RNA Biology

ISSN: 1547-6286 (Print) 1555-8584 (Online) Journal homepage: http://www.tandfonline.com/loi/krnb20

SimiRa: A tool to identify coregulation between
microRNAs and RNA-binding proteins
Martin Preusse, Carsten Marr, Sita Saunders, Daniel Maticzka, Heiko Lickert,
Rolf Backofen & Fabian Theis
To cite this article: Martin Preusse, Carsten Marr, Sita Saunders, Daniel Maticzka, Heiko Lickert,
Rolf Backofen & Fabian Theis (2015) SimiRa: A tool to identify coregulation between microRNAs
and RNA-binding proteins, RNA Biology, 12:9, 998-1009, DOI: 10.1080/15476286.2015.1068496
To link to this article: http://dx.doi.org/10.1080/15476286.2015.1068496

© 2015 The Author(s). Published with
license by Taylor & Francis Group, LLC©
Martin Preusse, Carsten Marr, Sita
Saunders, Daniel Maticzka, Heiko Lickert,
Rolf Backofen, and Fabian Theis
Published online: 18 Sep 2015.

Submit your article to this journal

Article views: 149

View related articles

View Crossmark data

Full Terms & Conditions of access and use can be found at
http://www.tandfonline.com/action/journalInformation?journalCode=krnb20
Download by: [Helmholtz-Zentrum Muenchen]

Date: 02 October 2015, At: 03:55

RESEARCH PAPER
RNA Biology 12:9, 998--1009; September 2015; Published with license by Taylor & Francis Group, LLC

SimiRa: A tool to identify coregulation between
microRNAs and RNA-binding proteins
Martin Preusse1,2, Carsten Marr1, Sita Saunders3, Daniel Maticzka3, Heiko Lickert2,4, Rolf Backofen3,5, and Fabian Theis2,6,*
1
Helmholtz Zentrum M€
unchen – German Research Center for Environmental Health; Institute of Computational Biology; Neuherberg, Germany; 2Helmholtz Zentrum
M€
unchen – German Research Center for Environmental Health; Institute of Diabetes and Regeneration Research; Neuherberg, Germany; 3Bioinformatics; Department of Computer
unchen; Munich, Germany; 5BIOSS Center for Biological Signaling Studies; Cluster of
Science; University of Freiburg; Freiburg, Germany; 4Medical Faculty; Technische Universit€at M€
unchen; Center for Mathematics; Chair of Mathematical Modeling of Biological Systems; Garching,
Excellence; University of Freiburg; Freiburg, Germany; 6Technische Universit€at M€
Germany

Keywords: coregulation, functional similarity, microRNAs, RNA-binding proteins, web application.

Downloaded by [Helmholtz-Zentrum Muenchen] at 03:55 02 October 2015

Abbreviations: miRNA, microRNA; RBP, RNA-binding protein
microRNAs and microRNA-independent RNA-binding proteins are 2 classes of post-transcriptional regulators that have
been shown to cooperate in gene-expression regulation. We compared the genome-wide target sets of microRNAs and
RBPs identiﬁed by recent CLIP-Seq technologies, ﬁnding that RBPs have distinct target sets and favor gene interaction
network hubs. To identify microRNAs and RBPs with a similar functional context, we developed simiRa, a tool that
compares enriched functional categories such as pathways and GO terms. We applied simiRa to the known functional
cooperation between Pumilio family proteins and miR-221/222 in the regulation of tumor supressor gene p27 and show
that the cooperation is reﬂected by similar enriched categories but not by target genes. SimiRa also predicts possible
cooperation of microRNAs and RBPs beyond direct interaction on the target mRNA for the nuclear RBP TAF15. To further
facilitate research into cooperation of microRNAs and RBPs, we made simiRa available as a web tool that displays the
functional neighborhood and similarity of microRNAs and RBPs: http://vsicb-simira.helmholtz-muenchen.de.

Introduction
Post-transcriptional gene regulation
With the discovery of small regulatory RNAs the landscape of
gene regulation changed dramatically: It became clear that the
abundance of a gene’s protein products is not only determined
by mRNA processing and the resulting level of mRNA transcripts
but also controlled by a whole new layer of regulatory elements.1
Post-transcriptional gene regulation has since been associated
with almost all biological processes and diseases.2 MicroRNAs
(miRNAs) were the most prominently analyzed species of posttranscriptional regulators but recently microRNA-independent
RNA-binding proteins (RBPs) came into focus.3 Moreover, functional cooperation between miRNAs and RBPs has been shown
in various processes such as cancer formation4 and angiogenesis.5
Recent advances in elucidating the functional roles of both
classes were supported by new experimental technologies, which
extract RNA-protein complexes followed by sequencing of the
RNA: HITS-CLIP,6 PAR-CLIP,7 iCLIP8 and CLASH9 (specific
for miRNAs). These methods facilitate global identification of
functional binding sites of miRNAs and RNA-binding proteins.
A broad overview of the targeting capabilities is necessary
to decipher the complex network of post-transcriptional gene

