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Abstract 

Over the past decade, thousands of putative human RNA-binding proteins (RBPs) ha v e been identified, increasing the need for methods that 
define their RNA-binding capacities across diverse biological settings. Existing methods rely either on antibody-based in vivo capture (e.g. CLIP- 
seq), which depends on cross-linking efficiency and antibody a v ailability, or on synthetic oligonucleotide-based assa y s (e.g. RNA compete), which 
use artificial RNA substrates and cannot assess binding across the nativ e transcriptome. To bridge this gap, w e de v eloped RNA affinity purification 
f ollo w ed b y sequencing (RAPseq), an in vitro method that profiles RBP-binding to nativ e cellular RNA, enabling large-scale transcriptome-wide 
characterization of RNA –protein interactions without antibodies or synthetic probes. Using RAPseq, we characterized the RNA interactomes 
of 11 canonical RBPs and 26 non-canonical RBPs, and unco v ered no v el and specialized moonlighting RNA-binding activities. Applying RAPseq 
to vertebrate HUR proteins revealed recognition of a conserved RNA-binding motif but sho w ed species-specific binding preferences. Profiling 
of five pathological IGF2BP family variants exhibited distinct gain- and loss-of-function binding patterns, with implications for cancer biology. 
Our combinatorial RBP-binding assay (co-RAPseq) unco v ered cooperativ e RNA-binding b y HUR and PTBP1, including de no v o estimation of 
the optimal binding distance. Lastly, we introduce a modification-sensitive assay (mod-RAPseq) to distinguish between modification-dependent 
and -independent RNA-binding sites of YTHDF1 and YBX1. Overall, our simple, scalable, and versatile method enables exploration of complex 
RNA –protein interactions and the regulatory la y ers that shape post-transcriptional gene regulation. 
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ntroduction 

NA-binding proteins (RBPs) determine the fate and func-
ion of all RNA species from synthesis to decay. The latest
dvances in cross-linking-based methods coupled with mass
pectrometry have enabled the detection of RBP –RNA com-
lexes and have extended the number of putative human
BPs to approximately 4200 [ 1 –4 ]. These proteins can be
rouped into canonical RBPs (cRBPs) or non-canonical RBPs
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(ncRBPs) depending on the presence or absence, respectively,
of a biochemically characterized RNA-binding domain. Par-
allel developments in mapping cellular RNA modifications
transcriptome-wide have revealed an additional layer of com-
plexity and uncovered extensive changes that impact RBP-
binding [ 5 –10 ]. Modifications, such as N 

6 -methyladenosine
(m 

6 A) and 5-methylcytosine (m 

5 C), are now recognized as key
regulatory layers in post-transcriptional control [ 6 , 11 , 12 ]. 
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To dissect mechanisms of RBP-mediated regulatory pro-
cesses, it is crucial to identify the RNA targets of RBPs, their
exact binding sites, and their interaction strengths. UV cross-
linking followed by immunoprecipitation (CLIP) [ 13 ] has rev-
olutionized the in vivo mapping of RBP-binding sites and cou-
pling it to high-throughput RNA sequencing (RNAseq) has
yielded many variations of the method, including HITS-CLIP
[ 14 ], PAR-CLIP [ 15 ], iCLIP [ 16 ], irCLIP [ 17 ], eCLIP [ 18 ],
and multiplexed eCLIP [ 19 ], among others. Although CLIPseq
methods have enabled breakthroughs in the field, limitations
remain. The inherent low efficiency of UV cross-linking bi-
ases the capture of distinct amino acid –ribonucleotide interac-
tions. Furthermore, the dependence on high-quality antibod-
ies and extensive hands-on time to produce CLIPseq libraries
contribute to quantitative variability and high experimental
failure rates [ 20 , 21 ]. In addition, large-scale in vitro technolo-
gies, such as RNAcompete [ 22 ] and RNA Bind-n-Seq (RBNS)
[ 23 ], were developed to profile binding of purified recombi-
nant RBPs to random synthetic RNAs of 20 or 40 nucleotides
(nt) and allow quantitative assessment of primary and sec-
ondary binding motifs. However, these methods cannot infer
the impact of intrinsic RNA features present in native cellular
transcripts. 

To overcome current limitations in studying RNA –protein
interactions, we developed RAPseq. RAPseq is a RBP-centric
affinity purification-based method that allows the study of in
vitro RBP –RNA interactomes using native cellular transcrip-
tomes in a scalable manner. Briefly, in RAPseq, native cellu-
lar RNA is chemically fragmented to generate the binding
substrate, a step that can be performed in parallel with the
cloning and in vitro translation of Halo-tagged RBPs. The
binding assay is then performed between the recombinant
RBP(s) and the fragmented RNA. RBP –RNA complexes are
affinity-purified, and the associated RNA is sequenced to map
transcriptome-wide binding sites. Unlike existing antibody- or
synthetic oligo-based approaches, RAPseq does not require
immunoprecipitation or cross-linking, preserves endogenous
RNA features, including modifications, and is compatible with
high-throughput, multiplexed analysis. The use of recombi-
nant RBPs generated in cell-free systems and native RNA
makes RAPseq uniquely suited for functional and compara-
tive analyses across a wide range of RBPs. 

We applied RAPseq in multiple distinct settings to demon-
strate its versatility and to explore previously inaccessible
questions in RNA biology. First, we systematically mapped
transcriptome-wide RNA-binding activities of 11 cRBPs and
26 ncRBPs not previously studied in this context. This allowed
us to uncover widespread moonlighting RNA-binding capaci-
ties. Second, we investigated the evolutionary binding propen-
sities of the RBP HUR (ELAVL1) across vertebrates. HUR is a
well-characterized post-transcriptional regulator that was se-
lected because of its conserved role in mRNA stabilization.
Cross-species RAPseq allowed us to identify commonalities
in RNA motif recognition and differences in target site se-
lection. Third, we examined disease-associated consequences
of five disease-associated variants of IGF2BP paralogs, which
are frequently mutated in cancer. RAPseq revealed that the
pathological variants exhibit distinct RNA-binding patterns,
providing insight into their roles in tumorigenesis. Fourth, we
employed co-RAPseq to investigate cooperative RNA-binding
between two RBPs, HUR and PTBP1, due to their similarities
in target motif preferences. This enabled transcriptome-wide
mapping of cooperative binding sites and de novo estimation
of the optimal spacing between binding motifs. Finally, we 
developed mod-RAPseq to distinguish between modification- 
dependent and -independent RNA-binding events. We fo- 
cused on YTHDF1 and YBX1, representative readers of m 

6 A- 
and m 

5 C-marked RNAs, respectively. By comparing cellu- 
lar (RAPseq) and in vitro generated (mod-RAPseq) transcrip- 
tomes, we quantified the contribution of RNA modifications 
to RBP recognition. 

Altogether, these implementations highlight the broad ap- 
plicability and unique capabilities of RAPseq and its variants 
in advancing our understanding of RNA –protein interactions.
Through its diverse applications, RAPseq uncovers novel con- 
ceptual and mechanistic insights into the evolution dynam- 
ics, cooperative behavior, and disease relevance of RBP –RNA- 
binding. 

Materials and methods 

RNA extraction from HepG2 cells 

HepG2 cells were obtained from the American Type Culture 
Collection (ATCC) with a certified genotype. Cells were cul- 
tured in Dulbecco’s modified Eagle’s medium (Merck) supple- 
mented with 1% penicillin/streptomycin (Merck) and 10% fe- 
tal bovine serum (HyClone), and maintained until reaching 
80% confluency in 15 cm culture dishes (Sarstedt). After re- 
moving the medium, cells were washed once with phosphate- 
buffered saline (PBS). For RNA extraction, cells were lysed in 

1 ml of QIAzol ® (QIAGEN), scraped, and collected into a 2 ml 
microcentrifuge tube. A total of 200 μl of chloroform (Merck) 
was added to the lysate, followed by vigorous shaking by hand 

for 10 seconds and incubation at room temperature for 3 min- 
utes. The collection tube was centrifuged at 9000 g at 4 

◦C for 
10 minutes. The aqueous phase was collected and mixed with 

an equal volume of isopropanol (Merck), shaken vigorously,
and incubated at room temperature for 10 minutes. RNA was 
precipitated by centrifugation at 9000 g at 4 

◦C for 10 minutes,
washed twice with 500 μl of 80% ethanol (Avantor), and re- 
suspended in nuclease-free water (Thermo Fisher Scientific) at 
a final concentration of 600 ng μl −1 measured by a Qubit™
4 fluorometer (Thermo Fisher Scientific). For removal of ge- 
nomic DNA, DNase treatment was performed at 37 

◦C for 30 

minutes by adding 2 U of TURBO DNase™ (Thermo Fisher 
Scientific) and 5 μl of 10 × TURBO DNase buffer per 10 μg 
of RNA. RNA was then purified using RNA Clean & Con- 
centrator™ columns (Zymo Research) according to the man- 
ufacturer’s instructions. 

RNA extraction from vertebrate li ver s 

Mouse livers (2.5 months old, male) were obtained from 

the Cambridge Institute, UK, under Home Office license PPL 

80/2197. Opossum livers (17 months old, males) were pro- 
vided by the University of Glasgow, UK. Chicken livers (2 

years old, female) were purchased from the Poultry Produc- 
tion Unit at the BBSRC Institute of Animal Health, Comp- 
ton, UK. Frog livers (2 months old) were obtained from the 
Wellcome Trust/Cancer Research UK Gurdon Institute (Cam- 
bridge, UK). RNA was extracted as previously described [ 24 ].
Adult male zebrafish liver tissue was provided by the Ze- 
brafish Core Facility at Comparative Medicine, Karolinska 
Institute, Sweden. Husbandry and breeding were conducted 

in accordance with the ethical permit approved by the Stock- 
holm North Ethical Board (Dnr 14049-2019). A flash-frozen 
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ebrafish liver piece (approximately 20 mg) was immediately
mmersed in 1 ml of QIAzol ® (QIAGEN) and homogenized
sing a stainless-steel bead-containing tube in a TissueLyser II
QIAGEN) at 25 Hz for 2 minutes, repeated three times. After
omplete homogenization, the bead was removed, and RNA
xtraction was performed as described above. 

loning of RNA-binding proteins 

aloTag ® cloning vectors for cell-free protein production,
ncoding either N- or C-terminal fusions, were purchased
Promega, G8031). Before cloning RBPs, the cer recombina-
ion sequence element was removed from the vectors by PCR
mplification using primers F_remove_cer and R_remove_cer
 Supplementary Table S1 ). PCR products were first purified
ith the Zymoclean Gel DNA Recovery™ kit (Zymo Re-

earch) and subsequently with the DNA Clean & Concentra-
or™ kit (Zymo Research), 5 

′ -end phosphorylated with the
4 polynucleotide kinase (PNK) (New England Biolabs), and

igated using T4 DNA ligase (New England Biolabs) before
ransformations into One Shot™ TOP10 Chemically Com-
etent Esc heric hia coli cells (Thermo Fisher Scientific). Plas-
id was purified with ZR Plasmid Miniprep™ (Zymo Re-

earch). The resulting plasmid lacking the cer site was used
s a backbone for all subsequent RBP cloning. RBPs were
loned with a C-terminal HaloTag, except for STMN1, which
as cloned with an N-terminal HaloTag because of its short

oding sequence. For RBP cDNA synthesis, 2 μg of total
NA was reverse transcribed using an oligo-dTVN primer (5 

′ -
TTTTTTTTTTTTTTTTTVN-3 

′ ) in a 20 μl reaction with 1
l of SuperScript™ III Reverse Transcriptase (SSIII, Thermo
isher Scientific) at 50 

