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ABSTRACT

We present POSTAR (http://POSTAR.ncrnalab.org), a

resource of POST-trAnscriptional Regulation coordi-

nated by RNA-binding proteins (RBPs). Precise char-

acterization of post-transcriptional regulatory maps

has accelerated dramatically in the past few years.

Based on new studies and resources, POSTAR sup-

plies the largest collection of experimentally probed

(∼23 million) and computationally predicted (approx-

imately 117 million) RBP binding sites in the human

and mouse transcriptomes. POSTAR annotates ev-

ery transcript and its RBP binding sites using exten-

sive information regarding various molecular regula-

tory events (e.g., splicing, editing, and modification),

RNA secondary structures, disease-associated vari-

ants, and gene expression and function. Moreover,

POSTAR provides a friendly, multi-mode, integrated

search interface, which helps users to connect mul-

tiple RBP binding sites with post-transcriptional reg-

ulatory events, phenotypes, and diseases. Based on

our platform, we were able to obtain novel insights

into post-transcriptional regulation, such as the puta-

tive association between CPSF6 binding, RNA struc-

tural domains, and Li-Fraumeni syndrome SNPs. In

summary, POSTAR represents an early effort to sys-

tematically annotate post-transcriptional regulatory

maps and explore the putative roles of RBPs in hu-

man diseases.

INTRODUCTION

The regulatory maps of genomes have been revealed
by various high-throughput sequencing assays from in-
dividual groups and consortium efforts such as the EN-
CODE project (1) and Roadmap Epigenomics project (2).
Most previous studies have focused on cis-regulation, the
epigenome, the transcriptome, and the proteome, leaving

post-transcriptional regulation not fully explored and con-
nected with existing knowledge. Although RNA splicing
has been well-studied, other post-regulatory signatures,
such as RNAmodi�cation and RNA editing, have not been
pro�led until recently (3–5). Furthermore, most studies of
genomic variants (e.g. GWAS SNPs (6) and cancer somatic
mutations (7)) have mainly focused on the transcriptional
level (8,9). Recently, there has been increasing interest in
studying the association between post-transcriptional reg-
ulation and disease-associated variation (10). In addition,
post-transcriptional regulation could regulate cell differen-
tiation (11) and in�uence the scope of the druggable pro-
teome (12). However, post-transcriptional interactions be-
tween cell state-associated genes and druggable genes and
their impacts on cell differentiation, pathology and clinical
treatment remain largely uncharacterized. To perform such
studies, researchers require a platform that facilitates inte-
gration and association ofmulti-layer information to illumi-
nate the mechanisms underlying post-transcriptional regu-
lation.
RNA transcripts do not function as naked RNAs in eu-

karyotic cells from birth to death; instead, they are dy-
namically bound by various post-transcriptional regula-
tory factors, including RNA-binding proteins (RBPs) and
microRNAs (miRNAs) (13,14). Recently developed high-
throughput assays (e.g. CLIP-seq and RNAcompete tech-
nologies), together with computational tools, enabled re-
searchers to obtain transcriptome-wide binding maps of
RBPs and miRNAs at high resolution (15,16). Most RNA
processing reactions (e.g. alternative splicing, alternative
polyadenylation and nucleotide modi�cation) and regula-
tory events (e.g. subcellular localization, RNA stability and
translation ef�ciency) are mediated by miRNAs and RBPs.
Constructing accurate and comprehensive RBP-RNA and
miRNA-RNA interaction maps at high resolution is a nec-
essary step toward interpreting their mechanistic roles in
post-transcriptional regulation.
Although there are several databases for CLIP-seq-

derived RBP binding sites, such as CLIPZ (17), starBase
(18), DoRiNA (19) and CLIPdb (20), they merely provide
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Table 1. Overview of data curated in POSTAR

Category Human Mouse Resource/calculation methoda

RBP binding sites RBP binding sites from experiments 1 752 329 1 003 984 All CLIP-seq peaks called by Piranha

(human: 65 RBPs; mouse: 30 RBPs)b

39 201 78 922 HITS-CLIP peaks called by CIMS

(human: 17 RBPs; mouse: 23 RBPs)b

7 731 846 96 346 PAR-CLIP peaks called by PARalyzer

(human: 44 RBPs; mouse: 4 RBPs)b

4 598 307 1 013 008 iCLIP peaks called by CITS (human: 9

RBPs; mouse: 8 RBPs)b

6 703 559 NA eCLIP-seq peaks called by ENCODE

(human: 56 RBPs)c

439 817 NA PIP-seq peaks called by PMID24393486

(human: global RBPs)