regulation and ultimately define the functional targets of miRNAs
and RBPs. Moreover, the global perspective on targeting allows to
deduce functional impact beyond regulation of single targets by
analyzing effects on functional modules such as signaling pathways.
miRNAs
miRNAs are small endogenous RNAs that bind to target
mRNAs and down-regulate the expression by translational
repression or degradation of the mRNA.1,10,11 It has been established that the majority of genes in most eukaryotes are post-transcriptionally regulated by miRNAs.2 To bind and regulate target
mRNAs, miRNAs are first integrated into an AGO protein,
which is part of the RNA-induced silencing complex (RISC).
The most important issue in miRNA research is to determine
their functional targets. It has been shown that complementary
binding between miRNA and target mRNA occurs mostly
between nucleotide 2 and 8 of the miRNA (seed region).1,10-12
CLIP-Seq studies emphasized the importance of the seed region
for a significant number of target sites but also demonstrated that
non-canonical binding exists and accounts for a significant part
of miRNA target sites.9
Experimental methods indicated that miRNAs have many
(dozens to hundreds) targets and most mRNAs are bound by a
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miRNA at one stage. However, miRNAs regulate their targets
only to a small extent and fine-tune protein expression.13,14 In
addition, some parts of the cellular interaction network, such as
signaling pathways, are targeted more frequently than others.15
The dynamics of miRNA-mediated down-regulation change
over time16 and activity of miRNAs depends on the tissue-specific expression of mRNAs17 and competing binding sites.18
Thus the complete miRNA-target interaction network is very difficult to predict and the functional classification of miRNAs is
still challenging.
RNA-binding proteins
miRNAs are able to guide a functional protein complex to an
mRNA target. However, mRNAs interact with a multitude of
other miRNA independent RNA-binding proteins during their
life cycle from transcription through processing, splicing, relocalization, translation and degradation.3,19 While the involvement
of regulatory proteins in mRNA biogenesis has long been known,
CLIP-Seq studies expanded the genome-wide picture of RBPmRNA interactions and protein occupancy of RNAs.20-22
Several hundred proteins are annotated with RNA-binding
domains and therefore classified as RBPs.20,21,23 Interestingly,
CLIP-Seq studies identified new RBPs not predicted by protein
domains or homology.19 Many RBPs have thousands of targets
although their biological function is not well understood. Similar
to the difficulties in determining relevant miRNA targets, the
binding mode and potential recognition sequences for RBPs are
often not known. Secondary binding determinants such as stabilization by interaction partners or structure of the mRNA have
been shown to be important for RBP binding.24
Cooperation of miRNAs and RNA-binding proteins
Interaction between miRNA and RBPs occurs via different
modes of action: the 2 regulatory partners can act either cooperatively or competitively, directly or indirectly to change expression
levels of their target. A cooperative regulation is where both regulatory partners work together, whereas a competitive regulation is
where one regulator antagonizes the normal function of the
other. A direct regulation occurs when both regulatory partners
interact with the target simultaneously (usually with physically
close binding sites on the RNA transcript). For the case of direct
interactions, several computational studies analyzed the occupancy of mRNAs for proteins and miRNA/AGO complexes and
showed that RBPs bind in close proximity to functional miRNA
target sites.25,26 Supporting this notion, there is both computational and experimental evidence that miRNA-binding sites cluster in close proximity leading to increased down regulation of the
target mRNA.27,28
A well-studied example for a direct interaction with miRNAs
are human RNA-binding Pumilio proteins. Downregulation of
the tumor suppressor gene p27 by miR-221 and miR-222 has
been shown to promote cancer cell proliferation.29,30 Interestingly, the Pumilio protein PUM1 binds to p27 mRNA, which
increases the accessibility of the target site of miR-221/222 by
remodeling the mRNA structure.31,32 Because of low Pumilio
levels, quiescent cells have a stable expression of p27 despite high

