental Table 2). A total of 3,731,205 and 321,522 uniquely mapped reads from
the anti-CELF1 and IgG immunoprecipitates were respectively recovered for further

analysis in this study.
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Figure 1. RIP-Seq assay and the profile of sequencing reads aligned to the human genome. (A)
Immunoprecipitation of CELF1-associated RNAs using CELF1 monoclonal antibody. The efficient
immunoprecipitation of CELF1 protein from HeLa extracts was validated by western blots. (B) Bar
plot of the genomic region distribution of uniquely mapped anti-CELF1 reads. P-value was obtained

by Fisher’s exact test.

Ribonuclease was usually used to digest the immunoprecipitated RNAs in the
RBP-RNA complexes in the CLIP-seq protocols to generate short-length reads from
the sites protected by RBPs [22]. Theoretically, the RIP protocol lacks an RNase
digestion step and recovers intact transcripts in the RBP-RNA complexes; these
transcripts are randomized for cDNA library construction for deep sequencing. To our
surprise, when we plotted the distribution of uniquely mapped anti-CELF1 reads on the
whole human genome, we found that the RIP-seq reads were highly enriched in 3’UTR
regions and intronic regions (Fig. 1B), which showed consistent result with CELF1
CLIP-seq data by previous studies [52, 53]. Importantly, we observed that the fractions
of clean reads that mapped to 3’UTR and intronic regions were significantly higher in

CELF1 immunoprecipitate than in IgG immunoprecipitate (Fig. 1B).
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3.2 RIP-seq reads are peaked at splice sites and GU-rich motifs
In silico random CLIP strategy has been successfully used to recover the binding sites
of RBPs from CLIP-seq data [22, 54]. Here, we developed a software tool called
ABLIRC based on this strategy to recover the CELF1 binding sites from the RIP-seq
reads (Materials and Methods). The ABLIRC algorithm identified 15,285 sense peaks
and 1384 antisense peaks from CELF1-associated RNAs, and 1,088 sense and 681
antisense peaks from IgG-associated RNAs (control). After peaks shared by both
CELF1 and IgG samples were filtered, a total of 15,542 (sense and antisense) peaks
distributed in 5,932 genes (Supplemental Dataset 1) resulted. Fig. 2A depicts the reads
density landscape of these peaks on TMEMA41B isoforms. A significant intronic peak
was found relative to the 1gG sample. To explore the reliability of the RIP-seq results,
we downloaded and analyzed the two sets of CELF1 CLIP-seq data from HelLa cells
[18]. We found that a significant fraction of the reported CLIP peaks from both sets of
data overlapped with our RIP peaks. For dataset B, 16.04% CLIP peaks overlapped. In
many cases, although the CLIP and RIP peaks were not directly overlapped, they
located in the same genes. For example, dataset B CLIP peaks were distributed in 1910
genes, 64.66% of them were overlapped with RIP-seq genes (Supplemental Fig. 1C, p-
value= 7.380872e8°, hypergeometric test). This overlap rate were much higher than
CELF1-bound genes shared between other published CLIP data [18] .

Furthermore, we observed that most CELF1-binding peaks were within 200-nt in
length, while the distance between peaks was mainly represented within 100-nt
(Supplemental Fig. 1A and B). These results indicated that CELF1 binding sites were
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closely positioned on target RNAs and likely reflected a coordinated action of multiple
CELF1-binding events in regulating RNA metabolism.

Interestingly, we observed more CELF1-binding peaks at CDS than intronic regions
(Fig. 2B). Considering that we classified peaks spanning exon-intron boundaries as
CDS peaks in the ABLIRC pipeline, it could be possible that a fraction of CDS peaks
were exon-intron boundary peaks. To explore this possibility, we plotted CELF1-
associated peaks onto exon-intron junctions. The results showed that 1319 (8.49%) and
1391 (8.95%) peaks were overlapped with the 5’ and 3 splice sites, respectively (Fig.
2C). To validate the above conclusion, we also analyzed the distribution of CELF1
CLIP-seq peaks on exon-intron junctions and found that 4.42% and 5.38% of libA peaks
were overlapped with the 5” and 3’ splice sites, respectively. The consistency indicates

CELF1 binding of splice sites might be direct.
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Figure 2. Peak-calling analysis of RIP-seq reads. (A) The reads density landscape of CELF1-bound
peaks on TMEMA41B isoforms. (B) Genomic distribution of CELF1-bound peaks called by ABLIRC
algorithm. (C) Statistics analysis of CELF1-bound peaks that have overlap with the 5SS and 3SS.
(D) Extracted CELF1 peaks motifs using ABLIRC or Piranha. (E) The comparative result of
ABLIRC and Piranha peak calling methods by Venn diagram analysis.

