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Key points:

There are coding and non-coding RNAs, known as competing endogenous RNAS
(ceRNAs) or miRNA sponges, which compete with each other to interact with

miRNASs.

e miRNA sponges play important roles in cancer progression.

e Computational methods have been shown to be effective tools to identify miRNA

sponge interactions. Results of different computational methods are complementary.

e There is still a lack of ground truth for validating the computational predictions.

e There are great opportunities and challenges in designing reliable methods for

inferring miRNA sponge regulatory mechanisms.
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Abstract

Recent studies on competing endogenous RNAs (ceRNAs) have shifted our understanding of
how microRNAs (miRNAS) interact with their target RNAs. ceRNAs are RNAs that share
miRNA recognition elements (MRES) and indirectly regulate each other via the titration
mechanism, i.e. the increasing concentration of a ceRNA will decrease the number of
miRNAs that are available for interacting with other targets. The cross-talks between
ceRNAs, i.e. their interactions mediated by miRNAs, have been identified as the drivers in
many disease conditions, including cancers. In recent years, some computational methods
have emerged for identifying ceRNA-ceRNA interactions. However, there remain great
challenges and opportunities for developing computational methods to provide new insights

into ceRNA regulatory mechanisms.

In this paper, we review the publically available databases of ceRNA-ceRNA interactions and
the computational methods for identifying ceRNA-ceRNA interactions (also known as
miRNA sponge interactions). We also conduct a comparison study of the methods with a
breast cancer dataset. Our aim is to provide a current snapshot of the advances of the
computational methods in identifying miRNA sponge interactions and to discuss the

remaining challenges.

INTRODUCTION

MicroRNAs (miRNAs) are small non-coding RNAs that regulate gene expression at the post-
transcriptional level. They control a wide range of biological processes, including
development, metabolism, differentiation, apoptosis and cellular signaling [1-5]. miRNAs are

involved in many human diseases including several types of cancers [6-8]. Therefore,



understanding miRNA functions and their regulatory mechanisms is important for diagnostics

and therapeutics.

Recent studies have shifted our understanding of how miRNAs interact with their target
RNAs. As the common knowledge, miRNASs recognise their targets by base pairing to
complementary sequences in the 3’-untranslated region (3’ UTR), 5> UTR, and sometimes in
the open reading frames of the targets. However, recent findings show that coding genes are
not the only targets that miRNASs interact with. In fact, there is a pool of different RNAs
competing with each other to attract miRNAs for interactions, thus acting as competing
endogenous RNAs (ceRNAS). These ceRNAs are also called miRNA “decoys” or miRNA
“sponges”, which can be long non-coding RNAs (IncRNAs), pseudogenes, or circular RNAs
(circRNASs) [9-12]. Through base pairing with miRNA binding sites, i.e. miRNA
recognition/response elements (MRES), miRNA sponges interact with miRNAs and reduce
the amount of miRNA transcripts in a cell and therefore release miRNA target genes from
miRNA control [13]. Figure 1 illustrates the role of miRNA sponges in controlling the

regulation of miRNA targets.

In recent years, more and more miRNA sponges have been identified by experiments and the
roles of mMiRNA sponges in different conditions are being uncovered. Table 1 shows a part of
the experimentally confirmed IncRNAs, pseudogenes, circRNAs, and coding RNASs acting as

miRNA sponges in specific conditions.

The first type of miRNA sponge is INCRNA. IncRNAs are non-protein coding transcripts
longer than 200 nucleotides, and they originate from thousands of loci across genomes.
According to their proximity to protein-coding genes in the genome, IncRNAs are mainly
classified into three classes: (1) intergenic InNcRNA without any overlap with other loci, (2)

long intronic INcRNA overlapping with the intronic region of any other loci, and (3) antisense



exonic INcRNA overlapping with exons of other loci on the opposite strand [29]. The first
evidence of INcRNAs being miRNA sponges was demonstrated in muscle differentiation [9],
where a muscle-specific IncRNA called linc-MD1 was identified to govern the time of
muscle differentiation by acting as a ceRNA in mouse and human myaoblasts. linc-MD1
sequestered miR-133 and miR-135 to regulate the expression of MAML1 and MEF2C,
respectively. In human embryonic stem cell (ESC) self-renewal, linc-RoR has been shown to
function as a miRNA sponge and plays an essential role in ESC [14]. linc-RoR prevents
OCT4, SOX2, NANOG from miR-145 mediated suppression in self-renewing human ESC.
linc-RoR also forms a feedback loop with OCT4, SOX2, NANOG and miR-145 to regulate
ESC maintenance and differentiation. In addition to their crucial roles in tissue development,
the importance of INcCRNAs acting as miRNA sponges has also been implicated in various

cancers, such as liver cancer [15] and thyroid cancer [16].