www.tandfonline.com

levels of miR-221/222. Thus, both regulators are necessary to
promote cancer cell proliferation. The same PUM1 protein has
also been shown to bind genes of the pluripotency network in
embryonic stem cells (ESC) and facilitate differentiation.33 Ablation of PUM1 hinders the exit from pluripotency and leads to
severe defects in the differentiation process. In addition, there is
growing evidence that miRNAs are necessary for ESC differentiation and regulation of the pluripotency network.34-37 The combined regulation of pluripotency genes is a prime example for
possible interactions between miRNAs and RBPs in the fine-tuning of a complex biological process. Moreover, Pumilio proteins
have also been shown to be associated with the miRNA-based
regulation of the E2F3 oncogenes.38 There are also examples for
competitive regulation where miRNA function is inhibited by
RBPs. The RBP Dnd1 has been shown to inhibit the action of
miR-21 on its target MSH2 and this regulation has also been
implicated in in cancer devlopment.39 More experimental evidence for miRNA-RBP interactions is reviewed in Ciafre 2013.40
An indirect regulation occurs when a previous regulatory
effect by one regulatory partner causes a subsequent regulation of
target transcript levels by the second regulatory partner. In addition, an important consideration is the cellular location of each
regulatory partner. miRNA-mediated regulation always takes
place in the cytoplasm, whereas some RBPs can also act in the
nucleus. Due to their spatial separation, coregulation between
nuclear RBPs and miRNAs must be indirect.
For example, if splicing of a transcript is regulated by RBPs
within the nucleus and the same transcript is later regulated by
miRNAs, the gene might be indirectly coregulated. Moreover, a
RBP can influence the expression level of a miRNA and thereby
indirectly affect the expression level of the miRNA’s target genes.
To our knowledge there is currently no experimental evidence
for indirect interaction on the same gene while experimental evidence supports functional regulation of miRNAs by RBPs.41
Identification of interaction via functional similarity of
miRNA and RBP targets
While some functional interactions might be identified by
comparing target sets, most will be difficult to identify due to
incomplete targeting data. Even though recent CLIP methods
perform better than computational methods, it has been shown
that target detection depends on target mRNA expression and
binding affinity of the used antibody.42 Moreover, the size of target sets can vary between replicates.42
Methods that analyze the functional context of target sets try
to overcome these shortcomings by focusing on biological processes instead of individual target genes. In general, the most
widely used techniques to define the functional context of gene
sets are GO-term43 and pathway enrichment.15,17,44,45 They
assume that the over-representation of genes in a pathways or
GO term indicates a functional association. Next to enrichment
methods, the challenge of deducing biological functions from
miRNA/RBP target genes and binding sites was approached by
inferring highly regulated targets based on binding site cooperativity27,28 and integrating miRNA targets with other omics data
sets.46,47
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In this study, we analyzed the combined activity of miRNAs
and RBPs to infer functional cooperation between both classes of
regulators. We focus on pathway and GO term enrichment to
highlight the functional role of miRNAs and RBPs. By comparing the enriched categories for RBPs and miRNAs, we identified
regulators with a similar biological function.
To facilitate research into combined action of RBPs and
microRNAs, we developed simiRa, a web application that allows
to find similar regulators for given input sets of microRNAs and
RBPs. It was developed to act as a hypothesis-generator for wet
lab scientists that run into common limitations of microRNA
research: miRNAs have environment-specific functions and act
in concert. To find miRNAs that influence a biological process,
over-expression of single miRNAs is usually not sufficient. SimiRa extends the analysis beyond miRNAs and detects similar
RBPs which might be necessary for miRNA effects and explain
complex functional regulation. SimiRa is available at http://
vsicb-simira.helmholtz-muenchen.de.