We then searched for the overrepresented motifs in 15,542 CELF1-binding peaks
using Homer (http://homer.salk.edu/homer/motif/index.html). As shown in Fig. 2D,
GU-rich motif was among the top 5 CELF1-bound motifs. Consistent with the current
understanding, CELF1-binding motifs were enriched at the 3’UTRs. Interestingly,
CELF1-bound RNAs are enriched in the conserved sequences of 5” and 3’ splice sites,
ranking as the top first and third of the overrepresented motifs. The 5’ss motif

AGGUAAG was located at the intron-exon boundaries, while the 3’ss only contained
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U-rich stretch in intronic regions. The enrichment of 5’ss and 3’ss in the CELF1-binding
motifs is highly consistent with the enriched anti-CELF1 reads at the exon-intron
junctions.

In order to validate these results, we called CELF1-bound peaks using Piranha, a
published software tool for the identification of RNA-protein interaction sites from
high-throughput sequencing data [19]. As shown in Fig. 2E, a total of 3,516 peaks
called by ABLIRC were validated by Piranha, representing 22.62% and 83.99% of
ABLIRC and Piranha peaks, respectively. Moreover, we found that 5’ss motif
AGGUAAG, 3’ss motif and GU-rich maotif were also highly enriched in Piranha peaks
(Fig. 2D), which was similar to those in ABLIRC peaks. We also downloaded the
published EZH2 RIP-seq data [25] and analyzed them using ABLIRC algorithm. As a
result, a total of 2,639 target genes of EZH2 were obtained (Supplemental Fig. 2A).
Among them, 1,039 target genes were identical to the published results [25]. Given that
no binding motifs of EZH2 were previously reported, we identified the overrepresented
motifs in EZH2-binding peaks. As shown in Supplemental Fig. 2B, the top 1 motif
residing in EZH2-binding peaks was CU-enriched (p-value = 1e-34, 20.16% of peaks).

Taken together, it is the first time we showed that ABLIRC algorithm, which was
successfully applied to extract the binding motifs of CELF1 RNA binding protein, will
be very helpful to understand the regulatory role of protein-RNA interactions in the
gene expression processes in living cells.)

3.3 Validation and functional analysis of the CELF1-bound genes in HeL a cells
We determined CELF1-bound genes in HelLa cells by those containing at least one
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CELF1-bound peak recovered by ABLIRC. Supplemental Dataset 2 lists a total of
5,123 CELF1-bound genes. We then selected some CELF1 targets for RIP-PCR
validation. The quantitative RIP-PCR results showed that all candidate RNA targets had
significant enrichment in the anti-CELF1 immunoprecipitate relative to the 19G (Fig.
3A). For instance, significant enrichment was observed in the CELF1
immunoprecipitate relative to IgG immunoprecipitate for NDUFS2, SMAD7 and
CELF1, which have been identified to be the targets of CELF1 previously [36, 55]. As
a negative control, we showed that PLK2 RNA was not enriched in the CELF1
immunoprecipitate (Supplemental Fig. 3), which is consistent with the RIP-Chip result
in the mouse C2C12 cells [55]. In addition, as a marker gene of breast cancer [46],
LMO7 RNA was also found to be effectively enriched in the CELF1 immunoprecipitate.
Furthermore, the identified CELF1 targets were further assigned to the biochemical
pathways in the KEGG database, resulting in 262 KEGG biochemical pathways
(Supplemental Dataset 3). Fig. 3B shows top 20 pathways including multiple cancer-
related pathways including cell cycle, adherens junction, pathways in cancer, small cell
lung cancer, pancreatic cancer, proteoglycan in cancer, p53 signaling pathway and viral
carcinogenesis. Interestingly, some RNA metabolic pathways were also enriched
including spliceosome, RNA degradation and RNA transport, which suggested the

diverse functions of CELF1 in HelLa cells.
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Figure 3. Validation and functional analysis of CELF1-bound genes in HeLa cells. (A) RIP-gPCR
validation of CELF1-bound genes. (B) Bar plot of the top 20 KEGG functionally enriched pathways
of CELF1-bound genes.