RBP binding site from predictions 25 623 567 18 540 386 Peaks predicted by FIMO (human: 88

RBPs; mouse: 88 RBPs)d

19 447 967 24 621 203 Peaks predicted by TESS (human: 88

RBPs; mouse: 88 RBPs)d

16 586 127 11 905 150 Peaks predicted by DeepBind (human: 82

RBPs; mouse: 82 RBPs)e

Data module I: Gene/RBP

annotations

RBPs 132 104 Ensembl, PMID25365966

Sequence motifs 726 180 MEME, HOMER

Structural preferences 720 179 RNApromo, RNAcontext

Gene Ontologies 15 677 13 849 GOBP, GOMF, GOCCf

Biological pathways 186 105 KEGG

Gene expression 34 cells/tissue types 18 cell/tissue types TopHat, Cuf�inksg

Alternative splicing (skip exon) 34 cells/tissue types 18 cell/tissue types TopHat, MISOg

Data module II: Molecular

annotations

miRNA binding sites from

experiments

3 906 955 1 588 861 AGO CLIP-seq peaks called by Piranha,

the targeting miRNAs identi�ed by

miRandah

miRNA binding sites from

predictions

70 516 087 38 336 372 RNAhybrid, TargetScan, miRanda

RNA modi�cation sites 177 049 91 930 RMBase, PMID26863196

RNA editing sites 2 583 302 8846 RADAR, DARNED

Splicing elements 1 995 574 1 152 186 Anno. in GENCODE human v19,

mouse vM7

Conserved structural regions 725 691 EvoFam

Data module III: Genomic variants SNPs 149 398 310 77 785 586 dbSNP v146

Tissue-speci�c eQTL 19 530 607 NA GTEx

GWAS SNPs 278 473 NA GWASdb2, RNAfoldi

Clinically important SNPs 131 919 NA ClinVar, RNAfoldi

Cancer TCGA whole-exome SNVs 828 119 NA PMID24390350, RNAfoldi

Cancer TCGA whole-genome

SNVs

4 745 891 NA PMID23945592, RNAfoldi

Cancer COSMIC SNVs 2 371 219 NA COSMIC v76, RNAfoldi

Data module IV: Gene-Function

associations

Tissue-speci�c genes 21 549 NA TiGER, SpeCond

Gene-Disease associations 419 906 NA OMIM, DisGeNET

Gene-Cancer associations 4485 NA Manually curated from 60 publicationsj

Gene-Drug associations 35 201 NA DGIdb 2.0

Data module V: RNA secondary

structures

Predicted local structures 82 242 543 57 095 233 RNAfold with restraints from

experimental structural probing data

(human: DMS-seq, PARS; mouse:

icSHAPE, Frag-seq, CIRS-seq)k

aResults and data �rstly generated by POSTAR are in bold font.
bWe provide all CLIP-seq peaks called by Piranha with P < 0.01. For CIMS, CITS and PARalyzer, we provide peaks with default signi�cance cutoffs.
cSee Supplementary File 2 for the full list of eCLIP-seq data. The peaks were called by ENCODE.
dSee Supplementary File 5 for the RBPs and motifs used for prediction.
eSee Supplementary File 6 for the RBPs in DeepBind model.
fBP, Biological Process; MF, Molecular Function; CC, Cellular Component.
gSee Supplementary File 4 for the full list of 230 RNA-seq data sets in human and mouse.
hWe used all AGO CLIP-seq peaks called by Piranha (P < 0.01). The targeting miRNAs of the peaks were identi�ed using miRanda with default parameters.
iWe used RNAfold to calculate the minimal free energy changes of local RNA secondary structures that are induced by the mutations.
jSee Supplementary File 3 for the full list of manually curated cancer genes.
kSee Supplementary File 7 for the experimental structural probing datasets. We predicted one local structure centered on each RBP binding site (window size: 150nt).

repositories of transcriptome-wide RBP binding sites or fo-
cus on miRNA-mediated post-transcriptional regulation.
Later, RBP-Var (10) was developed to incorporate SNV in-
formation for RBP binding sites, but it was limited to a few
regulatory events in humans. Furthermore, experimental-
data-constrained RNA secondary structures are not avail-
able for RBP binding sites in any current database. Finally,
it is often desirable to knowwhether RBPs can interact with
RNA molecules, especially novel lncRNAs; however, only
a few online tools (21,22) are available for predicting RBP
binding sites on given RNA sequences.