Results
Dataset
In this study, we used miRNA and RBP target sets identified
with biochemical methods based on cross-linking of RNA-protein complexes followed by immunoprecipitation and sequencing
(CLIP-Seq). Data for human RBPs was extracted from the doRiNA database48 and data for human miRNAs from StaRBase
v2.49 Our compiled data set contains 19 RBPs and 366 miRNAs
and a total of 14356 unique gene targets. 268 genes are only targeted by RBPs, 1496 are unique for miRNAs and 12592 are targeted by both. In general, we find more targets for RBPs (892 to
7153) than for miRNAs (161 to 1588).
RNA-binding proteins are located in different cell
compartments
RBPs can be classified by their cellular localization. In the
nucleus, they cannot directly interact with miRNAs on a target
mRNA. In the cytoplasm, they can directly cooperate with a
miRNA in regulating an mRNA. We analyzed the GO-terms
associated with the 19 RBPs in order to elucidate their cellular
localization (see Table 1 for an overview of relevant terms). The
selected terms indicate the cellular localization either by biological process (e.g., splicing) or cellular component (nucleus or cytoplasm). We associated the 19 RBPs with their putative role in the
mRNA life cycle (Fig. 1A). 13 are nuclear while 6 classify as
cytoplasmic and all but 3 RBPs have been described in their function (Fig. 1B). We found no significant difference in the number
of targets between nuclear and cytoplasmic RBPs (Wilcoxon
rank-sum test, p-value 0.19).
RNA-binding proteins have distinct target sets
To quantify RBP target-set similarity, we use the Jaccard
index (J) defined as the intersection of targets divided by their
union (Fig. 2B, see methods). Even though some RBPs are characterized as global regulators of splicing (such as TARDBP), the
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target sets have a Jaccard index between J D 0.05 and J D 0.65,
implying that many RBPs have distinct, non-overlapping target
sets. We thus conclude that RBPs are likely to have different
functional roles and are in this respect similar to miRNAs.
We performed a hierarchical clustering of the similarity
between RBP target sets (Fig. 2A). Interestingly, nuclear and
cytoplasmic RBPs were not clearly separated with respect to their
target genes in the hierarchical tree. The respective groups did
not cluster together, and did not show a high overlap of target
genes.
Genes are targeted by more RBPs and miRNAs than
expected
In order to compare the global targeting properties of RBPs
and miRNAs, we analyzed the number of RBPs and miRNAs targeting each gene (Fig. 3A). Real target-number distributions
were compared to random samplings of targets by constructing
artificial target sets following the distributions of targets for real
RBPs and miRNAs (see methods).
Interestingly, we find that many genes are targeted by more or
fewer RBPs and miRNAs than expected by chance. While random samplings result in 0 to 8 RBPs and 0 to 25 miRNAs per
gene (Fig. 3C), real RBPs and miRNAs show a wider distribution (Fig. 3B). Most importantly, 15% of the genes are targeted
by both more than 8 distinct RBPs and more than 25 distinct
miRNAs (not counting multiple target sites for a single miRNA/
RBP). Genes are targeted by both nuclear and cytoplasmic RBPs.
The distribution of targeting RBPs per gene is similar for both
groups and the correlation to miRNAs does not change.
We performed a GO term analysis of the 2034 highly targeted
genes (targeted by more than 25 miRNAs and more than 8
RBPs) to elucidate the functional role. Among the significantly
enriched GO terms are many top-level processes essential for regulatory mechanisms and cell cycle: Chromatin modification (224
associated genes, multiple testing corrected p-value 0.00052), cell
cycle (341 associated genes, multiple testing corrected p-value
0.022), protein transport (276 associated genes, multiple testing
corrected p-value 0.031), transcriptional regulation (173 associated genes, multiple testing corrected p-value 0.040) and gene
expression (512 associated genes, multiple testing corrected
p-value 0.042).
RNA-binding proteins prefer to target network hubs
As shown above, many genes are targeted by more RBPs and
miRNAs than expected. We hypothesized that highly regulated
genes have an important role in the regulatory network of a cell
as has been shown before.50
We therefore constructed the complete human protein-protein interaction network from the STRING database (Fig. 3A),
one of the most comprehensive interaction databases.51 We then
calculated the degree (i.e., number of direct neighbors in the network) of all genes in the network and compared it to the number
of RBPs (Fig. 3D) and miRNAs (Fig. 3E) targeting the gene.
Interestingly, genes that are targeted by many RBPs have a significantly higher degree (Wilcoxon rank-sum test, p-value D 0, see
Methods), while this is not the case for miRNAs.
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Overview of the 19 RBPs from our compiled data set. The target sets were acquired with different CLIP-Seq methods. GO terms relevant for the cellular localization are shown. RNA-binding proteins have
high numbers of targets, ranging from 918 to 7423.

QKI

gb110
fSAP113

C1 C2

hnRNPC

MOV10

TLS

FUS

IMP1
ZBP1

EWS

EWSR1

IGF2BP1

HUR

ELAVL1

1994

4076

M11S1 GPIAP1

oxidative RNA demethylase activity

Molecular
Function

nucleotide binding
ATP binding, metal ion binding, RNA
ligase (ATP) activity
cytoplasm, cytoplasmic mRNA processing RNA binding
body, cytosol
nucleus, nucleoplasm, cytoplasm, cytosol RNA binding, mRNA binding, protein
binding, AU-rich element binding,
protein kinase binding, mRNA 30 -UTR
AU-rich region binding
nucelus, cytoplasm, membrane
RNA binding, protein binding, calmodulin
binding, zinc ion binding, metal ion
binding
nucleus, nucleoplasm
nucleotide binding, RNA binding, protein
binding, zinc ion binding, metal ion
binding
nucleus, nucleoplasm, spliceosomal
nucleotide binding, protein binding, RNA
complex, ribonucleoprotein complex
binding
nucleus, cytoplasm, cytosol, plasma
RNA binding, protein binding, mRNA 30 membrane
UTR binding