◦C for 1 hour, according to manufac-
urer’s instructions. By adding an extra 1 μl of SSIII, the reverse
ranscription reaction proceeded at 50 

◦C for an additional
our. The reverse transcription reaction was inactivated by
eating at 70 

◦C for 20 minutes, followed by cooling to room
emperature and treatment with 1 μl of RNase H (Thermo
isher Scientific) at 37 

◦C for 30 minutes. This protocol was
pplied to total RNA isolated from HepG2 cells and liver tis-
ues from zebrafish, frog, chicken, opossum, and mouse. For
ach RBP, 1 μl of the reverse transcription reaction was used
s a template in a 25 μl PCR using Q5 

® High-Fidelity DNA
olymerase (New England Biolabs) and RBP-specific forward
nd reverse primers ( Supplementary Table S1 ). PCR products
ere purified as previously described and either directly as-

embled into linearized HaloTag backbones via Gibson As-
embly (New England Biolabs) or restriction digested (XbaI,
bfI-HF, FspI, SnaBI, and XhoI) (New England Biolabs) and
olumn purified prior to ligation. All RBP-Halo constructs
ere verified by Sanger sequencing (Eurofins). Plasmids gen-

rated in this study have been deposited with Addgene along
ith their sequences ( Supplementary Table S2 ). With the ex-

eption of the frog and zebrafish HUR orthologs, all other
rthologs were amplified using human HUR -specific primers
 Supplementary Table S1 ). 

ite-directed mutagenesis 

athological IGF2BP variants were produced by site-directed
utagenesis (SDM) using variant-specific primers and wild-

ype clones as templates ( Supplementary Table S1 ). SDM re-
ctions were carried out by PCR using the Q5 

® polymerase
New England Biolabs). 
The PCR product was then purified using the DNA Clean
& Concentrator™ kit (Zymo Research), and digested with
the DpnI exonuclease (New England Biolabs) to remove the
methylated wild-type template. The DNA was subsequently
purified and 5 

′ -end phosphorylated using T4 PNK followed
by ligation of the ends by the T4 DNA ligase (New Eng-
land Biolabs) to obtain a circularized plasmid. The plasmids
were then used to transform into One Shot™ TOP10 Chem-
ically Competent E. coli cells (Thermo Fisher Scientific), and
colonies were screened for the presence of the correct muta-
tion by Sanger sequencing (Eurofins). 

IGF2BP2 gene exon 10 insertion 

By synthesizing IGF2BP2 cDNA from total RNA isolated
from HepG2 cells, we obtained IGF2BP2 isoform B, which
lacks exon 10 (129 nt). To generate the full-length IGF2BP2
isoform A cDNA, we synthesized exon 10 de novo using over-
lapping oligonucleotides ( Supplementary Table S1 ) and Q5 

®

high-fidelity DNA polymerase (New England Biolabs). The
IGF2BP2 isoform B plasmid was PCR-linearized at the junc-
tion between exon 9 and exon 11 ( Supplementary Table S1 ),
and the synthesized exon 10 was then inserted into this site
using Gibson assembly (New England Biolabs). The resulting
plasmid of IGF2BP2 isoform A was transformed into One
Shot™ TOP10 Chemically Competent E. coli cells (Thermo
Fisher Scientific), and colonies were screened by PCR and val-
idated by Sanger sequencing (Eurofins). 

RNA substrate preparation 

Exactly 2.4 μg of total RNA was fragmented in 20 μl aliquots
at 95 

◦C for 4.5 minutes in a buffer containing 80 mM
Tris –HCl (pH 8.5) and 8 mM MgCl 2 . Fragmentation reac-
tions were stopped by placing the aliquots on ice and adding 2
μl of 0.5 M EDTA. The aliquots were then pooled. Fragmented
RNA was purified as follows: 0.5 volumes of RNA Clean 

®

XP beads (Beckman Coulter), relative to the total volume of
RNA, were pelleted on a magnetic stand and the supernatant
was removed. The bead pellet was resuspended with the frag-
mented RNA solution and, immediately after, 1 volume of iso-
propanol was added to the bead –RNA mixture and incubated
at room temperature for 10 minutes. Beads were pelleted, the
supernatant was discarded, and beads were washed twice with
80% ethanol. The beads were air-dried at room temperature
for 2 minutes and resuspended in 0.25 volumes of nuclease-
free water. Next, RNA was 3 

′ dephosphorylated to a final con-
centration of 200 ng μl −1 in a reaction containing 100 mM
Tris –acetate (pH 6), 10 mM MgCl 2 , and 2.5 mM dithiothre-
itol (DTT), supplemented with 0.5 U μl −1 T4 PNK (New Eng-
land Biolabs) and 2 U μl −1 RNase Inhibitor (Thermo Fisher
Scientific). The reaction was incubated at room temperature
for 4 hours. Dephosphorylated RNA was purified using the
same RNA Clean 

® XP bead-based method (Beckman Coulter)
as described before. 5 

′ -end phosphorylation was performed
using T4 PNK in 1 × T4 PNK Buffer (New England Biolabs),
supplemented with 1 mM ATP and a final RNA concentration
of 100 ng μl −1 . The reaction was incubated at 37 

◦C for 1 hour.
RNA was again purified using the same bead-based procedure
as described before, quantified, aliquoted (175 ng aliquots, 50
ng μl −1 ), and stored at −80 

◦C until further use. RNA quantifi-
cation of fragmented RNA was performed using the Qubit™
microRNA Assay Kit (Thermo Fisher Scientific) according to
the manufacturer’s instructions. For quality control, 2 ng of

https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkag090#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkag090#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkag090#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkag090#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkag090#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkag090#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkag090#supplementary-data
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the fragmented RNA substrate was used to prepare an input
library. The fragmented RNA substrate was considered ade-
quately 5 

′ -end phosphorylated and 3 

′ -end dephosphorylated
if the resulting small RNA library, amplified with 12 –15 PCR
cycles, showed a uniform size distribution with a median in-
sert size of approximately 40 nt, as measured by Agilent 2100
Bioanalyzer High Sensitivity DNA chips. 

In vitro transcription 

RBP-Halo plasmids were linearized using either SnaBI or FspI
(New England Biolab) and subsequently gel-purified. A 1 μg
aliquot of the linearized and purified plasmid was used for in
vitro transcription using the MegaScript™ T7 Transcription
kit (Thermo Fisher Scientific) at 37 

◦C for 3 hours, following
the manufacturer’s instructions. After a 1 to 5 dilution, all in
vitro transcription reactions were quantified by a NanoDrop
2000c spectrophotometer. Aliquots of 12 μg (1 μg μl −1 ) were
stored at −80 

◦C until further use. 

In vitro translation 

A total of 10 μg of the in vitro transcribed RNA was in vitro
translated using the Wheat Germ Extract in vitro Translation
Kit (Promega) in a 50 μl final volume at 25 

◦C for 2 hours, ac-
cording to the manufacturer’s instructions. The entire trans-
lation product was used for downstream assays, except for
HUR titration experiments, in which 50% and 25% of the
translation product were used. 

Visualization of RBP-Halo fusions 

Between 1 μl (for low molecular weight RBP-Halo fusions,
< 70 –80 kDa) and 20 μl (for high molecular weight RBP-
Halo fusion proteins, > 80 kDa) of the in vitro translation
reaction were incubated with HaloTag ® Alexa Fluor ® 488
Ligand (Promega) at a final dilution of 1:1000 at room tem-
perature for 30 minutes. Afterwards, the reaction was mixed
with an equal volume of Novex™ Tris –Glycine Sodium Do-
decylsulfate Sample Buffer (Thermo Fisher Scientific) and de-
natured at 70 

◦C for 10 minutes. Samples were loaded onto
Novex™ W edgeW ell™ 4 –20% Tris –Glycine protein gels and
electrophoresed at 225 V for 45 minutes. Fluorescent visual-
ization was performed using a Bio-Rad ChemiDoc imaging
system with settings for Alexa Fluor 488 detection. 

RNA affinity purification 

A total of 25 μl of Magne™ HaloTag ® Ligand beads
(Promega) were washed three times in PBSN [1 × phosphate-
buffered saline (PBS; Merck), 0.005% NP-40 (Thermo Fisher
Scientific)], and then resuspended in 50 μl of PBSN. The re-
suspended beads in 50 μl of PBSN were then mixed with 50
μl of the in vitro translation reaction. To remove translation
templates, 1 μl of RNase A (Thermo Fisher Scientific) and 1 μl
of TURBO DNase TM (Thermo Fisher Scientific) were added.
Bead-mediated capture of RBP-Halo fusions was performed
at room temperature for 1 hour with end-over-end rotation.
After binding, the beads were washed three times in 200 μl
of PBSN supplemented with 1 M NaCl (high-salt washing
buffer). The third high-salt washing step was performed by
rotating end-over-end at room temperature for 10 minutes.
Subsequently, beads were washed three more times with PBSN
to remove excess salt by rotating end-over-end at room tem-
perature for 10 minutes. The RBP-Halo-bound beads were re-
suspended in 50 μl of PBSN and combined with 150 ng of the 
fragmented RNA substrate in 50 μl. While washing the beads,
a 3 μl aliquot of fragmented RNA substrate (50 ng μl −1 ) was 
thawed on ice, denatured at 70 

◦C for 2 minutes, immediately 
placed on ice, and diluted with 47 μl of ice-cold PBSN. The 
denatured and diluted RNA was then refolded at room tem- 
perature for 45 minutes before mixing with RBP-Halo beads.
The binding reaction was carried out at room temperature 
for 1 hour by rotating end-over-end. Afterwards, beads were 
washed three times with 200 μl of PBSN by pipetting up and 

down vigorously 20 times. Beads were then resuspended in 15 

μl of nuclease-free water. Elution was done by incubating at 
70 

◦C for 8 minutes, pipetting the reaction up and down three 
times while the PCR tube remained in the thermocycler. Im- 
mediately afterwards, the reaction tube was placed on a mag- 
netic rack and 11 μl of the supernatant was transferred to a 
new tube on ice for library preparation. A minimum of two 

replicates for each protein are recommended. 

RAP-qPCR 

A total of 11 μl of eluate from an RNA affinity purification 

reaction was mixed with 1 μl of random hexamers (250 ng 
μl −1 ) (Thermo Fisher Scientific) and 1 μl of 10 mM dNTPs 
(Thermo Fisher Scientific). The mixture was incubated at 65 

◦C 

for 5 minutes and then placed on ice for 5 minutes. Sepa- 
rately, 1 μl of SSII was combined with 1 μl of 100 mM DTT,
1 μl of RNase inhibitor, and 4 μl of 5 × First Strand buffer 
(Thermo Fisher Scientific), and added to the denatured and 

annealed RNA –hexamer mix. Reverse transcription was per- 
formed with an initial incubation at 25 

◦C for 20 minutes, fol- 
lowed by 45 minutes at 42 

◦C and heat inactivation at 90 

◦C for 
10 minutes. For quantitative PCR (qPCR), 1 μl of the reverse 
transcription reaction was mixed with 10 μl of PowerUp™
SYBR™ Green Master Mix (Thermo Fisher Scientific), 1 μl 
of 10 μM gene-specific primers ( Supplementary Table S1 ),
and nuclease-free water to a final reaction volume of 20 μl.
When designing primers for RAP-qPCR, an optimal ampli- 
con size is between 70 and 80 nt. RAP-qPCR was performed 

using a QuantStudio™ 5 Real-Time PCR System with the 
following cycling conditions: 50 cycles of 95 

◦C for 15 sec- 
onds, 50 

◦C for 30 seconds, and 72 

◦C for 30 seconds. Rela- 
tive standard curves and C t values were obtained using Ap- 
plied Biosystems™ Analysis Software (Thermo Fisher Scien- 
tific). Fold changes relative to HaloTag control were calcu- 
lated using the ��C t method. 