Previously, we developed CLIPdb (20), which simply pro-
vided RBP binding sites without further annotation and
interpretation (http://CLIPdb.ncrnalab.org). Here, we con-
structed a new platform for CLIPdb version 2, POSTAR,
which focuses on POST-trAnscriptional Regulation co-
ordinated by RNA-binding proteins (RBPs), to facilitate
searching, annotation, visualization, integration, connec-
tion, and interpretation of data regarding multiple post-
transcriptional regulatory events in humans and mice. First
and foremost, POSTAR provides a comprehensive reposi-
tory of experimentally probed (i.e. derived from 498 CLIP-
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seq and 151 eCLIP-seq data sets) and computationally pre-
dicted RBP binding sites in humans and mice. Based on
these binding sites, POSTAR annotates a gene/lncRNA
and its RBP binding sites using extensive information: (i)
two kinds of RBP binding motifs/preferences, (ii) six types
of molecular regulation events, (iii) six types of genomic
variants, (iv) four types of gene-function associations and
(v) predicted RNA secondary structure around every RBP
binding site based on whole-transcriptome RNA structural
pro�ling data (Figure 1, Table 1). Furthermore, we designed
a multi-mode usage interface: (a) ‘POSTAR’ search, (b)
‘RBP’ search, (c) ‘Structure’ visualization, (d) ‘Variation’
search, (e) ‘Functional gene’ search and (f) ‘Predict’ server
for RBP binding prediction for given RNA sequences (Fig-
ure 2A). POSTAR presents the search/prediction results
in many ways (Figure 2B). Moreover, binding sites from
multiple RBPs and their associations with various post-
transcriptional regulatory events can be visualized and ex-
plored in an integrative manner (Figure 3), which will allow
users to connect different pieces of data from various re-
sources and layers.

DATA COLLECTION AND PROCESSING

Data source

POSTAR focuses on RBP binding sites in the human and
mouse transcriptomes.We �rst obtained 338 processed data
sets from CLIPdb (20). We also collected and processed
160 new CLIP-seq data sets using the same pipelines (Sup-
plementary File 1). The data contain three CLIP-seq data
types, including HITS-CLIP, PAR-CLIP and iCLIP. More-
over, we also incorporated 151 eCLIP-seq data sets (in
HepG2 andK562 cells) that were released by the ENCODE
consortium (23). The eCLIP-seq binding sites/peaks were
directly downloaded from the ENCODE data portal (https:
//www.encodeproject.org, NOV 2015) (Supplementary File
2). In addition, we included genome-wideRBP binding sites
pro�led by PIP-seq technology (24).
To annotate and interpret RBP binding sites, we re-

trieved conserved structural regions from EvoFam (25),
RNA modi�cation sites from RMBase (26) and a re-
cent publication (27), RNA editing sites from RADAR
(28) and DARNED (29), single nucleotide polymorphisms
(SNPs) from dbSNP version 146 (30), human trait/disease-
associated SNPs from GWASdb2 (31) and ClinVar (32),
and cancer somatic mutations from whole-exome sequenc-
ing data (33), whole-genome sequencing data (34), and the
COSMIC database (35). We calculated the mean conserva-
tion scores for the RBP binding sites using genome-wide
phastCons (36) and phyloP (37) intensities.We obtained hu-
man tissue-speci�c eQTLs from GTEx (38). We did not in-
clude eQTL annotation for mice because systematic eQTL
mapping across multiple tissue types was unavailable. To
better annotate RBP targets at the gene level, we collected
cell-speci�c genes from TiGER (39) and SpeCond (40), hu-
man disease-associated genes from OMIM (41) and Dis-
GeNET (42), cancer-associated genes from 60 publications
(4485 cancer-associated genes across 36 cancer types, see
Supplementary File 3), and druggable genes from DGIdb
(43). In addition, we provided basic annotations of RBPs,
including gene symbol, gene ID and domain information

(44). We also collected 230 RNA-seq samples from 34 hu-
man tissues/cell types and 18mouse tissues/cell types (Sup-
plementary File 4). Detailed descriptions and statistics for
these data resources can be found in Table 1 and Figure 1.