CAPRIN1

54890 nucleus, nuclear speck

Entrez
ID

55421
—
51493 cytoplasm, tRNA-splicing ligase complex

ABH5

Syn

C17ORF85 ELG
C22ORF28 RTCB FAAP

ALKBH5

RBP

Table 1. Overview of all RNA-binding proteins and their associated GO terms
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Taking into account that
genes belonging to essential
processes are more tightly
regulated, the preference of
RBPs for network hubs suggests that RBPs confer regulatory
specificity
that
augments the more global
fine-tuning activity of miRNAs. In summary, the RBP
targetome shows evidence
for specific regulation of
essential biological processes.
SimiRa: miRNA-RBP
cooperation revealed by
pathway and GO term
association
To further analyze combined activity of miRNAs
and RBPs within their
functional context, we
developed simiRa, a web
tool that compares not only
genes but also functional
categories associated to
both classes of regulators.
By extending the analysis
beyond binding of single
Figure 1. RNA-binding proteins act on all levels of the mRNA lifecycle. (A) The mRNA lifecycle from transcription to
genes, we are able to captranslation. Multiple steps of processing are necessary to produce mature mRNAs from nascent transcripts. miRNAs
ture putative interactions
interact with their target mRNAs in the cytoplasm. (B) The 19 RNA-binding proteins used in this study are located on
different levels of the mRNA lifecycle. Their putative localization was inferred from GO term associations and selected
between nuclear and cytopublications. 3 of the 19 RBPs have no described function.
plasmic RBPs that cannot
be explained by joint binding of a target mRNA. SimiRa performs an enrichment analysis
Since RBPs generally have more targets than miRNAs, the
to find significant functional categories and subsequently com- maximum Jaccard index between RBPs and miRNAs is lower
pares miRNAs and RBPs (Fig. 4A). We used KEGG pathways52 than between members of each group. Indeed, distributions of
and GO-terms43 as functional categories to identify the biologi- similarities show that RBPs have a higher similarity with other
RBPs than with miRNAs (Fig. 4C). For miRNA-miRNA and
cal context of miRNA and RBP gene target sets.
We applied our compiled data set of 366 miRNAs and 19 miRNA-RBP comparisons, the median gene similarity is higher
RBPs on 285 KEGG pathways and 40624 GO terms, resulting than the median category similarity. miRNA-miRNA similarities
in 15,749,965 comparisons. Of those, 16,582 are significant show a distribution with low median and few very high similari(with a multiple testing corrected p-value <0.05, see Methods). ties. Many miRNAs are grouped into families with similar seedWe compared miRNAs and RBPs by calculating the similarity of sequences and target binding characteristics (such as miR-221
target genes and enriched categories using the Jaccard index and miR-222), thus explaining highly similar outliers not found
(intersection divided by union, see Fig. 2B and Methods). The for RBPs.
From the top 100 RBP-miRNA pairs in terms of similar
scatterplot of all gene similarities against all category similarities
is shown in Figure 4B. Interestingly, the Pearson correlation enriched categories, only 53 are also in the top 100 in terms of
between the target similarity and category similarity for all pair- similar target genes. The other 47 show a disparity between their
wise comparisons of RBPs and miRNAs is high (0.72). While target gene overlap and enriched functional categories. In sumthere is a trend toward higher term similarity for increasing gene mary, comparing enriched functional categories identifies new
similarities, many outliers show a high similarity in either genes potential interactions between miRNAs and RBPs that are not
or terms. The correlation indicates a connection between targets obvious from gene targets.
To ease further research into this topic, we made simiRa availand enriched categories but also highlights the fact that the category enrichment finds similarities that are less likely to be identi- able as a user-friendly web-tool that allows searching for similar
miRNAs and RBPs based on common targets and common
fied by similar target genes.
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of miR-221 and miR-222
become accessible. PUM2
shows similar effects.32
This cooperation is a prime
example for combined
activity of miRNAs and
RBPs. The cooperation is
not limited to p27: there is
evidence for a deeper
involvement of both Pumilio proteins and miR-221/
222 in the cell cycle misregulation leading to cancer
progression.4,38
In human, miR-221 and
miR-222 have 90% identical targets with a total
union of »1200 targets.
The dataset of 19 RBPs
contains PUM2 with 4078
targets. PUM2 and miR221/222 share only 632
target genes, a similarity of
J D 0.16 and J D 0.17,
Figure 2. RNA-binding proteins have distinct sets of gene targets. (A) Pairwise comparison of the similarity of gene