Pseudogenes have also been found to act as miRNA sponges. Pseudogenes are dysfunctional
relatives of the genes that have lost their protein-coding ability due to various genetic
disablements, including premature stop codes, frameshifts, insertions, or deletion [30].
Poliseno et al. [10] demonstrated that the pseudogene PTENPL1 regulated the level of its
cognate gene PTEN by competing with PTEN for shared miRNAs. They also showed that
PTENP1 acted as a sponge of PTEN-targeting miRNAs to exert a growth-suppressive role
and to be selectively lost in human cancers. In addition, it was found in [10] that the
pseudogene KRAS1P 3°’UTR overexpression resulted in increased KRAS mRNA abundance
and accelerated cell growth. The KRAS and KRAS1P transcript levels are positively
correlated in prostate cancer, and the KRASL1P locus is amplified in different human tumours,
including neuroblastoma, retinoblastoma and hepatocellular carcinoma. Taken together, the
functions of KRAS1P mirror the functions of its cognate gene KRAS by a miRNA sponge

mechanism.



circRNAs are another type of non-coding ceRNAs, and they form a covalently closed
continuous loop without 5' to 3' polarity or polyadenylated tail [31]. Many circular RNAS
arise from otherwise protein-coding genes, but they have not been shown to code for proteins
in the cell. Recent studies show that natural circRNAs can also function as efficient miRNA
sponges. An example of a circRNA is CDR1as (also known as ciRS-7) [11, 12], which has
been shown to be miR-7 sponge to affect the activity of miR-7 target genes. Another example

is the testis-specific circRNA Sry, which has been validated as a miR-138 sponge [11].

Recent studies have shown that several protein-coding RNAs act as miRNA sponges [32].
The most extensively characterised coding RNA as miRNA sponge is the tumour suppressor
gene PTEN. A combined computational and experimental approach [20] has identified and
validated CNOT6L and VAPA as endogenous protein-coding transcripts that regulate PTEN,
antagonise PI3K/AKT signalling, and possess growth and tumour suppressive properties.
Notably, they have also shown that CNOT6L and VAPA display concordant expression

patterns and copy number loss with PTEN in cancers.

Given the important role of miRNA sponges, they have attracted growing attentions from
researchers. As shown in Figure 2, the number of publications on miRNA sponge research
has been increased gradually in the past few years. At the same time, the recent years have
seen the emergence of computational methods in discovering ceRNA-ceRNA interactions
(also known as miRNA sponge interactions or miRNA mediated interactions). Although the
number of publications on computational methods is still small, as with other miRNA related
research, computational methods will undoubtedly contribute to the research of miRNA
sponge interactions, as an effective technique to generate hypotheses for further
investigations. Therefore in this paper we present a review of these computational methods.

Our aim is to provide a current snapshot of the computational methods in identifying miRNA



sponge interactions and to discuss the challenges, to help with future development of such

methods.

We will firstly review the computational methods for identifying miRNA sponge interactions.
Secondly, we review the publically available databases of miRNA sponge interactions. Apart
from miRNA sponge interaction databases, we also list the commonly used miRNA-mMRNA
binding databases as the initial structure of computational methods to identify candidate
miRNA sponge interactions. They contain both experimentally confirmed and predicted
interactions between miRNAs and their targets, including IncRNAs, pseudogenes, CirRNAS
and mRNAs. Finally, we conduct a case study with a breast cancer dataset to compare four
well-known computational methods for identifying miRNA sponge interactions. We discuss
some challenges of developing computational methods for identifying miRNA sponge

interactions in the last section.

COMPUTATIONAL APPROACHES FOR IDENTIFYING miRNA

SPONGE INTERACTIONS

In this section, we review the computational methods for identifying ceRNA-ceRNA
interactions or miRNA sponge interactions. As shown in Table 2, we categorise the methods
into i) pair-wise correlation approach, ii) partial association approach, and iii) mathematical
modelling approach. In the following, we will review the methods arranged by their
categories. Moreover, we also conduct a review on the publically available databases for

validating and constructing miRNA sponge interactions.