RNAseq library preparation 

RAPseq libraries were prepared using the NEXTflex 

® Small 
RNA-Seq Kit v3 (Bioo Scientific) with two modifications to 

the manufacturer’s protocol. First, MMLV (Moloney murine 
leukemia virus) reverse transcriptase was replaced with SSII 
(Thermo Fisher Scientific). Second, the reverse size selection 

step was omitted and preparation proceeded by cleaning up 

the reverse transcription reaction. After 12 PCR amplification 

cycles, 1 μl of the PCR product was analyzed using Agilent 
2100 Bioanalyzer High Sensitivity DNA chips according to 

the manufacturer’s instructions. Libraries that were insuffi- 
ciently amplified after 12 cycles underwent an additional two 

PCR amplification cycles. Adapters and primers were removed 

using AMPure ® XP beads (Beckman Coulter) with a bead-to- 
sample ratio of 1.5 ×, according to the manufacturer’s instruc- 
tions. Final library size distribution was assessed with Agilent 

https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkag090#supplementary-data
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100 Bioanalyzer High Sensitivity DNA chips, and concentra-
ions were measured using the Qubit™ dsDNA HS Assay Kit
Thermo Fisher Scientific). 

od-RAPseq 

 total of 2 ng of the RAPseq input library was PCR-
mplified using primers F_T7_RAPseq and R_T7_RAPseq
 Supplementary Table S1 ) and Q5 

® DNA Polymerase (New
ngland Biolabs) for 20 cycles. The PCR product was puri-
ed using AMPure ® XP beads (Beckman Coulter) at a 2.0 ×
ead-to-sample ratio, following the manufacturer’s protocol.
ext, 500 ng of the purified PCR product was used as the

emplate for in vitro transcription using the MEGAscript™
7 Transcription Kit (Thermo Fisher Scientific). Transcription
as performed at 37 

◦C for 4 hours. The in vitro transcrip-
ion reaction was then treated with 1 μl of TURBO DNase TM

Thermo Fisher Scientific) and incubated at 37 

◦C for 1 hour to
emove DNA templates. RNA was purified using RNA Clean 

®

P beads (Beckman Coulter) at a 1.5 × ratio as per manu-
acturer’s instructions. The final RNA product was quantified
sing the Qubit™ microRNA assay kit (Thermo Fisher Sci-
ntific), diluted to 50 ng μl −1 , and stored in 3 μl aliquots at
80 

◦C. RNA affinity purification was performed as described.
or reverse transcription, 11 μl of RAPseq eluate was mixed
ith 1 μl of 10 μM R_T7_RAPseq primers in a 20 μl reac-

ion containing SSII (Thermo Fisher Scientific), and incubated
t 42 

◦C for 45 minutes. The reaction was heat-inactivated at
0 

◦C for 10 minutes. cDNA was purified according to the
EXTflex 

® Small RNA-Seq Kit v3 (Bioo Scientific) cleanup
rocedure. Purified cDNA was then PCR-amplified in a 25 μl
eaction using 0.5 μl of Q5 

® DNA polymerase (New England
iolabs), 1 μl of universal primer, and 1 μl of barcoded primer

both from the NEXTflex 

® Small RNA-Seq Kit v3, Bioo Sci-
ntific). After six cycles of amplification, the PCR product was
urified using AMPure ® XP beads (Beckman Coulter) using a
.5 × bead-to-sample ratio. 

o-RAPseq 

 total of 25 μl of Magne ® HaloTag ® Ligand beads was
ashed three times with PBSN. After removing the storing

olution, the beads were resuspended with 100 μl of a mix-
ure containing two combined 50 μl in vitro translation reac-
ions for HUR and PTBP1, respectively. RNA affinity purifi-
ation and library preparation were performed as previously
escribed. 

igh-throughput sequencing 

NA libraries were sequenced either on an Illumina ® No-
aSeq using 300-cycle paired-end reads or on a NextSeq500
nd NextSeq2000 using 83-cycle paired-end reads. Consid-
ring the RAPseq substrate size, generating 80- to 100-cycle
aired-end reads is sufficient for downstream analyses. 

ead processing and alignment 

ASTQ files were first trimmed to remove NEXTflex adapters
rom both mates by cutadapt (v3.1). Unique molecular iden-
ifiers (UMIs), located in the first four bases of read 1 and
ead 2, were extracted and appended to the read names.
eads aligning to a collection of rRNA and tRNA genes
ere removed by using HISAT2 (v2.2.1) [ 25 ]. Remaining
aired-end reads were aligned to either the GRCh38 human
genome or the GRCz11/danRer11 zebrafish genome using
HISAT2. Only uniquely mapping reads were retained. PCR
duplicates were removed using UMI-based deduplication with
umi_tools (v1.0.0) [ 26 ]. Read processing statistics are pro-
vided in Supplementary Table S3 . 

Binding site identification 

Binding sites were identified using MACS2 (v2.2.6) subcom-
mands [ 27 ]. Briefly, read pileups were computed with bedtools
(v2.29.2) [ 28 ], normalized to the same sequencing depth as the
HaloTag control library. The HaloTag control signal was then
subtracted from both the RBP and input control libraries us-
ing macs2 bdgcmp. A second subtraction removed the remain-
ing signal present in the input control. Candidate genomic re-
gions with enriched signal, relative to both HaloTag and input
control libraries, were identified from the remaining RBP read
pileups using macs2 bdgpeakcall. A candidate region was re-
tained for further processing if it had at least five read pair
counts and no significant enrichment in the HaloTag over in-
put control (fold change (FC) < 2 and a false discovery rate
(FDR)-adjusted P < 0.05) in both replicates. Candidate ge-
nomic regions passing all filters were considered significant
binding sites. For each binding site, a peak binding score (BS)
was computed, which represents the mean peak fold change
weighted by the base 2 logarithm of the peak normalized read
counts: 

B S peak = 

1 

4 

⎡ 

⎣ 

(
lo g 2 ( Rep1 ) ∗

(
Rep1 
F C H 

+ 

Rep1 
F C I 

)

+ lo g 2 ( Rep2 ) ∗
(

Rep2 
F C H 

+ 

Rep2 
F C I 

)
⎤ 

⎦ 

Where FC H 

and FC I represent fold changes over Halo and
over input, respectively. 

Comparative binding site analysis 

To compare HUR orthologs and IGF2BPs variants, binding
site metafiles were built by overlapping the peak coordinates
of orthologs or variants, respectively, using bedtools merge
(v2.21.0). For each RBP, the signal within the overlapping re-
gions was retrieved from each replicate of the respective or-
tholog or variant. 

Binding site annotation 

Binding sites were annotated using Gencode v37 GTF (for
human substrate assays) and Ensembl GRCz11 GTF (for ze-
brafish assays) files and the R package GenomicFeatures [ 29 ].
Only binding site summits (1-nucleotide positions) were used
for annotation to avoid multiple feature assignments. The
findOverlaps function of GenomicFeatures (v1.54.4) was used
to intersect the binding site summit coordinate with the GTF
file, and only summits that overlapped were considered. When
multiple features were assigned to one feature, annotation pri-
ority was assigned based on genomic context as follows: in-
tron < non-coding RNA (ncRNA) < 5 

′ -untranslated region
(UTR) < 3 

′ UTR < coding sequence (CDS). 

De no v o motif identification 

The DREME algorithm of the MEME Suite package (v5.1.1)
[ 30 ] was used to identify enriched motifs within 50 nt bins
for HURs or 60 nt bins for HNRNPA1, HNRNPC, PTBP1,
RBFOX2, and YBX3, centered around the binding site sum-
mits, extracted from the annotated peak file. A background

https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkag090#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkag090#supplementary-data
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set of sequences representing unbound control sites was taken
1000 nt downstream (3 

′ direction) from each peak, matching
the bin sizes of the positive sequences. Background sequences
were provided to DREME as a custom background model or,
in some cases, the default DREME shuffled dinucleotide back-
ground model was used. For each RBP, optimized DREME
arguments were used for motif identification. 

Differential binding analysis 

The edgeR (v4.0.16) functions glmQLFit and glmQLFTest
[ 31 ] were used to identify differential binding events with
an FC > 2 and FDR-adjusted P < 0.05. HUR- and PTBP1-
binding sites located within 30 nt of each other were con-
sidered. edgeR was used to compare normalized read counts
across both HUR and PTBP1 replicates. First, binding dif-
ferences were computed by summing all normalized binding
site counts for each individual gene; these per-gene summed
counts were then used as input for edgeR. For IGF2BP vari-
ants, all binding sites per paralog and the corresponding vari-
ants were first merged, keeping the fold change for each par-
alog. The resulting paralog metafile was used to identify dif-
ferentially bound sites. 

Gene Ontology and reactome pathway enrichments

clusterProfiler (v4.10.1 and v4.12) was used to identify sig-
nificantly enriched Gene Ontology (GO) terms using en-
richGO, or Reactome Pathways using enrichPathway [ 32 ]
with org.Hs.eg.db (v3.18.0 and v3.19.1). Enrichments were
determined at an FDR-adjusted P < 0.05 or P < 0.01, over
the default package backgrounds or the expressed HepG2
transcriptome according to our input library ( Supplementary
Table S4 ). GO terms through which HUR and PTBP1 exerted
cooperative functions were tested by considering genes that
were differentially bound or only bound in the co-RAPseq
assay. The background gene set consisted of the union of all
genes bound in all three assays. 

Benchmarking of motif identification among 

different methods 

To compare the motifs identified by our method with
those obtained from other approaches (eCLIP-seq, RNAcom-
pete, and RBNS), we profiled RBP –RNA interactomes us-
ing HepG2 RNA. eCLIP-seq data were retrieved from the
ENCODE Project ( https:// www.encodeproject.org/ ) with the
following accession numbers: HNRNPA1 (ENCFF797GSK),
HNRNPC (ENCFF440ROZ), PTBP1 (ENCFF726SQU), RB-
FOX2 (ENCFF871NYM), and YBX3 (ENCFF185OEI).
RBNS data were also obtained from the ENCODE Project,
with accession numbers HNRNPC (ENCSR569UIU) and RB-
FOX2 (ENCSR441HLP). RNAcompete data were retrieved
from Ray et al. [ 22 ]. 

We recomputed the position weight matrices for both
RAPseq and eCLIP-seq using the DREME tool (see “De novo
motif identification ”). Read counts were obtained from BAM
files and normalized to sequencing depth for each replicate
and size-matched input control. Bed files were annotated us-
ing the same pipeline applied to RAPseq peaks (see “Binding
site annotation’ ’ ), computing fold changes and read densities,
and performing de novo motif identification. Because position
weight matrices for RBNS were not available, motif files were
downloaded from the ENCODE Project. RNAcompete posi-
tion weight matrices were obtained from the corresponding 
publication. 