3.4 Alternative splicing is globally regulated in HelL a cells

Our ABLIRC analysis of RIP-seq data obtained from HelLa cells showed the prevalence

of CELF1 binding to 5’ss and 3’ss. Therefore, we further used transcriptome
20/43



sequencing (two biological replicates) to explore the potential function of CELF1 in
HeLa cells. As shown in Fig. 4A, both western blots and quantitative PCR (g-PCR)
experiments showed that CELF1 expression was efficiently downregulated by siRNA
in HelLa cells. First transcriptome sequencing generated a total of 14,818,746 mapped
reads in NC (Control) and si-CELF1 HeLa cells, in which ~23.5% were junction reads.
After running ABLas software tool (under submission), 4,631 alternative splicing
events (ASEs) were obtained (Materials and Methods). To obtain the alternative
splicing events that changed in response to the reduced CELF1 expression, a cut-off of
p-value < 0.05 and changed AS ratio > 0.1 were selected, which resulted in 618
regulated alternative splicing events (RASEs) between si-CELF1 and control cells.
Furthermore, 10 randomly selected cassette exon/skipped exon events regulated by
CELF1 were confidently validated by semi-quantitative RT-PCR (Supplemental Fig.
4). The validated splicing events were located in the following genes, YIPF1 (Yipl
domain family, member 1), CD46 (CD46 molecule, complement regulatory protein),
PARD3 (par-3 family cell polarity regulator), GIPC1 (GIPC PDZ domain containing
family, member 1), L1CAM (L1 cell adhesion molecule), PPIP5K2
(diphosphoinositol pentakisphosphate kinase 2), ZDHHC16 (zinc finger, DHHC-
type containing 16), SUN1 (Sadl and UNC84 domain containing 1), LMO7 (LIM
domain 7), and ITGAG (integrin, alpha 6). As shown in Supplemental Fig. 4, we
observed distinct CELF1 binding peaks on the exon-intron junctions of LMO?7,
PPIP5K2, IGTAG, LICAM, PARD3 and CD46 pre-mRNA splicing regions, which
indicated CELF1 might directly bind to these targets and regulate alternative splicing
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in HeLa cells. In contrast, no obvious CELF1 binding peaks were enriched on GIPC1,
YIPF1, ZDHHC16 and SUN1 pre-mRNA splicing regions, indicating these pre-mRNA

splicing events could be indirectly regulated by CELF1 in HeLa cells.
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Figure 4. ldentification of CELF1-bound and -regulated splicing events using RNA-seq analysis.
(A) Both western blots and g-PCR experiments showed that CELF1 expression was efficiently
down-regulated in HelLa cells by siRNA. (B) Classification of different AS types regulated by
CELF1 protein. (C) The overlap analysis between CELF1-bound genes and the CELF1-regulated
AS genes (RASGs) using Venn diagram (p-value = 8.71996e%?). (D). Dot plot represents the
expression level of exons bound by CELF1. X-axis represents the mean TPM (in log2) of CELF1-
bound exons in the SiCELF1 and Control samples. Y-axis represents the log2 fold change between
the siCELF1 and Control. Blue points represent exons bound by CELF1 at the splice sites.

The above results greatly extended the role of CELF1 in regulating alternative

22/43



splicing. In order to explore more reliable alternative splicing events regulated by
CELF1, we performed deeper transcriptome sequencing of Control and si-CELF1 cells,
which generated 52,071,459 and 59,136,067 clean reads, respectively. The ABLas
program identified a total of 19,466 alternative splicing events in HeLa cells. Fig. 4B
showed that 1,122 alternative splicing events changed significantly in the siCELF1
HeLa cells in comparison with WT HeLa cells. Among them, a majority of the splicing
events (Fig. 4B) belonged to A3SS (alternative 3’ splice site, 340), A5SS (alternative 5’
splice site, 299) and exon-skipping (187) categories. The other CELF1-bound and -
affected splicing events included CassetteExon (number: 75), 5pMXE (mutually
exclusive 5’UTRs, 81), 3pMXE (mutually exclusive exons, 47) and IntronR (Intron
retention, number: 27). Collectively, these results showed that A3SS, A5SS and ES are
main splicing events regulated by CELF1, which indicated that CELF1 globally

regulates alternative splicing events in HeLa cells.