Data re-annotation

The raw data used in POSTAR were highly heterogeneous,
because the data resources were collected from various pub-
lications and databases. Therefore, we processed and re-
annotated the collected and computed data. First, the ge-
nomic coordinates of all data resources were converted to
hg19 and mm10 using the LiftOver utility from the UCSC
Genome Browser database (45). We also uni�ed different
IDs (e.g. RefSeq and UCSC gene ID) from various data
sets into Ensembl gene IDs (46) using BioMart (47). We
used GENCODE (human V19 and mouse V7) (48) for the
annotation of regulatory elements (including validated and
predicted RBP/miRNA binding sites, splicing cis-elements,
and RNA modi�cation and editing sites), trait/disease-
associated variations, and various functional genes. The po-
sitions of splicing cis-elements were de�ned as: −3 to +8
nucleotides for 5′ splice sites and −12 to +2 nucleotides
for 3′ splice sites (49). We annotated each regulatory ele-
ment with its genomic strand, associated gene, genomic el-
ement, reference literature, etc. The annotation of genomic
elements is based on the following priority: CDS, canoni-
cal ncRNA (including miRNA, snRNA, snoRNA, tRNA,
rRNA andmiscellaneous RNA), 3′ UTR, 5′ UTR, lncRNA
exon, pseudogene, intron (mRNA and lncRNA), intergenic
region, and others. Here, intergenic regions were de�ned as
regions at a distance 2000 nt away from any genic regions
(coding genes, ncRNAs and pseudogenes).

RBP binding site identi�cation and prediction

We followed the computational pipeline used in our
CLIPdb to identify binding sites from CLIP-seq data sets
(20). First, we used the FASTX-Toolkit (http://hannonlab.
cshl.edu/fastx toolkit) to pre-process the CLIP-seq data
sets in a uniform procedure. Next, we identi�ed the RBP
binding sites of all CLIP-seq samples using Piranha (P-
value < 0.01), which is applicable to all variations of CLIP-
seq technology (50). In addition, we also provided binding
sites called by specialized tools for different CLIP-seq tech-
nologies: PARalyzer for PAR-CLIP (51), CIMS for HITS-
CLIP (52) and CITS (a module in CIMS software) for
iCLIP (53).
To expand our RBP binding site repository, we used sev-

eral computational tools to predict putative RBP binding
sites across the human and mouse transcriptomes. RBPs
interact with their RNA targets via speci�c RNA recogni-
tion motifs, which have been extensively determined using
various technologies (54,55). Therefore, we used position
weight matrix (PWM) motif matching to predict genome-
wide RBP binding sites. All PWMs for 88 human/mouse
RBPs collected from the literature (Supplementary File 5)
were used to call motif matches in the human and mouse
transcriptomes. We scanned for each RBP PWMwithin 50-
nt genome intervals using FIMO (56) (present if theP-value
was <1e−4) and TESS (57) (present if the log-odds score
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Figure 1. Multiple data modules in POSTAR can be used to annotate and interpret RBP binding sites at various levels. Experimentally probed and
computationally predicted RBP binding sites were annotated with different genomic elements. The annotations and functions of RBPs and genes, as well
as the predicted sequence motifs and structural preferences of RBPs, were provided (data module I). The RBP binding sites were annotated using extensive
information at several levels, including molecular regulatory events (data module II), genomic variants (data module III), gene-function associations (data
module IV), and RNA secondary structures (data module V).

was >7.0). We also used DeepBind (58), a deep learning-
based tool, with default parameters to predict the binding
strength of 50-nt genome intervals for 82 human/mouse
RBPs (Supplementary File 6). The 50-nt genome intervals
with top 5‰ binding strength were considered as the bind-
ing sites for each RBP model in DeepBind.

miRNA binding site identi�cation and prediction within RBP
binding sites

miRNA binding sites from experiments (i.e., derived from
AGO CLIP-seq data sets) were annotated within the RBP
binding sites. AGOCLIP-seq data sets experimentally iden-
ti�ed miRNA–target interactions in a genome-wide man-
ner. We used miRanda (59) to predict targeting miRNAs
for AGO protein binding sites.
In addition to AGO binding regions, we used RNAhy-

brid (60), TargetScan (61) and miRanda (59) to screen pos-
sible miRNA binding sites within the RBP binding sites for
sequences of all gene regions, including 3′ UTRs, 5′ UTRs,

lncRNAs and pseudogenes. For RNAhybrid and miRanda,
human and mouse miRNA sequences were obtained from
miRBase (version 20) (62). We estimated proper parame-
ters for each miRNA and gene sequence pair when using
RNAhybrid. For TargetScan, human and mouse miRNA
families were obtained from the TargetScan website (http:
//www.targetscan.org). We downloaded a 100-way genome
alignment for humans and a 60-way genome alignment for
mice from the UCSC Genome Browser database (45) when
using TargetScan.