Integrated analysis of RBP –RNA interactomes 

A set of 37 RBPs was selected for RAPseq analysis and sub- 
sequent integration after intersecting data from four indepen- 
dent studies [ 2 –4 , 33 ]. Established cRBPs and novel ncRBPs 
were selected according to their domain composition and 

canonical functions. Only RBPs with > 1000 binding sites in 

the transcriptome were selected for downstream analysis. For 
the integration of RNA targets, overlapping and unique tar- 
get sets for the different RBPs were limited to a minimum of 
20 genes and visualized as a network using Cytoscape (v3.9.1) 
[ 34 ]. To investigate the effects of RNA-binding on RNA levels,
we examined publicly available RNAseq datasets of small in- 
terfering RNA (siRNA)-mediated knockdown experiments of 
YBX3, PTBP1, RBFOX2, and STMN1 [ 35 , 36 ]. We assessed 

the enrichment of RBP –target sets in the knockdown experi- 
ment results with gene set enrichment analysis (GSEA) using 
the fgsea R package ( https:// github.com/ alserglab/ fgsea ). Gene 
lists were ranked according to signed log 10 P -values, and the 
resulting normalized enrichment score values were extracted 

for assessment. GO over-representation analysis with cluster- 
Profiler was performed for selected gene target sets of YBX3,
PTBP1, RBFOX2, and STMN1 to identify relevant biological 
processes, applying a lenient cut-off of P < 0.1. The rrvgo R 

package was used to collapse over-represented terms accord- 
ing to their similarity using the “Rel” method and a threshold 

of 0.9 to define GO clusters [ 37 ]. Normalized gene expres- 
sion values for patients with liver cancer in the TCGA cohort 
were retrieved from the LinkedOmics platform [ 38 ]. Survival 
analysis results of patients with liver cancer separated by high 

and low RNA levels of selected genes were retrieved from the 
GEPIA2 database [ 39 ]. 

Results 

RAPseq captures structure-, sequence-, and 

modification-specific RBP –RNA interactions using 

native transcriptomes 

RAPseq is a binding assay that measures interactions be- 
tween a recombinant protein and native RNA using high- 
throughput sequencing as a readout (Fig. 1 A). To generate the 
RNA substrate, we chemically fragmented total RNA isolated 

from cells and tissues to a product with a median size of 35 

nt [interquartile range (IQR) 25 –49 nt] ( Supplementary Fig. 
S1 A). We subsequently performed 3 

′ -end dephosphorylation 

and 5 

′ -end phosphorylation to enable ligation of sequencing- 
compatible adapters (Fig. 1 A). This RNA preparation resulted 

in substrate uniformity and allowed for efficient amplification 

and sequencing. For the production of the recombinant RBP,
we cloned the respective cDNA fused to HaloTag [ 40 ] into a 
cell-free expression vector (Fig. 1 A). C-terminal Halo tagging 
ensured that we assayed full-length rather than N-terminally 
tagged truncated fusions ( Supplementary Fig. S1 B, C). We 
treated the RBP from the in vitro expression system with 

RNase to eliminate residual RNA ( Supplementary Fig. S1 D) 
and removed contaminants by high-salt washes. After purifi- 
cation, the RBP-Halo fusion was incubated with the frag- 
mented RNA substrate, and RBP-bound RNAs were recov- 
ered and deep sequenced (Fig. 1 A) (see Materials and meth- 
ods). We compared the binding efficiency of fragmented versus 

https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkag090#supplementary-data
https://www.encodeproject.org/
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkag090#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkag090#supplementary-data
https://github.com/alserglab/fgsea
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkag090#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkag090#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkag090#supplementary-data


RAPseq for large-scale identification of RBP –RNA interactions 7 

Figure 1. RAPseq captures RBP-binding facilitated by RNA str uct ure, sequence, and modification. ( A ) Schematic presentation of the experimental setup 
of RAPseq. RAPseq substrates are generated from native total RNA (left). Production of an RBP-Halo fusion allows protein purification and RNA-binding 
assa y. Ne xt-generation sequencing serves as readout using UMIs (right). ( B ) The dot plot displa y s binding of HUR to non-targeting (NT) and targeting (T1 
and T2) RNA regions ( x -axis) of fragmented (left) and full-length (right) RNA from HepG2 cells. RAP-qPCR (left) was performed in two replicates (colored 
dots), and means (black horizontal lines) are shown. RNA-binding is displayed as log 2 -scaled fold change ( ��Ct) of HUR over the -HaloTag control 
( y -axis). RAPseq co v erage tracks (right) represent HUR-binding to fragmented RNA [in reads per million (RPM)]. Genomic locations of the corresponding 
target regions (T1 and T2) are specified. Tracks for two HUR replicates and two RAPseq controls (HaloTag and RNA input) are shown. ( C –E ) Genome 
tracks demonstrate binding of (C) HUR to ARE and GRE motifs, (D) IRP1 to the iron-responsive element, and (E) YTHDF1 to a modified nucleotide (m 

6 A) 
within KDELR2 , FTL , and HNRNPA0 mRNAs, respectively, in HepG2 cells. Genomic locations with a scale bar indicate the length of the genomic region 
in bases, and gene features (black rectangle, e x on and UTR; gray line, intron; arrow, direction of transcription) ( x -axis) and normalized read density (RPM, 
y -axis) are shown. Vertical lines highlight bound RNA elements. Tracks for two RBP replicates and m 

6 A-specific RNA immunoprecipitation (IP, purple) 
o v er input control (green) are presented. 
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full-length total RNA substrates and observed that fragmen-
tation improved the RBP –RNA pulldown efficiency (Fig. 1 B),
probably due to improved accessibility of RBP-binding sites. 

To assess the dynamic range and sensitivity of RAPseq, we
performed titration experiments using three concentrations
of the RBP HUR, i.e. the total in vitro expression reaction
(100%) and diluted inputs at 50% and 25%. At 100% and
50% input, RAPseq identified 4129 and 3801 RNA targets,
respectively, of which 2790 were shared. The 25% titration
yielded 1543 targets, with up to 86% (1324/1543) of tar-
gets overlapping with the higher input titrations. In total, 411
RNA targets were common to all the three HUR RAPseq titra-
tions and the corresponding eCLIP dataset ( Supplementary
Fig. S1 E). This result suggests a threshold effect in detection
sensitivity that correlates with RBP input concentrations. We
evaluated the quantitative performance of RAPseq by com-
puting a peak binding score, which we defined as the aver-
age enrichment of reads at a given peak over our two neg-
ative controls, weighted by the average replicate-normalized
read counts (see Materials and methods). Higher peak binding
score values were consistently observed among targets shared
across the three titrations, while unique targets exhibited sig-
nificantly lower scores ( Supplementary Fig. S1 F). We therefore
chose the highest concentration of RBP input for all subse-
quent assays. 

To assess whether RAPseq captured known RBP-binding
modalities to RNA, we profiled three RBPs that have
sequence- (HUR) [ 41 –43 ], structure- (IRP1) [ 44 ], and
modification-specific (YTHDF1) [ 45 , 46 ] substrate require-
ments. In line with previous studies, we detected a cluster of
AU- and GU-rich RNA elements (ARE, GRE) in the 3 

′ UTR
of the KDELR2 mRNA as HUR-binding sites (Fig. 1 C). IRP1
specifically bound the iron-responsive element in the 5 

′ UTR of
the FTL mRNA (Fig. 1 D). For YTHDF1, we identified bind-
ing sites overlapping with known m 

6 A-modified sequences in
the HNRNPA0 mRNA [ 6 ] (Fig. 1 E). 

In sum, RAPseq is the first in vitro -based method capable
of capturing a wide range of interactions between RBPs and
native cellular RNA, involving sequence, structure, and RNA
modifications. 

RAPseq recapitulates known RBP-binding 

specificities with high quantitative accuracy 

To benchmark RAPseq, we focused on five cRBPs (HN-
RNPA1, HNRNPC, PTBP1, RBFOX2, and YBX3) that rec-
ognize RNA through sequence-specific interactions. We pro-
filed their RNA interactomes using HepG2 RNA and com-
pared the results with publicly available in cellulo eCLIPseq
data [ 36 ] and the in vitro RBP –RNA interaction assays RNA-
compete [ 22 ] and RBNS [ 23 ]. For the five RBPs, we observed
high similarity in the bound motifs across the diverse interac-
tion assays (Fig. 2 A; Supplementary Fig. S2 A). For the well-
characterized RBP RBFOX2, we observed a subtle deviation
from the canonical GCAUG motif. We found comparable fre-
quencies of cytosine (C) and adenine (A) at the second posi-
tion in the motif, forming the GAAUG motif, consistent with
previous reports [ 47 ]. Using lenient motif criteria (see Materi-
als and methods), we identified a more generalizable RBFOX2
motif, GNWYG (where N corresponds to any nucleotide, W
to A/U, and Y to C/U) in nearly 90% of binding sites, com-
pared with 44% for the more specific G(C/A)AUG. Notably,
binding sites containing only the canonical GCAUG motif had
significantly higher peak binding score values than the other 
13 possible GNWYG 5-mers, confirming GCAUG as the mo- 
tif with the highest binding affinity ( Supplementary Fig. S2 B).
All GNWYG 5-mers were specific to RBFOX2 compared with 

the other RBPs assayed by RAPseq ( Supplementary Fig. S2 C).
Peak binding scores for the majority (86%, 12/14) of the GN- 
WYG motif variants increased upon inclusion of an addi- 
tional 5 

′ U ( Supplementary Fig. S2 D), validating prior find- 
ings on enhanced binding [ 23 ]. Furthermore, binding sites 
containing two or more 5-mers exhibited even stronger bind- 
ing than sites with a single motif ( Supplementary Fig. S2 D).
We also confirmed the generalized GNWYG motif in eCLIP 

data when examining enrichment based on motif frequencies,
excluding GCAUG instances ( Supplementary Fig. S2 E). Simi- 
larly, we observed increased YBX3-binding scores in the pres- 
ence of additional 5 

′ As flanking the previously described core 
CAHC motif (where H corresponds to a U, C, and A) [ 48 ] 
( Supplementary Fig. S2 F). 

We calculated peak binding score values to evaluate the 
quantitative capacity of RAPseq (see Materials and meth- 
ods). The peak binding score values in the HNRNPC assays 
were positively correlated with the uracil content of RNA tar- 
gets [ 49 , 50 ]. The binding strength plateaued when the uracil 
content exceeded 50%, forming a characteristic biochemical 
binding curve that was not detectable in eCLIP data (Fig. 2 B).
We next compared the concordance between RAPseq and 

eCLIPseq regarding motif location and read enrichment of 
the five RBPs. In RAPseq, the motif consistently mapped to 

the center of peak regions, resembling profiles from tran- 
scription factor chromatin immunoprecipitation (ChIP) as- 
says. This allowed the use of standard peak callers (see Ma- 
terials and methods). In contrast, iCLIP and eCLIP often dis- 
play a positional shift between motif and read coverage, re- 
quiring assay-dependent customized algorithms [ 51 ] (Fig. 2 C,
D). RAPseq showed higher reproducibility and significance 
of binding compared with eCLIPseq (Spearman rank cor- 
relation for RAPseq ρ = 0.93 –0.94 and for eCLIPseq ρ = 

0.58 –0.92, two-tailed Wilcoxon rank sum test for eCLIPseq 

and RAPseq, P < 0.01) (Fig. 2 E, F). When combining peaks 
on the gene level, RAPseq identified a larger set of RBP-bound 

genes. However, the majority (56 –83%) of RBP-bound genes 
in eCLIPseq overlapped with RAPseq, suggesting that many 
in cellulo interactions are governed by intrinsic binding speci- 
ficities (Fig. 2 G). Furthermore, transcripts bound in vitro were 
significantly stronger bound in cellulo (two-tailed Wilcoxon 

rank sum test, P < 0.01) (Fig. 2 G), confirming the biological 
relevance of RAPseq-detected interactions. 

Overall, RAPseq quantitatively captures RBP-binding 
specificities and enables reliable profiling of RBP –RNA inter- 
actomes. 