About half (451) of the CELF1-regulated alternative splicing genes overlapped the
CELF1-bound genes (Fig. 4C), indicating that CELF1 binding might regulate a lot of
alternative splicing events by direct binding to RNA targets. To further explore the
relationship between CELF1 binding and alternative splicing regulation, we analyzed
the expression and/or splicing inclusion of CELF1-bound exons. The results showed
that CELF1 could associate splice sites regardless of the expression level of the exon.
Globally, the expression of CELF1-associated exons was reduced when CELF1
expression was down-regulated, indicating a positive correlation between CELF1

association and the exon expression and/or inclusion (Fig. 4D). Consistent with this
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hypothesis, analysis of the differentially expressed genes upon siRNA silencing of
CELF1 expression showed 264 down-regulated genes, but only 148 upregulated genes
(edgeR pipeline, p-value<0.01, fold-change >2). Moreover, we observed an increased
number of exon skipping events (ES) and decreased number of exon inclusion (cassette
exon) when CELF1 expression is reduced (Fig. 4B). All these lines of evidence

supported a model that CELF1 binding positively regulates exon inclusion.

3.5 CELF1 regulates the alternative splicing of LMO7

To verify if these identified alternative splicing events are really affected by CELF1 in
HelLa cells, we used RT-PCR to detect the changes of the alternative splicing patterns
between Control and CELF1-depleted HeLa cells. The quantification of AS pattern was
measured as the inclusion/ exclusion (In/Ex) ratio. Supplemental Fig. 4 shows some
representative affected alternative splicing events with two alternative splicing modes
including exon-skipping, alternative 5’ splice site. Here, we further selected LMO?7 as
an example to study the effect of CELF1 binding on the pre-mRNA splicing. LMO?7 is
up-regulated in the metastatic stage of multiple cancers and has been characterized as a
breast cancer marker gene [46, 56-58]. In this study, we first analyzed the interaction
between CELF1 and LMO7 pre-mRNA by RIP-seq technology. As shown in the up
panel of Fig. 5A, a large number of CELF1-bound peaks (20 sense peaks and 6
antisense peaks) were found across the exonic locations of LMO7. Previous CLIP-seq
data [18] also detected 21 peaks from the LMO7 genomic location (libA), from which
6 peaks were overlapped with our RIP-seq peaks. The RIP-seq and CLIP-seq peaks

both implied that LMO?7 is a direct target of CELF1 protein in HeLa cells. We also
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designed RIP-PCR experiment to confirm the direct interaction between CELF1 and
LMO7 pre-mRNA. As shown in Fig. 3, in contrast with IgG control, LMO7 RNA was
significantly enriched in the CELF1 IP fraction, which showed that CELF1 binds to

LMO7 pre-mRNA in vivo.
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CELF1 [18]. (B) (Left panel) Schematic diagram showing the exon skipping pattern of LMO7 pre-
mRNA. (Right panel) RT-PCR validation of the LMO7 pre-mRNA alternative splicing regulation
by CELF1. (C) The sequencing results of LMO7-A and LMO7-B isoforms.

To explore if the splicing of LMO7 pre-mRNA was regulated by the binding of
CELF1, we reduced CELF1 expression by siRNA treatment and observed the splicing
pattern change of LMO7 pre-mRNA. As shown in Fig. 4A, both western blots and g-
PCR experiments showed that CELF1 expression was efficiently downregulated in
HeLa cells by siRNA. The LMO7 pre-mRNA splicing pattern was examined by the RT-
PCR shown in Fig. 5B. The exon 16 of LMO7 pre-mRNA is alternatively spliced in
normal HeLa cells. the isoform A (LMO7-A), in which exon 16 is included, is the
predominant splicing pattern in contrast with isoform B (LMO7-B) in which exon 16
is excluded. RT-PCR experiments revealed that treatment of control siRNA did not
change the splicing pattern of exon16. However, LMO7-B increased from 10% in the
wild-type HelLa cells to 75% in the HeLa cells treated with CELF1 siRNA. Furthermore,
we cut the LMO7-A and LMO7-B isoforms from agarose gel and sequenced them (Fig.
5C). The result clearly showed that the depletion of CELF1 induced the exon 16
exclusion of LMO7 pre-mRNA, which indicated that LMO7 pre-mRNA splicing is
directly regulated by CELF1 in HeLa cells.