Sequence motifs and structural preferences of RBP binding
sites

To identify the sequence and structural motifs of RBP bind-
ing sites, we usedRBP binding sites identi�ed using Piranha
(P-value < 0.01). We also used default RBP binding sites
downloaded from the ENCODE data portal for the eCLIP-
seq data sets. Brie�y, the binding sites in eachCLIP-seq data
set were separated into independent training (top 500 bind-
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(ii) “RBP” Search 
Search a RBP 

• Transcriptome-wide RBP binding sites 
• RBP sequence motifs & structural preferences 

• Enriched GOs and biological pathways of the target genes 

(i) “POSTAR” Search 
Search a gene/lncRNA 

• Network view of the bound RBPs 
• RBP binding sites in the gene 

• Various regulatory events overlapped with the binding sites on the 

gene 

• Multiple selection of the regulatory events and bound RBPs 

• Integrative visualization via UCSC Genome Browser 

(iv) “Variation” Search 
Search a SNP ID/disease name/cancer type 

• RBP binding sites that cover the genomic variation 

(v) “Functional Gene” Search 
Select a category and search a tissue type/disease name/cancer 

type/drug name 
• RBP binding sites located on the associated gene 

(vi) “Predict” Server 
Select a computational method and input RNA sequence(s) 

• Predicted associated RBPs and their binding sites on the RNA 
sequences 

(iii) “Structure” Visualization 
Search a gene/lncRNA 

• Visualization of the predicted local structures of the RBP binding 
sites 

• Visualization of the structure probing data 

A  Search Input                                                             B   Search Output 

1 

7 

8 

2 

3 

4 

6 

5 

Figure 2. Input and output search interface of POSTAR: multiple search modes and multiple result viewers. (A) POSTAR provides six usage modes: (i)
‘POSTAR’ search, (ii) ‘RBP’ search, (iii) ‘Structure’ visualization, (iv) ‘Variation’ search, (v) ‘Functional gene’ search, and (vi) ‘Predict’ server. (B) POSTAR
presents the search results in multiple ways. A table layout is the basic output format (1). In the ‘POSTAR’ search mode, the interactions between the target
gene and multiple RBPs are visualized in a network (2). The expression levels of the target gene and splicing scores of skipped exons across multiple cell
and tissue types are shown in a bar chart (3). Clicking on the genomic positions will direct the user to the UCSC Genome Browser, which will display
any associated binding sites and regulatory events (4). In ‘Structure’ visualization mode, we provide RNA structural pro�ling data (5) and predicted RNA
secondary structures based on these data (6). In ‘RBP’ search mode, we provide the sequence motifs (7) and structural preferences (8) of the RBP.

ing sites) and testing (binding sites ranked 501–1000) sets
to ensure the quality of sequence motif discovery. If one
data set contained <1000 binding sites, we de�ned the top
half of the binding sites as the training set and the remain-
ing sites as the testing set. We used MEME (63) to iden-
tify enriched sequence motifs in the training set for each
CLIP-seq data set. We set MEME to report up to �ve mo-
tif models per data set, with motif width between 4 and 10
nucleotides. Next, we calculated enrichment for the initially
detected motif models within the testing set using FIMO
(56) and selected the three most enriched sequence motifs
for each data set. In addition, we used another sequence
motif �nding tool, HOMER (64), to identify the three most
enriched sequencemotifs for each data set using the pipeline
described above. Sequence motifs were visualized usingWe-
bLogo (65).

RBP binding sites were extended to at least 60 nt in length
when structural preference was investigated.We usedRNA-
context (66) to detect local structural motifs for each CLIP-

seq data set using the pipeline described above. The struc-
tural annotation used in RNAcontext included paired (P),
hairpin loop (L), bulge/internal/multi loop (M) and un-
structured (U). In addition, we used another structural mo-
tif �nding tool, RNApromo (67), to predict the three most
enriched structural elements (P-value < 0.05) within the
RBP binding sites for each CLIP-seq data set.

RNA secondary structure prediction for RBP binding sites

To explore the RNA secondary structure around everyRBP
binding site, we used RNAfold with optimized parameters
(option: -D) (68) to predict local structure in a manner re-
strained by experimental structural-probing data (Supple-
mentary File 7) (69,70). Experimental pro�ling data were
processed and normalized based on the same RNAex pro-
tocol (70). For sequences without suf�cient probing data,
we used RNAfold to directly predict local structure based
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Network view 