Systematic profiling of RBP targets reveals 

specialized RNA interactomes 

Despite the increased identification of ncRBPs through recent 
proteomic- and sequencing-based technologies, their RNA- 
binding mechanisms remain limited [ 52 ]. To evaluate whether 
RAPseq can discover RNA targets of ncRBPs, we intersected 

RBPomes from four independent studies [ 2 –4 , 33 ]. Across 
these datasets, one-third (243/716) of the common RBPs were 
ncRBPs ( Supplementary Fig. S3 A). We selected 26 ncRBPs 
representing diverse domain composition and canonical func- 
tions based on pre-defined criteria including protein size suit- 

https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkag090#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkag090#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkag090#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkag090#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkag090#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkag090#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkag090#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkag090#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkag090#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkag090#supplementary-data
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Figure 2. Accuracy and robustness of RAPseq are confirmed by benchmarking against state-of-the-art methods. ( A ) Position weight matrices display de 
no v o identified motifs of five RBPs with two replicates each in RAPseq and eCLIPseq assays and published motif models from in vitro assays 
(RNAcompete and RBNS). ( B ) LOESS-fitted smoothed regression lines (left) and box plots (right) of HNRNPC RAPseq (blue, top) and eCLIPseq (green, 
bottom) assa y s sho w HNRNPC-binding in terms of peak binding scores (left) and f old changes (right) ( y -ax es) as a function of uracil content ( x -ax es) in a 
40 nt bin centered around the peak summit (for RAPseq, top) and around the highest motif density location (for eCLIPseq, bottom), n = 2. ( C ) Line and 
density plots compare the motif locations (polygons) with respect to the average normalized read enrichment (RPM, lines) for RAPseq and eCLIPseq for 
five RBPs. Line plots show the average RPM for all peaks plotted as a fraction of the maximum mean RPM for two experimental replicates (top, y -axes). 
The bin size for the line plots is 1 nt. Density plots display the density of RBP-binding motif locations (A) at bound sites for RAPseq (blue), eCLIPseq 
(green), and the same motifs o v er unbound control sites (gray). The x -axes show the distance from the peak summit. Ticks are drawn at −100, −50, 0, 
50, and 100 nt from the respective RBP peak summit. ( D ) Illustrative model explains the read enrichment at (RAPseq, left) and next to the motif 
(eCLIPseq, right) due to intrinsic experimental differences when capturing RBP –RNA interactions. ( E ) Scatter plots show the correlations in binding 
enrichments (log 2 of peak fold changes) between two replicates ( x , y -axes) for all RAPseq binding events (left column) and subsampled RAPseq binding 
e v ents (middle column) to match the number of eCLIP binding e v ents (right column) for five RBPs. Spearman’s rank correlation coefficients are 
indicated. ( F ) Comparison of the experimental steps in RAP (left) and eCLIP (right) protocols. The dot plot correlates the mean of two replicates for five 
RAPseq (blue) and eCLIPseq (green) experiments, derived from (E). Asterisks indicate statistical significance (Spearman rank correlation, ∗∗P < 0.01). 
( G ) Tw o-w a y Venn diagrams (left) intersect the number of genes with identified binding sites f or fiv e RBPs in RAPseq (blue) and eCLIPseq (green), tw o 
replicates each. The intersected area is colored (yellow) and the number of genes per intersection is displayed. Violin plots (right) display gene 
enrichments (log 2 scale) for RAPseq common genes (light blue), eCLIPseq common genes (light green), and eCLIPseq only genes (green). Asterisks 
represent statistical significance (two-tailed Wilco x on rank sum test, ∗∗P < 0.01, ∗∗∗P < 0.001). The gene enrichments are computed as the sum of all 
peak enrichments (binding score) per gene. 
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able for cloning, domain composition, binding specificity, and
functional annotations. Their RNA interactomes were pro-
filed using RAPseq, alongside 11 cRBPs as controls. All pro-
filed RBPs are listed in Supplementary Table S5 , which in-
cludes protein lengths, domain compositions, intrinsically dis-
ordered regions, and predicted RNA-binding motifs. While
cRBPs bound to a median of 7297 binding sites across the
transcriptome, ncRBPs exhibited fewer interactions, with a
median of 560 binding sites ( Supplementary Fig. S3 B). How-
ever, 11 ncRBPs displayed substantial binding activity, each
interacting with > 1000 RNA sites ( Supplementary Fig. S3 C).
Among them, HSPA8 and PEBP1 showed the largest num-
ber of binding events (4810 and 4735, respectively), whereas
CCDC124 and CCT2 had the fewest (27 and 26, respec-
tively) ( Supplementary Fig. S3 C). On average, cRBPs had over
two (range: 1.03 –2.93) binding sites throughout the gene
body, whereas ncRBPs exhibited approximately one bind-
ing site per target gene ( Supplementary Fig. S3 D). Moreover,
ncRBPs demonstrated weaker binding strengths compared
with cRBPs, even after correcting by the total number of peaks
( Supplementary Fig. S3 E). This trend was maintained when
investigating high binding strength ncRBPs with over 1000
peaks ( Supplementary Fig. S3 F). Notably, STMN1 showed
the highest binding strength among ncRBPs despite having
relatively few binding sites, suggesting selective, high-affinity
interactions with functionally relevant RNAs and a special-
ized role in post-transcriptional regulation ( Supplementary
Fig. S3 C, F). 

To assess the specialization for each of the generated
RBP –RNA interactomes, we focused on the high binding
strength RBP group, consisting of 10 cRBPs and 11 ncRBPs,
and analyzed their bound target gene sets (Fig. 3 A). The
number of binding sites correlated with the number of tar-
get genes, but not the binding strength of RBPs (Fig. 3 A;
Supplementary Fig. S3 C, F). Notably, the binding strength ob-
served for ncRBPs was generally low compared with cRBPs,
with only some exceptions displaying comparable binding ca-
pability. Several RBPs displayed distinct binding preferences
across gene regions. For instance, PTBP1 showed higher bind-
ing at introns and UTRs, but had a lower fraction of binding
sites in coding sequences compared with other RBPs. HUR
displayed a preference for binding 3 

′ UTRs whereas STMN1
showed the highest differences in 5’UTRs among ncRBPs. 

We further evaluated the specialization of RBPs by build-
ing a unified network of RNA interactomes (Fig. 3 B). This
approach revealed unique sets of target genes for the differ-
ent RBPs as well as co-targeted transcripts. Specifically, YBX3,
PTBP1, RBFOX2, and STMN1 formed a dense subnetwork of
co-regulated targets (Fig. 3 B). To assess the regulatory conse-
quences of binding, we examined RNA abundance changes
using publicly available RNAseq data from RBP knockdown
experiments [ 35 , 36 ]. Target genes of each RBP were strat-
ified into sets according to the location of RBP-binding sites
within the gene body and examined with GSEA for changes in
gene expression. We found that PTBP1 and RBFOX2 showed
the greatest changes in RNA levels compared with random
gene sets when binding introns, while YBX3 and STMN1
affected transcripts through binding to 3 

′ UTRs and exons
of non-coding genes, respectively ( Supplementary Fig. S3 G).
Although overall changes in RNA abundance were mod-
est ( Supplementary Fig. S3 H), a subset of co-regulated tran-
scripts, such as those shared by YBX3 and RBFOX2, were af-
fected upon RBFOX2 knockdown (Fig. 3 C). This suggests that 
only a fraction of RBP targets exhibit changes in RNA abun- 
dance, indicating alternative modes of post-transcriptional 
regulation independent of RNA level changes. 

Lastly, after profiling the RNA interactomes in liver cancer 
cells (HepG2) and identifying of several RBPs in cancer de- 
velopment and progression, we examined the abundance of 
RBP –targets across hepatocellular carcinoma (LIHC) stages 
and their association with patient survival. Out of the 61 

genes in the RBP subnetwork, 23 were significantly linked to 

LIHC progression and survival outcomes (Fig. 3 D, columns 
1 –3). Functional enrichment analysis revealed key processes,
with the most enriched processes involving genes targeted by 
multiple RBPs, such as cell –cell adhesion, regulation of lipid 

catabolism, and post-embryonic development (Fig. 3 D, col- 
umn 4). Additionally, some processes showed specificity for in- 
dividual RBPs like AAAS, CEP131, NCKAP5L, and MTCL1,
which were targeted by STMN1 and associated with micro- 
tubule formation and poor patient survival. Variations in the 
location of RBP-binding sites were observed among genes,
with most sites mapping to coding sequences (Fig. 3 D, column 

5). 
Together, our systematic analysis confirms the ability of 

RAPseq to profile diverse RBP –RNA interactomes. Our find- 
ings demonstrate that both cRBPs and ncRBPs form special- 
ized and functionally distinct RNA interactomes, displaying 
unique binding preferences and regulatory capacities. The re- 
sults suggest that RBPs, especially ncRBPs, may serve as cru- 
cial post-transcriptional modulators with potential roles in 

disease-relevant pathways, particularly impacting liver cancer 
progression and patient outcomes. 

HUR-binding to uracil triplets is conserved but 
exhibits species-specific transcript processing 

preferences 

Speciation leads to rapid changes in transcriptome regulation,
requiring adaptation of RBP –RNA interactions. RAPseq is 
the first method enabling cross-species comparisons between 

RBP orthologs and native RNA substrates. RBPs encoded by 
the ELAV gene family are evolutionarily conserved, featur- 
ing three RNA recognition motifs (RRMs) with strong bind- 
ing affinity for AU-rich elements [ 53 ]. Given that HUR is the 
most divergent paralog of the ELAV gene family that evolved 

through gene duplication in vertebrates [ 53 ], we quanti- 
fied and compared HUR-binding specificities across verte- 
brate evolution. We inspected HUR orthologs from human,
mouse, opossum, chicken, frog, and zebrafish. All orthologs 
had a similar length, and the amino acid sequence identity 
decreased gradually from human to zebrafish (Fig. 4 A). Ex- 
cept for frog HUR, amino acid changes resided outside the 
RNA-interacting β-sheets of the three RRMs, suggesting min- 
imal impact on RNA-binding ( Supplementary Fig. S4 A). De- 
spite two amino acid differences in the RRM1 and RRM3 β- 
sheets of the frog HUR, existing crystallographic models indi- 
cated that uracil triplet (UUU)-binding is mediated by all three 
RRMs in human HUR, implying conserved interaction modes 
[ 43 , 44 ]. To validate the conservation of binding specificity,
we produced HUR proteins from the six orthologs and con- 
ducted RAPseq assays with the same human RNA substrate 
(Fig. 4 B). We found that all orthologs bound to UUUs, which 

were significantly enriched in over 85% of all ortholog bind- 

https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkag090#supplementary-data
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Figure 3. Combined analysis of RBP –RNA interactomes reveals binding and regulatory preferences. ( A ) Plots summarize the characteristics of cRBP 
(red) and ncRBP (purple), with two replicates each. Horizontal bar plots (left) display the number of gene targets per RBP. Stacked bar plots (middle) 
display the fraction of binding sites in different regions of the gene body. Box plots (right) illustrate the binding strength across the detected binding 
sites. Each box indicates the IQR, median (horizontal line), and 1.5 × IQR (whiskers). ( B ) The RBP –RNA interactome network represents overlaps of RNA 