4. Discussion

As a multifunctional RNA binding protein, CELF1 is involved in the regulation of
MRNA metabolism[59, 60] and the altered CELF1 function contributes to the pathology
of Myotonic Dystrophy type 1 [61-65]. In addition, various lines of evidence proved
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that CELF1 is linked with the processes of cancer and apoptosis [43, 44]. Therefore,
some high-throughput approaches have been performed to globally identify CELF1
targets [36, 55, 66], which greatly broaden the understanding of CELF1 functions in
various biological processes. Here, for the first time we used RIP-seq approach to
globally decipher the CELF1-RNA interactions in human cancer cell line. The RIP-seq
results showed that sequencing reads of CELF1-associated RNAs were mainly mapped
to 3°’UTR region, intron region, CDS region and intergenic region, which suggested
CELF1 has versatile RNA targets in vivo. Interestingly, ~14.8% reads were distributed
on intergenic region in the genome where various non-coding RNAs including miRNA
are generated. This result gave us a hint that CELF1 might be involved in the process
of non-coding RNA metabolism, which has not been reported before and would be
worthwhile to be further explored in future.

Analysis of both the RIP-seq data obtained in this study and the previously
published CLIP-seq data, showed that a significant fraction of CELF1-bound peaks was
enriched at 5” and 3’ splice sites in HelLa cells. The recognition of 5 and 3’ splice sites
in pre-mRNA are critical events in an alternative splicing decision. Our results showed
that alternative splicing is globally regulated by CELF1 in HeLa cells. Specifically,
CELF1 binding correlates with an increased exon level and increased exon inclusion.
It could be possible that CELF1 regulates the splice site selection by recognizing both
5’ and 3’ splice sites in HeLa cells. These results may deepen our understanding of the
alternative splicing regulation mechanism of CELFL1 at the pre-mRNA splicing level.

As each gene has a different expression level, the number of RIP-seq reads mapped
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to the genome is not related to the binding specificity of CELF1. Therefore, in order to
analyze RIP-seq data, the noise signal brought by gene expression level should be first
removed. For instance, the study by the Philip Sharp lab showed that the interference
of expression abundance on specific MRNA binding sites of Ago2 can be eliminated by
setting transcript abundance of exon array as a reference [67]. Here, we used ABLIRC
algorithm to distinguish the enriched binding sites and binding motifs of CELF1 protein
from background noise.

CLIP-seq usually generates short-length reads and identifies exact binding sites,
which are used to deduce the sequence motifs recognized by RBPs. On the contrary,
RIP-seq method is generally thought to identify the intact RNA molecules bound by
RBPs. In this study, we have used ABLIRC algorithm to effectively identify the binding
peaks and binding motifs of CELF1 protein from RIP-seq data. For example, the GU-
rich motif is overrepresented in CELF1-binding peaks. This result is highly consistent
with the previous reports that CELF1 regulates the stability of multiple mMRNAs by
binding to GU-rich sequences in 3’UTRs, which also proved the feasibility of ABLIRC
algorithm in analyzing RIP-seq data. We suggest that, during the RIP operation in the
lysis buffer, endogenous RNases could lead to RNA fragmentation. Although CLIP-seq
is successful in the precise identification of RBP binding sites in various RNA species,
its high failure rate and low reproducibility has limited its application. Here we show
that deep analysis of RIP-seq data could be an efficient alternative to resolve the CLIP-
seq problems. CLIP and RIP techniques of the same RBPs under similar conditions can
also generate a large number of complementary data, which deepen our understanding
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of the regulatory roles of RBPs in multiple biological processes.