respectively (Fig. 6A).
targets of all 19 RNA-binding proteins. While some RNA-binding proteins form clusters with a similarity of J D 0.65,
In order to compare
many proteins have distinct target sets. This points toward functional differences and implicates that the proteins
PUM2 and miR-221/222
take part in different cellular processes. The similarity among nuclear (red) and cytoplasmic (green) RBPs is not different than between groups (Wilcoxon rank sum test, p-value D 0.42). (B) The similarity between 2 sets is calculated
to other miRNAs and
with the Jaccard index (size of intersection divided by the size of union).
RBPs, we calculated the
similarity of gene targets
for all pairs of miRNAs
enriched functional categories (Fig. 5). The basic workflow starts and RBPs using the Jaccard index (see methods). The histogram
with the input of an miRNA or RBP. The result is presented as a of the distribution of all pairwise similarities between miRNAs
network of similar miRNAs and RBPs. Search settings for the and RBPs shows that most pairs have a Jaccard index < 0.2.
Jaccard index cut-off can be set individually for gene and category Interestingly, PUM2/miR-221 and PUM2/miR-222 are not in
based similarity search. The default settings show term similari- the top quartile of miR-RBP pairs. Despite their known functies with J > 0.2 and gene similarities with J > 0.3 (see Fig. 4 tional cooperation, they rank at at the 72.9 percentile of the disfor the distributions of Jaccard indexes). The edges of the pre- tribution (Fig. 6B). When only considering target sets, PUM2
sented network denote similar gene targets or enriched categories, and miR-221/222 would likely not have been identified as candirespectively. The user can change the cutoff for similar miRNAs/ dates for an interaction. In comparison, the similarity of enriched
functional categories between PUM2 and miR-221/222 is higher
RBP, leading to a dense or sparse similarity network.
In a next step, the user can select one or more nodes in the than the overlap of gene targets. 57 of 192 enriched categories
network view to see the targets and enriched categories for the are shared between PUM2 and at least one miRNA. 31 categories
selection. When only one node is selected, all targets/categories are shared by all 3 regulators (Fig. 6C). We compared all
are shown. When more nodes are selected, the common targets/ miRNA and RBP pairs for their overlap in enriched categories.
categories are shown. This allows for a fine-grained overview of In general, the similarity of enriched categories is slightly higher
the targeting and functional context for subsets of the similarity than for gene targets. Here, PUM2/miR-221 and PUM2/miRnetwork. The network can be extended around single nodes. 222 are in the top 10% of all pairwise similarities between miRThis gives the user the opportunity to find more interesting NAs and RBPs (Fig. 6D).
Thus, a comparison of functional categories renders PUM2
candidates.
and miR-221/222 as potential candidates for a functional interaction that would likely be overlooked when only comparing
Case study: the interaction of Pumilio and miR-221/222 is
individual target sets. A closer look at the shared categories also
reflected by enriched categories
Pumilio family proteins (e.g., PUM1 and PUM2) are neces- highlights the relevance for cancer: We find cancer pathways and
sary for the regulatory function of miR-221/222 on the tumor signaling cascades commonly functional in the formation of
suppressor gene p27. Upon binding of PUM1, the binding sites cancer (Fig. 6E).
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Figure 3. Genes are targeted by more miRNAs and RBPs than expected. (A) We mapped the gene target sets of all miRNAs and RBPs in our compiled
data set onto a global gene interaction network constructed from STRING. (B) Number of targeting miRNAs and RBPs per gene with color coded density.
Red lines indicate the 95 percentile from random samplings (C). 2034 genes are targeted by more miRNAs and RBPs than expected. Due to the lower
number of RBPs in the data set, more genes are targeted only by miRNAs than vice versa. (C) Random samplings of gene targets for miRNAs and RBPs.
The distribution is more narrow than found for real data. Less genes are targeted by high numbers of miRNAs and RBPs. Red lines show the 95 percentile
located at 8 RBPs and 25 miRNAs per gene. (D) Network hubs are favored targets of RNA-binding proteins but not miRNAs. Genes were grouped by the
number of targeting RBPs and miRNAs, respectively. We counted the number of protein-protein interactions of all genes in the groups. Genes that are
targeted by many RBPs show an increased number of network interactions (denoted by ***, one sided Wilcoxon rank sum test, p-value D 0, see Methods). (E) For miRNAs, there is no correlation between the number of targeting entities and interactions within the gene interaction network.