t argets bet ween cRBP (red nodes) and ncRBP (purple nodes), with t w o replicates each. T he number of target genes in each of the o v erlapping and 
non-o v erlapping sets is indicated (blue node size). A subnetwork of targets from YBX3, PTBP1, RBFOX2, and STMN1 is highlighted (bold edges). The 
represented target sets are limited to a minimum size of 20 genes. ( C ) Bar plots show the NESs obtained from GSEA of RBP –target sets from the 
subnetwork highlighted in (B) using available RNAseq data from cRBP (red) and ncRBP (purple) knockdown experiments. The RNA –target subset 
co-regulated by YBX3 and RBFOX2 is highlighted (dark red). ( D ) Functional implications of gene targets from the subnetwork highlighted in (B) that are 
associated with an enriched GO term. For each target gene, the RBP-binding score (column 1), mRNA abundance in liver cancer (LIHC) stages (column 
2), association with LIHC patient survival (column 3), association with enriched GO terms (column 4), and gene region distribution of binding sites 
(column 5) are displa y ed. 
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Figure 4. RNA-binding specificity of HUR is conserved in vertebrates but acquired functional differences. ( A ) Orthologous vertebrate HUR protein length 
and RRMs 1 –3 (white bo x es and vertical light blue lines) are shown. Amino acid changes (black lines) for each ortholog compared with the human 
reference are highlighted. Hs , human; Mm , mouse; Md , opossum; Gg , c hic ken; Xt , frog; and Dr , zebrafish. ( B ) Schematic representation of the 
performed RAPseq assays using vertebrate HUR proteins and either the human (left) or zebrafish RNA substrate (right). ( C ) The table lists the 
percentage and corresponding DREME E-value of UUU motifs in the HUR-bound transcriptome ( ±25 nt around the peak summit), with two replicates 
for each species. ( D ) The line plot (smoothing bin width of 3 nt) displa y s the frequency of UUUs ± 100 nt at HUR peak summits (color-coded by species) 
and control sites residing 10 0 0 nt distant from the peak summit (gra y, color-coded b y species), n = 2. ( E ) Binding site enrichments (a v erage f old changes, 
y -axis) are shown as a function of the frequency of UUUs ( x -axis) for all HUR orthologs. LOESS-fitted smoothed regression lines with the 95% 

confidence interval display the averaged enrichments ( Supplementary Fig. S4 B) across all orthologs (left). B o x plots (right) denote enrichment 
distributions (ortholog a v erage f old c hange) of eac h UUU bin, n = 2. ( F ) B o x plots demonstrate peak f old changes per ortholog. Asterisks (top) represent 
statistical significance (two-tailed Wilco x on rank sum test, ∗∗∗P < 0.001). The numbers of HUR-binding sites per species are indicated (bottom), n = 2. 
(G –I) Plots represent ( G ) a v erage HUR-binding (scored as log 2 -transformed average binding scores, subsampled across six levels of orthologous species 
intersections), ( H ) degree of sequence conservation of HUR-bound sites (dark blue) compared with adjacent unbound control sites (light blue) (according 
to 100 vertebrate phyloP scores, subsampled), and ( I ) proportional frequency (ranging from 1 to 5) of UUU motifs within HUR-bound sites shown for 
intersections for each orthologous species (1 –6, representing increasing evolutionary conservation), n = 2. ( J ) The box plot elucidates peak fold changes 
o v er all binding sites of zebrafish ( n = 1903) and human ( n = 2069) HUR using zebrafish RNA. Asterisks represent statistical significance (two-tailed 
Wilco x on rank sum test, ∗∗∗P < 0.001), n = 2. ( K ) Pie chart shows the percentage of HUR-binding sites for a given RNA feature (blue, color-coded) in the 
combinatorial human and zebrafish cross-species RAPseq assays, n = 2. ( L ) The proposed model summarizes the co-evolutionary dependencies 
between HUR protein and transcriptomes in vertebrates. Top: from zebrafish to human, HUR-binding transitioned from mRNA processing to mRNA 

st abilit y (in v erse triangles). Middle: during e v olution, the siz e of the activ ely transcribed genome (light blue line) doubled from z ebrafish to human while 
HUR-binding sites increased (dark blue line). Bottom: HUR-binding specificity for UUUs remained unchanged (motif in the background) but HUR-binding 
affinities changed across vertebrates. 
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ng events (Fig. 4 C). UUUs were centrally positioned within
he peak summit over background control sites (Fig. 4 D) (see

aterials and methods) and fold changes were proportional
o the number of triplets per binding site (Fig. 4 E). This im-
lies conserved substrate recognition and cooperative bind-

ng by the RRMs. However, frog and zebrafish HURs showed
ignificantly lower enrichments compared with the other or-
holog HURs (two-tailed Wilcoxon rank sum test, P < 0.001)
Fig. 4 F), indicating differences in RNA-binding affinities due
o amino acid changes. 

We assessed the conservation of HUR-binding sites by
veraging peak binding score values across tetrapod or-
hologs and clustering RNA-binding events by species overlap
 Supplementary Fig. S4 B). Shared sites among multiple species
ad significantly higher peak binding scores than species-
pecific RNA-binding events (Fig. 4 G). To assess the degree
f evolutionary conservation of HUR-binding sites, we used
hyloP scores obtained from 100 vertebrate genome align-
ents. We found that both shared and unique HUR-binding

ites were more constrained than adjacent regions used as
ontrol (Fig. 4 H) (see Materials and methods). Remarkably,
hared RNA-binding sites were under stronger purifying se-
ection than those unique to each ortholog (Fig. 4 H). This pat-
ern mirrored the increase in average peak binding scores (Fig.
 G) and UUU motif frequencies (Fig. 4 I), indicating positive
election for UUU sequences during vertebrate evolution to
upport HUR-binding. 

Given that zebrafish HUR is most divergent across the ver-
ebrate lineage, we profiled zebrafish and human HUR pro-
eins on zebrafish RNA (Fig. 4 B). We found that both HUR
rthologs recognized UUUs in zebrafish RNA with similar
pecificity and cooperativity ( Supplementary Fig. S4 C, D),
ut zebrafish HUR exhibited significantly lower enrichments
han human HUR (Fig. 4 J). By inspecting HUR-binding events
cross the transcript body, we noticed a higher proportion of
ntronic binding sites in the zebrafish transcriptome, whereas
uman HUR preferentially bound 3 

′ UTRs (Fig. 4 K). To ex-
lore functional consequences of this divergence, we analyzed
9 GO terms commonly bound in human and zebrafish tran-
criptomes. In this shared gene set, zebrafish HUR bound
early equally to zebrafish introns (45%) and 3 

′ UTRs (55%),
hile human HUR preferentially bound human 3 

′ UTRs
86%) over introns (14%) ( Supplementary Fig. S4 E). We next
nspected the proportion of HUR-binding sites within introns
nd 3 

′ UTRs for each of the 59 GO terms ( Supplementary Fig.
4 F) and discovered the highest divergence in genes involved
n monosaccharide metabolism, in which > 60% of zebrafish
UR-binding sites were intronic, compared with 15% in hu-
an ( Supplementary Fig. S4 G). Given that HUR is the only
aralog with both nuclear and cytoplasmic functions in ver-
ebrates and that ELAV proteins in invertebrates are strictly
uclear [ 53 ], our results suggest an evolutionary shift in HUR
unction. 

In conclusion, our cross-species combinatorial RAPseq ex-
eriments demonstrated that HUR-binding to UUUs is con-
erved across vertebrates, with selective expansion of ver-
ebrate HUR-binding sites and increasing affinities from
ebrafish to human. This functional transition from pre-
RNA processing in zebrafish to mRNA stability regulation

n human (Fig. 4 L) suggests an evolutionary shift in HUR

unction. 

 

Cancer-associated variants of the IGF2BP family 

exhibit altered RNA-binding activity 

To investigate the impact of cancer-associated mutations on
RNA-binding activity, we examined recurrent somatic mu-
tations in IGF2BP genes across different types of cancer.
The IGF2BP family consists of three paralogs (IGF2BP1,
IGF2BP2, and IGF2BP3). These paralogs play roles in regu-
lating metabolism, cell growth and differentiation, as well as
stress responses by stabilizing and enhancing the translation
of mRNAs that encode key metabolic enzymes and growth-
promoting factors [ 54 ]. In both human and mouse, IGF2BP
genes exhibit oncofetal expression patterns with high expres-
sion levels during embryonic development and in liver cancer
[ 55 , 56 ] ( Supplementary Fig. S5 A –C). We identified one fre-
quently mutated amino acid in IGF2BP1 (R167C/H) and two
in IGF2BP3 (I474M and R525C) (Fig. 5 A). While frequent
missense mutations were not present in IGF2BP2, a cancer-
associated splicing variant (isoform B) had been previously
identified [ 57 ]. 

To evaluate the functional consequences, we generated
wild-type IGF2BP paralogs and cancer-associated variants,
and analyzed their RNA-binding capacities using RAPseq
(Fig. 5 B). The paralogs exhibited highly similar binding pref-
erences towards CA-rich motifs, consistent with previous re-
ports [ 58 , 59 ]. We observed that these binding preferences
were maintained in the cancer-associated variants (Spear-
man’s rank correlation coefficient, median = 0.965, range:
0.92 –0.99, n = 28) ( Supplementary Fig. S5 D). In contrast,
k-mer enrichment profiles differed when comparing IGF2BP
paralogs and variants with unrelated RBPs, such as RBFOX2
or YTHDF1 ( Supplementary Fig. S5 D). 

Upon examining RNA-binding strength, we noted that
IGF2BP1-R167C exhibited binding comparable to the wild-
type, while the R167H variant showed weaker signal in-
tensities ( Supplementary Fig. S5 E). IGF2BP2 isoform A
showed slightly stronger binding to RNA targets compared to
IGF2BP2 isoform B (Fig. 5 C). The IGF2BP3 variants (I474M,
R525C) displayed reduced binding strength compared to
the wild-type ( Supplementary Fig. S5 E). Differential RNA-
binding analysis revealed that the IGF2BP1-R167C variant
barely differed from the wild-type. In contrast, the IGF2BP1-
R167H variant lost 493 binding sites and gained only 15, with
altered transcript feature distribution in the exon and 3 

′ UTR,
and a loss of RNA targets associated with platelet regula-
tion ( Supplementary Fig. S5 F –H). The two IGF2BP2 variants
showed a small and balanced number of differently bound
sites (41 for IGF2BP2 isoform B and 68 for IGF2BP2 isoform
A) (Fig. 5 D). Both IGF2BP3 variants bound to fewer sites than
the wild-type (2 versus 97 for IGF2BP3-I474M and 12 ver-
sus 99 for IGF2BP3-R525C) ( Supplementary Fig. S5 F). The
IGF2BP3-I474M variant exhibited increased binding within
coding sequences and decreased association with transcripts
related to mitochondrial activity ( Supplementary Fig. S5 G,
H). The IGF2BP3-R525C variant showed loss of binding
to RNA targets associated with bacterial response pathways
( Supplementary Fig. S5 H). 