Pair-wise correlation approach



The common principle of the methods in this category is that the expression levels of an
interacting miRNA sponge interaction pairs are positively correlated or the correlation has a
significant change in two different conditions. The positive correlation principle is based on
the observation of the titration mechanism [42, 43] which states that a high concentration of a
miRNA sponge will decrease the available miRNAs for interacting with other miRNA
sponges. For example, suppose RNA; and RNA; share a miRNA and the miRNA up-
regulates RNA;. If the miRNA preferentially interacts with RNA; (the expression level of
RNA is thus increased), then RNA; is not suppressed (as there is less miRNA to interact
with RNA,). As a result, the expression level of RNA; is increased, and the expression levels
of RNA; and RNA; show a positive correlation. As for the principle of significant change of
the correlation between a miRNA sponge interaction pair in two different conditions, it is

based on the dynamic and condition-specific properties of miRNA sponge regulation [39, 40].

This group of methods firstly search for all pairs of RNAs that share the miRNA recognition
elements (MREs) of a set of miRNAS using putative target prediction databases. For a given
RNA pair (RNA; and RNA),), a statistical test, such as the hypergeometric test, is used to
calculate the significance of sharing of miRNAs by these two RNAs. The significance p-

value is computed as follows.

In the formula, N is the number of all miRNAs in the dataset of interest, K denotes the total
number of miRNAs regulating RNA;, O denotes the total number of miRNAs regulating
RNA,, and x is the number of miRNAs shared by RNA; and RNA,. The correlation between

each pair of miRNA sponge interaction which has significant sharing of miRNAs is then
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calculated, and the pairs with significant positive correlations or significant difference of

correlations in two different conditions are predicted to have miRNA sponge interactions.

Zhou et al. [33] combined matched breast cancer miRNA and mRNA expression data with
miRNA-mRNA relationships to identify breast cancer specific miRNA sponge interactions.
They firstly found the shared miRNAs for all mMRNA-mRNA pairs using predicted miRNA
target information and hypergeometric test. They then tested the significance of the
correlations between the potential miRNA sponge interaction pairs sharing the same miRNAs
using Pearson correlation coefficients. The miRNA sponge network is constructed using the
identified significant miRNA sponge interaction pairs. The network was shown to be scale
free. It was also found that in the network the hub nodes were closely associated with breast
cancer and the dense clusters were related to cancer hallmarks. According to the results of
survival analysis, the discriminative hub genes in the miRNA sponge network showed

discriminative power and were regarded as good biomarker candidates in breast cancer.

Xu et al. [34] used the similar method as in Zhou et al. [33] to infer the mRNA related
miRNA sponge interaction landscape across 20 major cancer types. They found that ~34.56%
miRNA sponge interactions occurred only in one cancer, and only 3.78% miRNA sponge
interactions were conserved in more than 10 cancers in the pan-cancer cohort. Although most
miRNA sponge interactions are cancer-specific, the cancers within similar origin cell type
share significant number of common miRNA sponge interactions. Functional analysis
revealed conserved and rewired network miRNA sponge hubs in each cancer, and these
miRNA sponge hubs formed tense miRNA sponge interactions to constitute conserved and

cancer-specific modules.

Shao et al. [35] also proposed a pair-wise correlation based method to identify dysregulated

miRNA sponge interactions in lung adenocarcinoma using expression profiles and miRNA-



target interactions. They divided the dysregulated miRNA sponge interactions into two types:
gain and loss. They found that the correlations of gain miRNA sponge interactions are
significantly positive in cancer condition, and in normal condition the correlations of loss
miRNA sponge interactions are significantly positive. It was also found that gain miRNA
sponge pairs have consistent expression in cancer, but it is not necessary the case for loss
miRNA sponge pairs. Furthermore, gain and loss miRNA sponges involving in gain and loss
miRNA sponge interaction networks as topological key nodes are implicated in the
development of cancer. Additionally, several dyregulated miRNA sponge modules could be
regarded as diagnostic biomarkers even in other three independent lung datasets. In the field
of biomarkers for diagnosis, the study suggests the possibility of a new biological mechanism

in cancer.