Case study: candidates for functional interactions between
nuclear RBPs and miRNAs
The TAF15 protein is an interesting candidate for functional
analysis: Together with FUS and EWS it constitutes the FET
(FUS/EWS/TAF15) protein family53 that was first discovered as
genes frequently translocating in human sarcomas and
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leukemias.54 Later, the family members have been shown to participate in the transcriptional machinery as well as various steps
of mRNA processing, such as splicing and transport.55,56 While
their exact role remains unclear, recent publications point toward
cell-type specific expression and function as well as differences
between FUS, EWS and TAF15.57

RNA Biology

Volume 12 Issue 9

Downloaded by [Helmholtz-Zentrum Muenchen] at 03:55 02 October 2015

hand, is so far not associated with cell cycle progression and is thus a
highly interesting candidate for functional studies
in
combination
with
TAF15.
Ballarino et al.41 found
candidate miRNAs for an
interaction with TAF15 by
manually screening the
small set of validated binding sites from miRTarBase.59
Functionally
similar miRNAs identified
by our large-scale approach
are interesting candidates
to extend the TAF15/
miRNA interaction network by direct and indirect
cooperation.

Discussion
The field of RBPs is
growing rapidly since
Figure 4. simiRa compares target gene and category similarities of miRNAs and RBPs. (A) simiRa compares RBPs and
CLIP-Seq studies identimiRNAs based on the similarity (Jaccard index) of signiﬁcantly enriched functional categories and gene targets. (B)
fied global binding sites.
Scatterplot of the Jaccard indexes for target gene similarity against category similarity of all pairwise comparisons
Recently, such an approach
between miRNAs and RBPs. (C) Distributions of pairwise similarities separated by RBP/RBP, miRNA/miRNA and
identified 300 new and
miRNA/RBP comparisons for both target gene and category similarity.
previously uncharacterized
RBPs.21 It is still unclear to
what extend RBPs carry
TAF15 is necessary for the cell cycle and proliferation but out specific regulatory functions. Some RBPs might be housethe mechanism remains elusive. While direct targets have not keeping genes that mostly have a structural role in e.g., transport
been validated outside of CLIP-Seq studies, it has recently been or decay of mRNAs. To answer this question and provide first
reported that TAF15 cooperates indirectly with miR-17-5p and insight into global targeting properties, we showed that genes are
miR-20a-5p to repress the cell-cycle gene CDKN1A/p21 by regulated by very different numbers of RBPs. Moreover, RBPs
increasing expression levels of the mature miRNAs, which sub- target network hubs. This indicates that they indeed have a more
sequently downregulate CDKN1A/p21.41 Upon depletion of specific rather than global house-keeping function.
To provide a basis for experiments investigating the comTAF15, the levels of the miRNAs decrease, CDKN1A/p21
increases and proliferation is impaired. Again, we found that bined activity of multiple miRNAs and/or RBPs, we have
TAF15 and both miRNAs are similar in terms of enriched cate- developed simiRa. The intuitive interface allows for easy
gories (»0.22, rank 94%) and less similar in terms of targets exploration of the functional neighborhood of a miRNA or
(»0.15, rank 83%). Notably, other miRNAs have even higher RBP. We expect that most users will start the search with a set
similarities to TAF15. Those miRNAs are candidates that either of miRNAs/RBPs they are investigating in the biological concollaborate with TAF15 in an indirect fashion like miR-17-5p/ text of interest. From this starting point, simiRa provides usemiR-20a-5p or they could act on the same targets as TAF15, ful candidates for functional cooperation partners which might
leading to either cooperative activity or competitive inhibition act in concert to carry out a biological function. For example,
of the miRNA and TAF15. The top miRNAs showing similar Ballarino et al.41 identified candidate miRNAs for combined
functional categories as TAF15 are miR-590-3p (J D 0.33) and activity with TAF15 by manually screening the small set of
miR-495-3p (J D 0.29). MiR-495 has been shown to inhibit validated binding sites from miRTarBase.59 Using our largedifferentiation of human mesenchymal stem cells58 and mouse scale approach, we are able to identify a lot more potential
embryonic stem cells,36 pointing toward a similar regulatory partners that might function in the same fashion as miR-17loop as for miR-17-5p/miR-20a-5p. MiR-590-3p, on the other 5p and miR-20a-5p.
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When
comparing
PUM2 and miR-221/
222, the analysis of
enriched functional categories points toward a
combined activity in a
cancer context that has
been shown experimentally. For TAF15, we find
miRNAs
that
might
cooperate in an indirect
regulatory loop. Considering combinations of
multiple miRNAs and
RBPs with a similar functional background could
prove beneficial in experimental settings where
researches look for new
regulators of a biological
process and single miRNAs did not show the
desired effects. By either
using more miRNAs or
adding RBPs to the
experimental
set-up,
researchers could potentially identify new regulatory elements.
The next step in analyzing combined activity of
Figure 5. SimiRa – a web application to identify similar miRNAs and RBPs. (A) Introduction and quick help for simiRa is
different
post-transcripprovided on the front page. (B) The user starts by searching for an miRNA or RBP in the search ﬁeld in the ‘Find
tional regulators is funcmiRNA/RBP’ panel on the left. The ‘Show full list’ button opens a list of all miRNAs and RBPs. A fuzzy search is carried
tional testing: Researches
out upon typing of a miRNA/RBP name and results are shown in the ‘Select’ panel in the center. Clicking on a miRNA/
working with miRNAs
RBP loads the network view of similar miRNAs/RBPs. Settings can be adjusted in the ‘Search settings’ panel on the
right. (C) The resulting similar miRNAs/RBPs are displayed in a network visualization in the ‘miRNA-RBP similarity netcould benefit from identiwork’ panel. Similarity in gene targets is indicated by green edges, common enriched categories are denoted by red
fying RBPs as potential
edges. The user can zoom by scrolling and pan by dragging. Targets and enriched categories of selected nodes are
interaction partners. Cellshown below the network panel. The network can be extended by selecting a node and clicking ‘Expand selection’.
type specific miRNA activThis allows for the stepwise exploration of the functional neighborhood of a miRNA/RBP of interest.
ity has been explained by
expression of competing
endogenous RNAs (ceRNAs) that fish miRNAs and thereby functional context of miRNAs and new candidates for funcrepress their function on a specific cellular environment.18 RBPs tional testing.
could be another way of creating tissue-specific effects. If a
The study presented here addresses an unresolved issue:
miRNA requires a RBP to function or if the regulatory effect is How is the complex process of post-transcriptional gene reguincreased in the presence of a RBP, the expression of this RBP lation structured? miRNAs have hundreds of targets and only
confers specificity to the miRNA function. Similar to the small effect sizes. A miRNA does not have a unique function
PUM1/miR-221/222 regulation of p27, RBPs could explain var- but is part of a dense regulatory network whose output
iance in target regulation between different cell types.
depends on the cellular environment. The more we know
We have previously developed miTALOS, a web-tool to about the elements and connections within this network, the
analyze the signaling pathways associated to single miRNAs.17 better our predictions of miRNA function become. By adding
SimiRa extends the functionality of miTALOS by not only RNA-binding proteins to the mix, we extend the regulatory
considering a single miRNA and their function but rather network with a new type of node. Comparing miRNAs and
allowing to explore the functional neighborhood of a single RBPs by their enriched categories takes a step back from indiregulatory component. It thus extends our tool box of vidual target relationships and reveals the global picture of
miRNA-related applications that aim at providing the miRNA/RBP co-targeting.
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Generation of target set
null model
To compare distributions of miRNAs and RBPs
targeting genes we sampled
artificial target sets from all
human genes (as defined in
the NCBI Gene database)
in the same number as real
miRNAs and RBPs in the
respective data set. To
avoid degree bias, we constructed a bipartite graph
linking miRNAs/RBPs to
genes and resampled the
edges while preserving the
degree of miRNA/RBP
nodes. Thus, distribution
of the number of target per
entity resembles real miRNAs and RBPs. We performed 100 sampling runs
and averaged over all
results.