We observed that the differentially bound sites of IGF2BP2
isoform B were more frequent in exons compared with those
of IGF2BP2 isoform A, which were more enriched in coding
sequences and 5 

′ UTRs ( χ2 test, P < 0.001) (Fig. 5 E). Among
differentially bound exons, IGF2BP2 isoform B preferentially

https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkag090#supplementary-data
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Figur e 5. P athological v ariants of the IGF2BP f amily cause functional gains and losses in RNA-binding activity. ( A ) Schematic diagrams illustrate the 
domain organization (RRM and KH domains) of each IGF2BP paralog ( x -axis: length in amino acids). Lollipops show the frequency of amino acid mutation 
( y -axis) in cancer patients. Mutants selected for RAPseq profiling are color-coded. The pathogenic IGF2BP2 isoform B, which results from skipping exon 
10, is shown. ( B ) Schematic representation of RAPseq assays performed to profile IGF2BP paralogs and pathological variants (color-coded). ( C ) Density 
plots represent the distribution of RAPseq signals (read counts normalized to HaloTag control in log 10 ) for each IGF2BP2 isoform. Dashed lines indicate 
medians. The number of observations ( n ) is shown. An asterisk represents statistical significance of normalized counts (unpaired two-sample t -test, 
∗P < 0.05), n = 2. ( D ) The MA plot demonstrates differentially bound sites (DBS) between IGF2BP2 isoform A and isoform B. The y -axis shows the log 2 
fold changes, and the x -axis shows the average signal per binding site (in log 2 counts per million). Sites significantly enriched in isoform A (dark gray), 
isoform B (orange), or unchanged (light gray) are indicated (FC > 2, FDR-adjusted P < 0.05), n = 2. ( E ) The stacked bar plot shows the distribution of sites 
across major RNA features that are either uniquely bound by IGF2BP2 isoform A (dark gray) and isoform B (orange) or by both (light gray). Bars of the 
same color sum up to 100%. Asterisks represent P -values ( χ2 test with continuity correction, ∗∗∗P < 0.001) for statistically significant differences of 
bound sites in e x ons compared with coding sequences and 5 ′ UTR for IGF2BP2 isoform B, n = 2. ( F ) The stacked bar plot depicts the number ( y -axis) and 
type ( x -axis) of differentially bound ncRNA biotypes by IGF2BP2 isoform A (dark gray) and isoform B (orange), n = 2. ( G ) Genome browser tracks 
illustrate binding profiles of IGF2BP2 isoform A (dark gray) and isoform B (orange) relative to HaloTag control (black) at SNORD63 and miR-26B loci. 
Tracks indicate genomic coordinates ( x -axis, in base pairs) and normalized read density (RPM, y -axis), n = 2. ( H ) Horizontal bar plots display the top 10 
R eactome pathw a y s differentially bound betw een IGF2BP2 isof orm A and IGF2BP2 isof orm B. Pathw a y s with gain of function (GoF, orange) or loss of 
function (LoF, gray) in IGF2BP2 isoform B compared with IGF2BP2 isoform A are shown (FC > 2, FDR-adjusted P < 0.05), n = 2. 
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scatter plot compares HUR- and PTBP1-bound competitive peaks (dots, read count normalized, log 2 -transformed). Peaks either differentially bound by 
HUR (blue), PTBP1 (red), or not differentially bound (gray) are highlighted (FC > 2, FDR-adjusted P < 0.05), n = 2. ( C ) Schematic representation of the 
co-RAPseq assay for HUR (blue) and PTBP1 (red) using the same RNA substrate (green). ( D ) Illustration of the expected effect on peak widths of 
cooperative binding events. ( E ) Venn diagrams (top) show the overlap of binding peaks identified in individual RAPseq assays for HUR (blue, left) and 
PTBP1 (red, right), respectively, with those detected in co-RAPseq (yellow). The intersections represent the binding sites used to assess the differences 
in peak widths. B o x plots (bottom) demonstrate differences in peak widths between the single RAPseq and co-RAPseq assays. The y -axis shows peak 
deviation from the median library size in nucleotides per assay. Asterisks represent statistical significance of two-sided Wilco x on rank sum tests 
between single RAPseq and co-RAPseq assays ( ∗∗∗P < 0.001), n = 2. ( F ) Model summarizing the cooperative binding of HUR (blue) and PTBP1 (red) to 
their respective motifs (top). LOESS-fitted regression lines depict the trend in binding site enrichments (log 2 -transformed fold change, y -axis) relative to 
the distance between the HUR and PTBP1 motifs ( x- axis). The fold change in RNA-binding capacity is highest at 27 nt (dashed line). 
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ound to ncRNAs ( n = 22) compared to IGF2BP2 isoform A
 n = 10), with the highest differences in small nucleolar RNAs
snoRNAs), small nuclear RNAs (snRNAs), and microRNAs
miRNAs) (Fig. 5 F, G). At the pathway level, we observed
ignificant differences between the IGF2BP2 isoforms despite
he small effect sizes (FDR-adjusted P < 0.05) (Fig. 5 H). The
ancer-associated IGF2BP2 isoform B showed increased and
ecreased binding to transcripts involved in lipoprotein as-
embly and mitochondrial respiratory electron transport, re-
pectively. These findings suggest that even modest changes
n isoform-specific binding can redirect IGF2BP2 function to-
ard distinct cellular pathways. 
In summary, our results demonstrate that cancer-associated

GF2BP variants impact RNA-binding capacities in paralog-
pecific ways. Variants of IGF2BP1 and IGF2BP3 primar-
ly alter binding strength without changing target binding
pecificity, while the IGF2BP2 isoform B changes target se-
ection without strongly affecting global binding affinity.
hese changes could disrupt post-transcriptional regulation
y weakening RBP –RNA interactions or shifting target selec-
ion, potentially unbalancing the RNA pool and contributing
o tumor progression. 
 

HUR and PTBP1 cooperate post-transcriptionally by
maintaining a specific distance between binding 

sites 

Previous reports have shown that HUR and PTBP1 regulate
mRNA processing through both cooperative and competitive
mechanisms [ 60 , 61 ]. To investigate their binding relation-
ship, we examined the overlap of their binding sites in single
RAPseq assays. We identified a bimodal distribution of inter-
peak distances, separated at 30 nt. Proximal sites (0 –30 nt, n
= 797) likely reflect competitive binding events, while distal
peaks (31 –100 nt, n = 422) indicate cooperative binding of
the two RBPs (Fig. 6 A). We statistically inferred the outcome
of competitive events and determined that 17% (135/797) and
22% (176/797) of the proximal peaks could be attributed to
either HUR or PTBP1, respectively (fold change > 2, FDR-
adjusted P < 0.05) (Fig. 6 B). 

To directly assess cooperative RNA-binding, we developed
co-RAPseq, in which RNA-binding capacity is assayed in the
simultaneous presence of both RBPs (Fig. 6 C). We hypoth-
esized that unlike single RBP assays, cooperative events de-
termined by co-RAPseq results in wider binding sites (peak
width) due to the concurrent presence of the two proteins on
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the same RNA substrate (Fig. 6 D). While the peak width of
the single RBP assays was 8 nt (HUR) and 9 nt (PTBP1) above
the median library size, co-RAPseq assays with both factors re-
sulted in significantly wider peak distributions of 37 nt and 24
nt, respectively (two-tailed Wilcox rank sum test, P < 0.001)
(Fig. 6 E). By analyzing co-RAPseq enrichment scores in re-
lation to the spacing between HUR and PTBP1 motifs, we
found that cooperative binding was optimal at a 27 nt dis-
tance (Fig. 6 F). This optimal distance was not observable ei-
ther in the single HUR and PTBP1 RAPseq assays or when
using unbound control sites ( Supplementary Fig. S6 A –C). 

Across the single or co-RAPseq assays, we identified 6885
genes with at least one RBP-binding event. Of those, 873
were uniquely detected in co-RAPseq ( Supplementary Fig.
S6 D), suggesting that under steady-state conditions the post-
transcriptional regulation of these gene products may de-
pend on the co-activity of HUR and PTBP1. Moreover,
86% (2874/3324) of HUR-bound and 59% (2855/4862) of
PTBP1-bound genes overlapped with the co-RAPseq assay
( Supplementary Fig. S6 D). Of these genes, 19% (536/2874
for HUR) and 22% (636/2855 for PTBP1) were signif-
icantly stronger bound when both RBPs acted together
( Supplementary Fig. S6 E). Functional enrichment analysis re-
vealed that genes either uniquely or differentially bound in
co-RAPseq were significantly associated with innate immune
response pathways ( Supplementary Fig. S6 F), consistent with
previously reported roles for each factor individually [ 62 –66 ].
Remarkably, the strongest cooperative binding events oc-
curred within introns of these genes, suggesting that HUR and
PTBP1 coordinate their activity during mRNA pre-processing
[ 67 –69 ] ( Supplementary Fig. S6 G). 

mod-RAPseq reveals modification-dependent 
RNA-binding activities 

RNA modifications represent a pervasive and dynamic layer
of gene regulation. To assess the transcriptome-wide rele-
vance of RNA modifications in RBP –RNA interactions, we
developed mod-RAPseq. We generated a modification-devoid
RNA substrate by in vitro transcribing the native RNA sub-
strate using T7 RNA polymerase (Fig. 7 A). When compar-
ing modification-containing native substrates used in RAPseq
versus T7-transcribed unmodified substrates used in mod-
RAPseq, we found nearly identical transcript distributions and
high correlations (Spearman’s rank ρ = 0.93 and Pearson cor-
relation coefficient r = 0.97), confirming that in vitro tran-
scription maintains the global RNA composition (Fig. 7 B). 

6 A is the most abundant mRNA modification in eukary-
otes with critical roles in development, stress responses,
and diseases [ 46 ]. We applied mod-RAPseq to determine
modification-dependent targets of the m 

6 A binder YTHDF1
[ 46 ]. According to previous reports [ 46 ], YTHDF1 binds to a
preferred GRAC (R is an A or G) motif of the m 

6 A DRACH
consensus sequence (D is A, U, or G, and H is A, U, or C).
About 81% (965/1 189) of the identified YTHDF1-binding
sites were strictly dependent on the presence of m 

6 A (Fig. 7 C)
and the binding affinity decreased significantly in the ab-
sence of RNA modifications (two-tailed Wilcox rank sum test,
P < 0.001) (Fig. 7 D), corroborating m 

6 A dependency in RNA-
binding. We observed that the 5-mer GGACU was the most
abundant m 

6 A-DRACH motif (Fig. 7 E), with 4-mer submotifs
GGA C and GA CU contributing to weaker but still frequent in-
teractions (Fig. 7 F –H). Binding sites with the pentamer motif
exhibited higher enrichment scores than sites containing only 
tetramers (Fig. 7 F –H), supporting that GGACU is the opti- 
mal binding motif, and the two suboptimal tetramers (GGAC 

and/or GACU) can increase the frequency of YTHDF1 inter- 
actions with RNA. Sites with m 

6 A-modified GGACU motifs 
showed stronger binding than their unmodified counterparts 
(two-tailed Wilcox rank sum test, P < 0.01) (Fig. 7 F –H), con- 
firming m 

6 A dependency of YTHDF1 [ 46 ]. 
We next investigated pathways that could be affected by 

the presence or absence of YTHDF1 m 

6 A-binding. We found 

56 significantly enriched pathways (FDR-adjusted P < 0.05),
with the highest m 

6 A dependency in genes involved in 

hormone transport and stem cell population maintenance 
(Fig. 7 I). We confirmed the presence of m 

6 A in the top four 
binding sites in SS18 , KDM2B , NIBAN2 , and LIF mRNAs 
using public m 

6 A-seq data [ 6 ] (Fig. 7 J). 
To test whether mod-RAPseq can identify other RNA 

modification-dependent RBP-binding events, beyond m 

6 A,
we applied mod-RAPseq to YBX1, a known reader of 5- 
methylcytosine (m 

5 C) [ 70 ]. m 

5 C is less abundant than m 

6 A 

but is gaining more attention due to its potential functional 
roles. Our analysis revealed that 83% (2035/2447) of the 
identified YBX1-binding sites depend on the presence of RNA 

modifications ( Supplementary Fig. S7 A), and their absence 
significantly reduced binding affinity (two-tailed Wilcoxon 

rank-sum test, P < 0.001) ( Supplementary Fig. S7 B). While 
earlier reports [ 41 , 70 ] identified pyrimidine-rich sequences 
as preferred YBX1-binding motifs, our analysis addition- 
ally revealed a strong enrichment for CGA-containing motifs 
( Supplementary Fig. S7 C). The top 10 CGA-containing mo- 
tifs exhibited higher enrichment scores compared with mo- 
tifs depleted of RNA modifications ( Supplementary Fig. S7 D).
Notably, 32% (457/1437) of YBX1 m 

5 C-dependent targets 
overlapped with known m 

5 C methylated genes in T24 blad- 
der cancer cells [ 50 ] ( Supplementary Fig. S7 E). 

In conclusion, mod-RAPseq enables precise, transcriptome- 
wide identification of RNA modification-dependent 
RBP –RNA interactions. By contrasting binding profiles 
with and without modifications, this approach uncovers 
distinct roles for modifications, such as m 

6 A and m 

5 C, in 

shaping RBP-binding activities. 