Table view 

A 

B 
Visualize 

CPSF6 binding sites 
LIN28B binding sites 

METTL3 binding sites 

YTHDF2 binding sites 

miRNA binding sites from pred. 
RNA modification sites 

ClinVar SNPs 

Table view 

Select multiple regulatory events 

Figure 3. ‘POSTAR’ search enables integrative viewing of multiple RBP binding sites and their potential to post-transcriptionally regulate a target gene
(TP53 as an example). (A) In the PAR-CLIP Piranha data module, users may select ‘interaction network’, ‘all binding sites’, and multiple regulatory
elements, including ‘miRNA binding (pred.)’, ‘RNAmodi�cation’, and ‘ClinVar SNPs’, to obtain detailed information in one page. (B) By clicking on the
‘Visualize in browser’ button (green), a user can select four RBPs among all bound RBPs to simultaneously visualize their binding sites (red tracks) and
regulatory events (blue tracks) in an integrative manner via the UCSC genome browser.

on free energy model. The folding size around the center of
each RBP binding site was 150 nt.

Impact of SNVs on RNA secondary structure

SNPs (e.g. ClinVar), as well as binding sites, can be visual-
ized on the predicted secondary structure.We calculated the
folding free energy change of each SNP with RNAfold (71).
Based on the human reference genome (hg19), we changed
the reference allele to a corresponding alternative allele for
each SNVand calculated changes in theminimal free energy
(MFE) of RNA secondary structures. We used RNAfold
(71) with default parameters to calculate changes in the
MFE (�G) of RNA secondary structures (��G = �Galt

− �Gref) for each SNV.

Expression pattern and alternative splicing events detected by
RNA-seq data

In addition to the cell speci�city information derived from
TiGER (39) and SpeCond (40), we also calculated expres-
sion speci�city scores using raw RNA-seq data. All RNA-
seq data sets in POSTAR were generated from Illumina
GAII or HiSeq2000/HiSeq2500 systems. We �ltered out
low-quality reads in each RNA-seq data set using PRIN-
SEQ (72). Next, we aligned the RNA-seq data to the human
genome (hg19) or mouse genome (mm10) using Tophat
v2.0.10 (73,74). Cuf�inks (v2.1.1) (73,75) was used to calcu-
late gene expression levels. Furthermore, we calculated per-
centage spliced in (PSI) scores for skipped exons in the hu-
man and mouse transcriptomes using MISO (76). The PSI
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score denotes the fraction of mRNA that represents the in-
clusion isoform.

Enrichment analysis of gene ontology and biological path-
ways

For Gene Ontology (GO) analysis, we used topGO (77)
to assess enrichment of biological process (BP), molecular
function (MF) and cellular component (CC) terms for each
CLIP-seq data set based on their target genes. For pathway
analysis, we calculated the signi�cance of pathway enrich-
ment for every CLIP-seq data set using a hypergeometric
test. We considered CDS, intron, 3′ UTR, and 5′ UTR sep-
arately in the analysis of GO terms and biological pathways.

Database architecture

All metadata in POSTAR are stored in aMySQL database.
The web interface of POSTAR was implemented in Hy-
per Text Markup Language (HTML), Cascading Style
Sheets (CSS) and Hypertext Preprocessor (PHP). Web de-
sign was based on the free templates of Bootstrap (http:
//getbootstrap.com). Visualization was implemented using
the UCSC Genome Browser.

DATABASE FEATURES AND APPLICATIONS

Web interface

We provide a user-friendly web interface for users to query
the database through multiple modes and predict RBP
binding sites for a given RNA: (i) ‘POSTAR’ search, (ii)
‘RBP’ search, (iii) ‘Structure’ visualization, (iv) ‘Variation’
search, (v) ‘Functional gene’ search and (vi) ‘Predict’ server
(Figure 2A). POSTAR presents the search/prediction re-
sults in many ways (table, bar plot, structure interface, net-
work, etc.) (Figure 2B). We brie�y introduce each query
mode below.
POSTAR provides three main usage modes. (i) The

‘POSTAR’ search mode provides multiple RBP bind-
ing sites for a given protein coding gene or lncRNA,
associated post-transcriptional regulatory events, trans-
factors (i.e. miRNAs), and cis-elements (e.g. RNA
modi�cation/editing sites, splicing elements, and conserved
structural regions), as well as functional SNPs (e.g. GWAS
SNPs) and cancer somatic mutations. We applied the
UCSC Genome Browser to visualize multiple RBP binding
sites and their associated regulatory events or genomic
variants. Users can search multiple RBPs and regulatory
events for a gene/lncRNA to investigate potential crosstalk.
Moreover, for a given gene/lncRNA, we also provide basic
annotation, associated diseases, expression levels, and
alternative splicing events across multiple cell and tissue
types. (ii) The ‘RBP’ search mode provides an overview
of the binding sites for a given RBP, as well as GO terms
enriched in its set of target genes. In addition, users can
also �nd the sequence and structural motifs of the binding
sites of a given RBP. (iii) The ‘Structure’ visualization mode
provides local RNA secondary structure visualization (78)
for every RBP binding site. Previous studies suggest that
RNA secondary structures can provide speci�c binding
sites for RBPs and restrict protein binding by altering