To study optimal conditions for miRNA sponge regulation, Chiu et al. [36] integrated
expression profiles and putative miRNA-target interactions to identify optimal miRNA
sponge interactions in TCGA datasets of GBM (glioblastoma multiforme), OV (ovarian
serous cystadenocarcinoma), LUSC (lung squamous cell carcinoma), and LAML (large acute
myeloid leukemia). They demonstrated that miRNA sponge regulation was positively
associated with the number of common miRNAs and the target binding sites, and was
dynamic across cancer types. Their study brings biological insights into the understanding of

the dynamicity and essential roles of miRNA sponge regulation in cancer.

Partial association approach

Different from the pair-wise correlation methods, partial association methods take the
miRNA expression levels into consideration when examining the miRNA sponge
relationships. When the relationships between miRNA sponges are assumed linear, the partial

correlation methods [13] measure the correlation between two miRNA sponges given the
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presence of a miRNA. When no assumption is made on the type of relationships (i.e. linear or
non-linear) between miRNA sponges, the conditional mutual information approaches [21, 37]

can be used instead of the partial correlation.

Sumazin et al. [21] investigated the ability of coding and non-coding RNAs to act as miRNA
sponges by analysing a large set of matched miRNA and gene expression profiles in
glioblastoma. They identified an extensive miRNA-mediated network of RNA-RNA
interactions, and uncovered miRNA-mediated crosstalk between different oncogenic
pathways. According to distinct molecular mechanisms, they studied two types of miRNA-
mediated modulators: sponge modulators and non-sponge modulators. Due to the prohibitive
computational cost of evaluating a huge number of (RNA, miRNA, RNA) triplets, they used
experimentally validated or predicted miRNA-target information to reduce the number of
(RNA, miRNA, RNA) triplets to be evaluated. For sponge modulators, they only considered
RNA-RNA pairs sharing a significant overlap of common miRNAs, and combined
expression data with predicted miRNA-target regulatory interactions to identify (RNA,
miRNA, RNA) triplets. For non-sponge modulators, they considered all RNA-RNA pairs
including empty and non-statistically significant overlap of common miRNAs, and integrated
expression data with experimentally validated miRNA-target information to infer (RNA,
miRNA, RNA) triplets. The proposed method made use of the mutual information (MI) and
conditional mutual information (CMI) and identified nearly 7,000 sponge modulators as
miRNA sponges comprising more than 248,000 pairs of miRNA-mediated RNA-RNA
interactions, and 148 non-sponge modulators participating in 169 miRNA-mediated RNA-
RNA interactions with more than 100 genes. This extensive miRNA-mediated network
provides new insights to the dysregulation of key mechanisms of pathogenesis as well as

normal physiology mechanisms.
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Paci and co-authors [13] proposed a method based on partial correlation to explore the role of
IncRNAs as miRNA sponges. They applied the method to the matched miRNA and gene
expression profiles of 72 breast invasive carcinoma (BRCA) individuals obtained from The
Cancer Genome Atlas (TCGA). The samples of tumour and normal tissue were taken from
the same patients. By computing for each (IncRNA, miRNA, RNA) triplet the difference
between the Pearson correlation and partial correlation (defined as sensitivity correlation),
they built the miRNA-mediated interaction (MMI) networks, in tumour and normal
conditions (tumour-MMlI-network and normal-MMI-network) respectively. The tumour-
MMI-network appears to be completely different from the normal-MMI-network, implying
that miRNA decoy mechanism may switch on or off its agents according to the physiological

or pathological condition.

Chui et al. [37] introduced an integrative framework called Cupid to simultaneously
reconstruct miRNA-target and miRNA sponge interaction networks by integrating sequence-
based evidence and functional clues derived from miRNA and RNA expression analysis.
Cupid is a 3-step prediction method. Firstly, it applies Fisher’s exact test [44] to estimate
candidate miRNA sponge interaction pairs. Secondly, similar to [21], it also uses MI and
CMI to identify miRNA sponge interactions. Finally, it uses Brown’s method [45] to further
infer significant miRNA sponge interactions. By using high-throughput data in breast cancer
cell lines for validation, they reported about 500 validated miRNA-target interactions
involved in breast cancer. To evaluate the miRNA targets which compete for miRNA
regulation, they focused on five breast-cancer associated regulators, CCND1, ESR1, HIF1A,
PDGFRA and NCOAZ3. As a result, eight out of 11 of the predicted miRNA sponge
interactions showed significant up-regulation after transfection of the 3’UTR of the miRNAs
shared by the interacting miRNA sponges. The results support miRNA sponge regulation,

and are consistent with the results in [21].