Discussion 

Our study establishes RAPseq as a versatile and quantita- 
tive method for profiling RBP –RNA interactions in vitro 

using recombinant RBPs and native RNA substrates that 
retain intrinsic modifications. RAPseq captures sequence-,
structure-, and modification-dependent RBP –RNA interac- 
tions with high quantitative accuracy. Validation with well- 
characterized RBPs, including HUR, PTBP1, and YTHDF1,
confirmed its ability to recapitulate known binding motifs,
such as UUUs, polypyrimidine tracts, and DRACH motifs,
respectively, underscoring its reliability across diverse bind- 
ing modalities. Compared with established methods such as 
RBNS, RNAcompete, and eCLIP, RAPseq demonstrated su- 
perior resolution in binding motif discovery. 

RAPseq has enabled several advanced applications. First,
we demonstrate the scalability of RAPseq by profiling 37 

RBPs, including 11 cRBP and 26 ncRBPs. Our analysis re- 
vealed that ncRBPs exhibit specialized, rather than global,
post-transcriptional regulatory roles. Compared with cRBPs,
ncRBP –RNA interactions were characterized by fewer and 

https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkag090#supplementary-data
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https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkag090#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkag090#supplementary-data
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Figure 7. mod-RAPseq identifies m 

6 A- and m 

5 C-dependent RNA recognition. ( A ) Schematic illustration of the mod-RAPseq method used to assess RNA 

modification-dependent RBP-binding. ( B ) The scatter plot compares RNA profiles between mod-RAPseq ( in vitro transcribed RNA) and RAPseq (native 
RNA) substrates (log 2 -transformed transcripts per million, TPM). The plot includes the number of observations, Spearman’s rank ( ρ) or Pearson ( r ) 
correlation coefficient, and adjusted R 

2 of linear regression. Density plots (right and top, bandwidth 0.2) show the overall distributions of TPMs and their 
medians (2.3 log 2 TPM, dashed line). ( C ) Venn diagram o v erlaps YTHDF1-binding sites identified in native RAP and the mod-RAP substrates, n = 2. ( D ) 
Violin plots with o v erlaid bo x plots compare YTHDF1 enrichments (log 2 -transf ormed peak binding scores + 1) across replicates in RAPseq (blue points) 
and mod-RAPseq (green points). Each dot represents one binding site (n = 1189). Asterisks represent statistical significance (two-tailed Wilco x on rank 
sum test ∗∗∗P < 0.001). ( E ) The bar plot shows the frequency of DRACH 5-mer motifs within YTHDF1-binding peaks normalized by their abundance at 
control sites. The top motif is highlighted (dark blue), n = 2. ( F ) The box plot compares YTHDF1 fold change enrichments at binding sites containing the 
GGACU motif in RAPseq (blue) versus mod-RAPseq (green) substrates ( n = 528). Dashed lines mark fold change thresholds at 1 and 2. Asterisks 
represent statistical significance (two-tailed Wilco x on rank sum test ∗∗∗P < 0.001), n = 2. ( G ) The dot plot highlights the enrichment of k-mers of various 
lengths containing the GGACU motif or its two encompassed 4-mers, GGAC and GACU. The fraction of k-mer counts corresponds to weighted 
enrichment ratios between bound versus control sites ( y -axis), n = 2. ( H ) The line plot of empirical cumulative distribution functions (ECDFS) shows 
YTHDF1-binding dependency on m 

6 A presence in each motif at each binding site. The dependency is computed as the log 2 ratio of peak binding scores 
betw een nativ e RNA or in vitro transcribed RNA. Asterisks represent st atistical significance (t wo-t ailed W ilco x on rank sum test, ∗P < 0.05, ∗∗P < 0.01), 
n = 2. ( I ) The dot plot ranks m 

6 A-dependent YTHDF1-binding sites within mRNA of genes from two enriched GO terms. The RAPseq binding site signal 
(library siz e log 2 -transf ormed normaliz ed read counts, y -axis) is rank ed ( x -axis). T he top f our target genes are highlighted, n = 2. ( J ) Genome tracks show 

YTHDF1-binding to m 

6 A-modified regions within the 3 ′ UTRs and coding sequences of the top two binding sites of the two GO terms 
(encompassing SS18 , KDM2B , NIBAN2 , and LIF ) (I). Genomic locations with a scale bar indicate the length of the genomic region in bases. Tracks show 

normalized read densities (RPM) ( y -axis) for two replicates using native (dark blue) or T7 in vitro transcribed (light blue) input RNA as well as m 

6 A-specific 
RNA immunoprecipitation (IP, blue), and the respective input control are presented. Vertical blue lines highlight bound sites. Arrows indicate the direction 
of transcription. 
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more selective binding events, often focused on specific tran-
script regions. Some RBPs co-regulated shared target gene net-
works, suggesting functional convergence with known reg-
ulatory pathways. For example, STMN1 co-regulated gene
networks enriched for functions already associated with
their canonical, non-RNA-binding roles, suggesting poten-
tial moonlighting roles in gene regulation [ 52 , 71 ]. Other
affinity tag-based methods, including cross-linking and anal-
ysis of cDNAs (CRAC) [ 72 ] or cross-linking, ligation and
sequencing of hybrids (CLASH) [ 73 ] could be applied to
ncRBPs, but both methods require prior genetic manipulation
of cells, efficient cross-linking, and cellular context, which may
limit scalability for systematic interrogation of large sets of
ncRBPs. 

Second, cross-species profiling revealed that HUR-binding
to UUUs is conserved across vertebrates, with species-specific
preferences for intronic versus 3 

′ UTR-binding sites, suggesting
evolutionary divergence in RNA processing. This is consistent
with transcriptomic shifts observed in vertebrate evolution
[ 56 , 24 ]. While cross-species analysis can also be performed
with eCLIP, it depends on the availability of high-quality and
cross-reactive antibodies that recognize the RBP orthologs in
different species. RAPseq circumvents this limitation by using
recombinant proteins. 

Third, we applied RAPseq to characterize cancer-associated
IGF2BP variants. IGF2BP1 and IGF2BP3 mutants retained
motif specificity but showed reduced binding strength. In
contrast, the cancer-associated IGF2BP2 isoform B exhib-
ited altered target selection, particularly among short ncR-
NAs and metabolic transcripts, implying a possible role
in metabolic reprogramming during tumorigenesis [ 74 , 75 ].
While other in cellulo approaches can assess individual RBP
variants generated by gene editing, RAPseq allows direct,
high-throughput comparison of binding behaviors across
isoforms and mutants in a highly adaptable and efficient
manner. 

Fourth, our co-RBP assay revealed that HUR and PTBP1
cooperate post-transcriptionally, with optimal regulatory po-
tential depending on spatial proximity between binding sites.
This supports the emerging model that RBPs exert concerted
functions through spatially coordinated interactions [ 36 , 76 ].
While in vivo approaches such as TRIBE and STAMP can
also detect RBP –RBP cooperativity by fusing RNA editing
enzymes to RBPs and identifying co-editing events, their ef-
fectiveness depends on enzyme co-expression, fusion pro-
tein activity, and background editing levels [ 77 ]. In con-
trast, our in vitro approach enables direct, controlled as-
sessment of cooperative binding, offering mechanistic in-
sights that complement but are not confounded by cellular
complexity. 

Fifth, we developed mod-RAPseq, a modification-depleted
variant of the native RAPseq substrate, to specifically in-
vestigate modification-dependent RBP –RNA interactions. Us-
ing this approach, we confirmed m 

6 A- and m 

5 C-dependent
binding of YTHDF1 and YBX1, respectively, consistent with
prior reports showing their reliance on RNA modifications for
recognition and regulatory function [ 45 , 70 ]. Conventional
methods, such as eCLIP, combined with genetic knockout or
knockdown of individual writer enzymes can reveal modifica-
tion dependence, but they are time-consuming, typically lim-
ited to one modification at a time, and require efficient ge-
netic manipulation. In contrast, mod-RAPseq offers a stream-
lined alternative that enables parallel assessment of multiple
modification-dependent interactions without genetic manipu- 
lation. 

RAPseq is uniquely suited to resolve dynamic regulatory 
features across canonical and non-canonical RBPs, species 
evolution, and healthy and disease states. Future improve- 
ments, such as enriching nuclear RNA to better capture cur- 
rently under-represented intronic sequences ( Supplementary 
Fig. S2 G) could expand the utility of RAPseq to study al- 
ternative splicing and co-regulatory RBP dependencies [ 68 ].
The growing number of ncRBPs without known RNA- 
binding functions, but with well-established roles in cellular 
metabolism, poses important questions regarding the contex- 
tuality of their RNA-binding activities. It remains to be ex- 
plored whether RNA binding, enzymatic, and metabolic func- 
tions occur simultaneously or are mutually exclusive. RAPseq 

could be employed to investigate RNA –enzyme –metabolite 
networks [ 78 ] by probing RBP –RNA interactions under 
varying metabolic conditions and across distinct transcrip- 
tomes. This may reveal how these networks interact dy- 
namically and shed light on context-specific regulatory 
mechanisms. 

Collectively, our findings position RAPseq as a flexible and 

scalable method facilitating consortia-level studies within in- 
dividual laboratories. This tool enables acceleration of the 
functional characterization of the RBPome by decoding the 
post-transcriptional regulatory code and advancing research 

that would otherwise be unfeasible. 

Limitations 

RAPseq enables the sensitive detection of RNA –protein in- 
teractions in a controlled in vitro setting, uncovering bind- 
ing events that may be hidden in vivo due to RNA structural 
constraints. However, context-dependent RBP –RNA interac- 
tions that rely on post-translational modifications, chaperone- 
mediated multi-subunit assembly, and dynamic subcellular 
localization may not be captured in vitro . Additionally, the 
use of the HaloTag fusion in RAPseq could potentially im- 
pact the three-dimensional conformation and activity of the 
RBP, a limitation shared with other fusion-based methods 
like TRIBE and STAMP. Since RAPseq focuses on identify- 
ing the binding potential of an RBP rather than its physio- 
logical binding events, integrating RAPseq with cellular as- 
says that maintain native interactions can help differenti- 
ate biochemical binding capacity from biologically relevant 
interactions. 

The use of chemically fragmented RNA ( ∼30 nt) en- 
hances substrate accessibility and simplifies library prepara- 
tion, but it may disrupt RNA structures that rely on longer nu- 
cleotide stretches, potentially removing binding sites that re- 
quire extended sequence context or cooperative interactions.
Nonetheless, our profiling of the RBP IRP1, which binds iron- 
response elements, forming defined stem –loop structures indi- 
cates that RAPseq can detect interactions within short-range 
structural conformations. 

Future refinements, such as enriching nuclear RNA, could 

improve the capture of currently under-represented intronic 
sequences ( Supplementary Fig. S2 G) and expand the ap- 
plication of RAPseq to study alternative splicing and co- 
regulatory RBP dependencies [ 68 ]. While RAPseq libraries 
contain a significant number of reads mapping to rRNA 

and tRNA genes ( Supplementary Table S3 ), which can limit 
sequencing depths for other RNA biotypes, these reads 

https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkag090#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkag090#supplementary-data
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an provide valuable information on potential interactions
ith structured ncRNAs. If these interactions are not of

nterest, an rRNA depletion step could further enhance
pecificity. 

Despite these considerations, RAPseq successfully identifies
ona fide binding sites across 37 profiled RBPs with diverse
rotein lengths, domain architectures, families, and levels of
ntrinsic disorder, underscoring the method’s robustness and
ersatility. 
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