structural accessibility (79,80). Therefore, we provide the
‘Structure’ visualization mode so that users can visualize
RBP binding sites and the effects of SNPs/SNVs (e.g.,
ClinVar) on local structure.
In addition to the main usage modes, POSTAR pro-

vides three additional usage modes. (iv) The ‘Variation’
searchmode provides information about the effects of SNPs
and disease-associated variants on RBP binding sites. (v)
The ‘Functional gene’ search mode provides linkages be-
tween binding sites and cell state-associated genes, disease-
associated genes, and druggable genes in a table layout. Al-
though the downstream effects of these functional genes are
understood relatively well, the manner in which they are
regulated at the post-transcriptional level, and the impact
of such regulation on their functionality, remains largely
unclear. We believe that this mode could provide novel hy-
potheses regarding the physiological and pathological func-
tions of RBP binding sites. (vi) Finally, in the ‘Predict’
mode, we provide web-based computational tools for pre-
dicting RBP binding sites on given RNA sequences pro-
vided by users. FIMO and TESS predict binding sites us-
ing the PWMs of 88 human/mouse RBPs collected from
literature (Supplementary File 5). DeepBind predicts RBP
binding af�nity on an RNA sequence (length between 20 nt
and 50 nt) using the DeepBind models of 82 human/mouse
RBPs (Supplementary File 6).

Example �ndings using POSTAR search mode

We illustrate some example applications of POSTAR here
to demonstrate exploration of multiple RBP binding sites
and various post-transcriptional regulatory events in an
integrative manner. Assume that users are interested in
the post-transcriptional regulation of TP53, an important
oncogene in humans. Users can go to the ‘POSTAR’ search
mode and select all types of RBP binding sites. In the PAR-
CLIP Piranha data module, users can simultaneously select
multiple regulatory events to obtain the information shown
in Figure 3A, including detailed information (e.g., genomic
position, conservation score, and genomic context) about
each binding site. TP53 contains 414 binding sites for 14
RBPs; for each of these RBP binding sites, users can dis-
cover associatedRNAmodi�cation sites, predictedmiRNA
binding sites, and ClinVar SNPs. Users can associate RBP
binding with other post-transcriptional regulatory events
and disease-associated SNPs, obtaining novel insights into
biological function and disease mechanisms. As an exam-
ple, the post-transcriptional regulatory mechanism that un-
derlies Li-Fraumeni syndrome, a condition characterized
by early onset of several types of cancer and associated
with germline mutations of TP53 (81), remains unexplored.
Here, we identi�ed nine Li-Fraumeni syndrome SNPs cov-
ered by �ve binding sites from six RBPs, CPSF6, ELAVL1,
IGF2BP1, LIN28B, METTL3 and YTHDF2, which func-
tion as splicing factors, 3′ processors, and RNA modi�ca-
tion (m6A) ‘writers’ and ‘readers’. Knowledge of these bind-
ing sites could help users generate new hypotheses about
the molecular mechanisms of Li-Fraumeni syndrome at the
post-transcriptional level. Furthermore, users can visualize
the binding sites of multiple RBPs and their associated reg-
ulatory events via the UCSC genome browser (Figure 3B).
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Figure 4. Local structures of RBP binding sites on TP53. (A) Users can search for RBP binding sites on TP53 that are associated with disease SNPs by
searching for the disease name (‘Li-Fraumeni syndrome’ as an example here) in the table on the server. (B) Predicted local secondary structure centered on
a CPSF6 binding site. The local secondary structure around a Li-Fraumeni syndrome SNP (from the ClinVar database), which is a G-to-A mutation on
the TP53’s transcript (minus-strand), is magni�ed; it disrupts the base pair (G-C pair) in the hairpin’s stem. Note that the mutation is a C-to-T mutation
(box highlight in (A)) as annotated by ClinVar on the plus-strand. (C) Another predicted local secondary structure, centered on an ELAVL1 binding site,
which contains a GWAS SNP that is an A-to-U mutation.