12



Mathematical modelling approach

The minimal model [38] and stochastic model [39], although are different methods for
modelling competing endogenous RNA networks consisting of miRNAs and mRNAs,
reported consistent results that the binding free energies and repression mechanism are the
key ingredients for the cross-talk among the miRNA sponges. In addition, their work found
that statistically significant correlations among miRNA sponges can exist due to

transcriptional fluctuations even when miRNA-mediated cross-talks are knocked out.

Ala et al. [40] presented a mass-action model (similar to the minimal model in [38]) to
determine the optimal conditions for miRNA sponge activities in silico. The model describes
the molecular transition mechanism for the miRNA sponge interactions mediated by a
common set of miRNAs. They refined the generated network by removing all edges that were
not found in the conserved co-expression networks built by Piro et al. [46]. The evaluation of
the complexity of the miRNA sponge interaction networks revealed that transcription factor
and miRNA sponge interaction networks were cross-regulated, and the miRNA sponge
interaction networks could cause up-regulation or aberrant expression of transcription factor
in cancer. Furthermore, the results suggest that alterations of one miRNA sponge have

significant effects on the integrated transcriptional and miRNA sponge interaction networks.

Recently, Yuan et al. [41] established a coarse-grained model for a minimum miRNA sponge
interaction system consisting of one miRNA and two miRNA sponges, and validated their
computational results by using synthetic gene circuits in cultured human embryonic kidney
293 (HEK293) cells. They demonstrated that the range and the strength of miRNA sponge
effect were affected by the abundance and the binding strength of miRNAs and miRNA
sponges, as well as the degree of complementarities between miRNA and miRNA sponge.

Furthermore, they found a nonreciprocal competing effect between partial and

13



complementary targets due to different miRNA loss rates in these two types of regulations.
The integrated results of computational model and experimental validation shed light on a

quantitative understanding of miRNA-mediated cross-regulation on miRNA sponges.

Resources for evaluating and constructing miRNA sponge interactions

As a resource for evaluating and comparing the results of different computational methods, in
this section, we review the commonly used databases of miRNA sponge interactions. A

summary of the databases is given in Table 3.

ceRDB [47] is one of the first miIRNA sponge interaction databases. They use TargetScan [48]
to examine the co-occurrence of miRNA response elements (binding sites) in mRNAS on a
genome-wide basis. Given a specific MRNA, ceRDB predicts the miRNA sponges that
compete with the mRNA for the binding sites of the same miRNAs. For convenience, ceRDB
provides a web-based tool called CEFINDER to allow users to identify miRNA sponges for a
given target mRNA based on the homology of miRNA binding sites present in the 3UTR

sequence. ceRDB is available at http://www.oncomir.umn.edu/cefinder/. Although the

database provides putative miRNA sponge interactions, the interactions may not be very

reliable since the database depends on TargetScan v5.2, which is outdated.

starBase [49] stores 108 datasets obtained from 37 studies, including 47 HITS-CLIP datasets,
51 PAR-CLIP datasets, 9 ICLIP datasets and 1 CLASH dataset. Recently, starBase is also
regarded as a miRNA sponge interaction database. The experiment results stored in starBase
provide physical biding information between miRNA-mRNA, miRNA-IncRNA, miRNA-
circRNA, miRNA-pseudogene, and miRNA-sncRNA. The interactions can be used to verify

computational predictions. starBase is available at http://starbase.sysu.edu.cn/.
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As for IncRNAs, InCeDB [50] contains human IncRNAs (obtained from GENCODE v19
[51]) which may behave as miRNA sponges. The miRNA-mRNA interactions in InCeDB are
predicted using TargetScan [48] and mapped to the predictions obtained based on the AGO
PAR-CLIP data in starBase [49]. The miRNA-IncRNAs interactions in InCeDB are either
retrieved from miRcode [52], or predicated by InCeDB’s own algorithm. InCeDB allows
users to browse for INcCRNA-mRNA pairs sharing the same miRNAs. At the same times,
users can compare the expression of a INcRNA-mRNA pair in 22 human tissues to find out
the possibility for the pair to be miRNA sponges. InCeDB is available at http://gyanxet-

beta.com/Incedb/.