Figure 6. SimiRa case study. The interaction of miR-221/222 and Pumilio is reﬂected by enriched pathways but not
gene targets. (A) The overlap of gene targets of miR-221/222 and Pumilio Protein 2 (PUM2) is 632, containing only
one ﬁfth of all targets of PUM2. (B) The pairwise overlaps of miR-221/PUM2 and miR-222/PUM2 rank at 78% of the
overall distribution of miRNA/RBP target similarities. (C) When considering enriched terms (Pathways and GO terms),
the similarity between miR-221/222 and PUM2 is larger compared to gene targets. (D) The pairwise similarities of
miR-221/PUM2 and miR-222/PUM2 rank in the top 10%, indicating a functional relationships beyond their gene targets. (E) Signiﬁcantly enriched terms for miR-221/222 and PUM2 (corrected p-value <0.05, see methods). The terms
are associated with cancer, cancer signaling and transcriptional activity (terms are sorted by p-value). The genes
associated with miR-221/222 and PUM2 can be retrieved from the simiRa web application.

Methods
CLIP-Seq data sets
We used miRNA targets provided by starBase v2.0,49 a database that collects and integrates CLIP-Seq experiments. We
downloaded the complete set of human miRNA target sites with
the minimal requirement of one supporting experiment. The
data set contains 366 miRNAs with 536888 miRNA-mRNA
interactions (i.e., binding sites). RBP binding sites were extracted
from the doRiNA database.48
We calculated the enrichment of gene sets (miRNA and RBP
targets) on gene sets from 285 KEGG pathways52 and 40624
GO terms.43 KEGG pathways were obtained via the KEGG
REST API (http://www.kegg.jp/kegg/rest/). GO terms were
downloaded from http://www.geneontology.org/GO.downloads.
ftp.cvs.shtml.
Similarity between miRNAs and RBPs
We define the similarity of 2 non-empty sets A and B using
the Jaccard index (number of elements in intersection divided by
number of elements in union, [0,1]).

www.tandfonline.com

Protein-protein
interaction network
We used protein-protein
interaction data from he
STRING 9.1 database.
Data was downloaded from
http://string-db.org.
We
used all interactions with a
combined score >0.75. For
a description of the database and score see Von Mering et al.60
and Szklarczyk et al.61
Statistics
Enrichment of a miRNA/RBP (X) in a GO term or pathway
(C) was calculated by constructing a 2£2 cross table
Category C
miRNA/RBP X

XC
Cn

Xn
U

where XC is the number of gene targets of X in C, Cn is the number of genes in C not targeted by X, Xn is the number of targets of
X not in C and the background U is the union of all target genes
and all genes in the tested category without XC, Xn and Cn.
The enrichment score E is calculated as the odds ratio of X and
C. E describes the dependence of variables X and C, E > 1 indicates an over-representation of targets of X in the category C:
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P-values for the enrichment were obtained with Fisher’s exact
test62 using the ‘stats.fisher_exact’ module from the SciPy Python
package (v0.14.1). To control the false discovery rate (rate of type
I errors) in the enrichment analysis, all p-values were corrected
with the Benjamini-Hochberg procedure63 using the ‘sandbox.
stats.multicomp.multipletests’ module from the statsmodels
Python package (v0.5.0). Results with a an enrichment sore E >
1 and a corrected p-value < 0.05 were considered enriched.
The Wilcoxon rank-sum test was employed to test for difference in distributions of 2 samples,64 using the ‘stats.ranksum’
module from the SciPy Python package (v0.14.1). P-values of 0
occur due to occur due to the limits in floating point precision
and represent p-values smaller than 10¡238.
simiRa web-tool
The simiRa web frontend is implemented with the AngularJS
framework and Cytoscape.js for the network view. The backend
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