Example �ndings using structure and other usage modes

Users can explore the local RNA secondary structures of
RBP binding sites using the ‘Structure’ visualization mode.
To extend the example described above, users can further
investigate the local secondary structures of RBP bind-
ing sites that contain Li-Fraumeni syndrome SNPs (Figure
4A). One Li-Fraumeni syndrome SNP site that is bound by
CPSF6 could disrupt the stem in the local structure (Figure
4B). The SNP and binding site are located in the coding se-
quence region of TP53. CPSF6 is involved in 3′ processing
(82), mRNA export (83), andRNA splicing (84). Therefore,
in addition to protein coding, our observation suggests that
the RNA sequence in the coding region of TP53 in�uences
protein expression via mechanisms that function at the
post-transcriptional level. In another example, ELAVL1’s
binding site contains a skin cancer-associated GWAS SNP

site, which is located in TP53’s 3′ UTR. ELAVL1 (also
known as HuR) functions in diverse mRNAmetabolic pro-
cesses, including splicing, degradation, and translation (85–
87). The SNP in TP53’s 3′ UTR could destroy the local stem
structure of the ELAVL1 binding site (Figure 4C), which
might alter the in�uence of ELAVL1 on TP53. These ex-
amples provide novel insight into the putative functions of
RBP binding sites on RNA structural domains, which are
poorly understood.
If a user desires information regarding the putative func-

tions of RBP binding in heart diseases, the user could access
the GWAS SNP interface in the ‘Variation’ search mode,
choose the ‘eCLIP ENCODE’ data module, and select the
phenotype term ‘heart failure’, at which point the database
will return six heart failure-associated GWAS SNPs that
overlap with 11 validated binding sites for nine RBPs. No-
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tably, one heart failure-associated SNP located in the CDS
of STXBP5 can be bound by four different RBPs. STXBP5
has been identi�ed as a novel candidate gene for cardiovas-
cular disease via GWAS (88).

DISCUSSION

We present a comprehensive resource, POSTAR, for easily
exploring RBP-target interactions and their putative func-
tions and consequences. POSTAR is the largest collection of
RBP binding sites in the human and mouse transcriptomes.
We combined a large amount of functional data sources to
annotate RBP binding sites. POSTAR has a convenient in-
terface, which provides multiple search modes and enables
integrated navigation of RBP binding sites with various
post-transcriptional regulatory events, phenotypes, diseases
and other factors.
POSTAR enables integrated visualization and explo-

ration of multiple RBPs and post-transcriptional regula-
tory events. Investigating the relationships between RBP
binding sites, regulatory events, phenotypes, and diseases
should facilitate the development of novel hypotheses. As
mentioned in the STXBP5 example described above, the
mechanism underlying the association between genetic vari-
ation in STXBP5 and cardiovascular disease is unclear. The
search results from POSTAR suggest that binding of sev-
eral RBPs (e.g. FMR1, FXR2, IGF2BP2 and IGF2BP3) to
STXBP5 may be associated with the development of car-
diovascular disease.
Establishing the functional roles of genetic variants re-

mains a signi�cant challenge in the post-genomic era. Ex-
isting studies have revealed that systematic annotation of
cis-regulation and the epigenome can reveal many of the
functional consequences of a variant (9,89). However, simi-
lar efforts regarding post-transcriptional regulation remain
limited; this limitation is partly due to the lack of system-
atic pro�ling data on post-transcriptional regulation from
current genomic studies, such as the ENCODE project (1)
and Roadmap Epigenomics project (2). In comparison with
methods used in previous studies (10) of functional variants
involved in post-transcriptional interaction and regulation,
our database has several notable advantages: (i) it includes
RBP binding sites and genomic variants in mouse, (ii) it
provides local RNA secondary structures around genomic
variants, (iii) it enables integrated searching and visualiza-
tion of RBP binding sites with other genomic variants and
regulatory events and (iv) it provides more search and usage
modes, such as the ‘RBP’ search, ‘Functional gene’ search
and ‘Predict’ server.
Continued accumulation of multiple data resources re-

lated to post-transcriptional regulation will enable us to
systematically identify post-transcriptional regulatory net-
works. For example, integrative analysis of RBP binding
and miRNA binding data will allow identi�cation of coop-
erative and competitive combinatorial patterning of these
regulatory factors (90,91). POSTAR represents an early
step toward achieving these goals.We believe that POSTAR
will facilitate the generation of novel hypotheses regard-
ing the biological functions of RBP binding sites through
systematic annotation with post-transcriptional regula-
tory events, trait/disease-associated variants and functional

genes. In the future, we will maintain and update POSTAR
to ensure that it remains a useful resource for the research
community.

AVAILABILITY

POSTAR is freely available at http://POSTAR.ncrnalab.org
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cordance with the GNU Public License and the license of
their primary data sources.
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