We also investigated the global alternative splicing events regulated by CELF1
using RNA sequencing. A total of 1,122 RASEs were identified from 19,466 alternative
splicing events. Among them, about half (451) of the pre-mRNA targets were regulated
by direct binding of CELFlin HeLa cells. Importantly, we found that alternative
splicing regulation of CELF1 is global, which may represent the flexibility of RNA
binding protein to regulate various alternative splicing events in vivo. Finally, we
introduced LMO7 pre-mRNA as a novel target of CELF1 protein. We showed that the
downregulation of CELF1 induced by siRNA led to an increase of exon16 exclusion of
LMO?7 in HeLa cells, which indicated that the splicing pattern of LMO7 pre-mRNA is
regulated by CELF1. Very importantly, it was widely reported that LMO7 was
upregulated in the metastatic stage of multiple cancers [56-58]. Moreover, LMO7 was
specifically expressed in the metastatic stage of breast cancer cells and has been
characterized as a breast cancer marker gene [46]. Therefore, this finding provides a
new proof that CELF1 could be implicated in cancer-related pathological processes,
which is helpful to discover novel biological functions of CELF1 in the process of

tumorigenesis and provide new clues for the anti-tumor therapy in the future.
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Figure Legends:

Figure 1. RIP-Seq assay and the profile of sequencing reads aligned to the human
genome. (A) Immunoprecipitation of CELF1-associated RNAs using CELF1
monoclonal antibody. The efficient immunoprecipitation of CELF1 protein from HelLa
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extracts was validated by western blots. (B) Bar plot of the genomic region distribution
of uniquely mapped anti-CELF1 reads. P-value was obtained by Fisher exact test.
Figure 2. Peak-calling analysis of RIP-seq reads. (A) The reads density landscape of
CELF1-bound peaks on TMEM41B isoforms. (B) Genomic distribution of CELF1-
bound peaks called by ABLIRC algorithm. (C) Statistics analysis of CELF1-bound
peaks that have overlap with the 5SS and 3SS. (D) Extracted CELF1 peaks motifs using
ABLIRC or Piranha. (E) The comparative result of ABLIRC and Piranha peak calling
methods by Venn diagram analysis.

Figure 3. Validation and functional analysis of CELF1-bound genes in HeLa cells. (A)
RIP-gPCR validation of CELF1-bound genes. (B) Bar plot of the top 20 KEGG
functionally enriched pathways of CELF1-bound genes.

Figure 4. Identification of CELF1-bound and -regulated splicing events using RNA-
seq analysis. (A) Both western blots and g-PCR experiments showed that CELF1
expression was efficiently down-regulated in HeLa cells by siRNA. (B) Classification
of different AS types regulated by CELF1 protein. (C) The overlap analysis between
CELF1-bound genes and the CELF1-regulated AS genes (RASGS) using Venn diagram
(p-value = 8.71996e%?). (D). Dot plot represents the expression level of exons bound
by CELF1. X-axis represents the mean TPM (in log2) of CELF1-bound exons in the
SICELF1 and Control samples. Y-axis represents the log2 fold change between the
SICELF1 and Control. Blue points represent exons bound by CELF1 at the splice sites.
Figure 5. Validation of CELF1l-affected alternative splicing events. (A) The
distribution of reads across the whole region (top panel) and around exon 13, exon 16
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and exon 17 regions (bottom panel) in the LMO7 genomic location. CLIP peaks track
(Blue) represents the published CLIP peaks of CELF1[18]. (B) (Left panel) Schematic
diagram showing the exon skipping pattern of LMO7 pre-mRNA. (Right panel) RT-
PCR validation of the LMO7 pre-mRNA alternative splicing regulation by CELF1. (C)

The sequencing results of LMO7-A and LMO7-B isoforms.

42 /43



Highlights:

1. RIP-seq identifies the binding peaks and motifs of CELF1 protein on RNA targets
in HeLa cells.

2. 5’ and 3’ splice site motifs are highly enriched in the CELF1-bound peaks in HeLa
cells.

3. Transcriptome analysis reveals that alternative splicing is globally regulated by
CELF1 in HeLa cells.

4. The inclusion of exon 16 of LMO7 gene, a breast cancer signature gene, is
positively regulated by CELFL1.
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