Wang et al. [53] developed a IncRNA-associated competing triplets database called

LncACTdb (http://www.bio-bigdata.net/LncACTdb/) to facilitate the study of INCRNA

function as miRNA sponges. In LncACTdb, competition based IncRNA-miRNA-gene
interactions are defined as IncACTs. The database contains 5119 functionally activated and
over 530,000 computationally predicted IncACTSs, which are obtained by integrating
heterogeneous data from several in silico target prediction studies, Argonaute-CLIP

experiments, and expression profiles from transcriptome sequencing.

Ghosal et al. [54] developed a comprehensive database called HumanViCe (http://gyanxet-

beta.com/humanvice) to enable users to explore potential miRNA sponges in virus infected

cells. HumanViCe contains a vast number of coding and non-coding RNAs acting as
potential mMiRNA sponges in virus infected human cells, which potentially can be used in

constructing miRNA sponge interaction networks in virus infected human cells.

Wang et al. [55] manually developed the first experimentally validated miRNA sponge

interaction database called miRSponge. miRSponge (http://www.bio-bigdata.net/miRSponge/)

collected 185 unique miRNA sponge interactions in 11 species by manually curating from
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nearly 1000 articles. The types of miRNA sponges include INcRNAs, pseudogenes, circRNAs,
coding RNAs, viral RNAs and artificial engineered sponges. The database will provide a
good ground truth for validating predicted miRNA sponge interactions, and we will use this

for evaluating different methods in our case study in the later section.

Apart from the miRNA sponge interaction databases, the miRNA-mRNA binding databases
are also important resources used by computational methods to construct candidate miRNA
sponge interactions since protein-coding RNA transcripts can act as miRNA sponges.
miRNA-target binding databases can be divided into two types: those contain experimentally
validated target bindings and those with predicted miRNA-mRNA interactions.
Experimentally validated miRNA-mRNA binding databases mainly include miRTarBase [56],
Tarbase [57], miRecords [58] and miRWalk [59]. In addition to starBase [49], the commonly
used predicted miRNA-mRNA binding databases are TargetScan [48], miRanda [60],
MicroCosm [61], PicTar [62], DIANA-microT [63], PITA [64] and CLASH [65]. Users can
choose independent databases or combine multiple databases as initial structure of

computational methods to identify candidate miRNA sponge interactions.

A COMPARISON STUDY WITH A BREAST CANCER DATASET

In this section, we conduct a case study to compare the relative performance of four
representative methods mentioned in the above section using the breast cancer dataset from

Paci et al. [13].

Dataset

The dataset contains the expression profiles of 72 tumors with matched normal samples for
miRNAs, IncRNAs, and mRNAs. A miRNA, IncRNA or mRNA which has missing values in
more than 50% of the samples is removed from the data set. All the remaining missing values

16



are imputed using the k-nearest neighbours (KNN) algorithm as implemented in the R-
package impute. As a result, the dataset contains 453 miRNAs, 1084 IncRNAs and 11217

MRNAS in72 matched tumour and normal tissues.

We perform differential expression analysis on the expression profiles using the limma [66]
package of Bioconductor to identify differentially expressed miRNAs, IncRNAs and mRNAs
between tumour and normal tissues in the dataset. After the analysis, 278 miRNAs (adjusted
p-value < 0.01, adjusted by Benjamini & Hochberg method), 404 IncRNAs (adjusted p-value
<10E-04) and 5602 mRNAs (adjusted p-value <10E-04) are identified to be differentially

expressed at significant level.

Computational methods for identifying miRNA sponge interactions

Since the computational methods in the third category (mathematical modelling approach)
only quantitatively describe a minimum or small miRNA sponge interaction network, it is
only applied to study a small number of miRNA sponge interactions. Therefore, in this study,
we only compare the performance of four well-used computational methods in the first two
categories (pair-wise correlation and partial association approach) for identifying miRNA
sponge interactions. The methods are Positive Correlation [33, 34], Conditional Mutual
Information [21], Partial Pearson Correlation, and Sensitivity Partial Pearson Correlation [13].
The four methods have two main steps, generating the candidate miRNA sponge interactions

and evaluating the miRNA sponge interactions. We describe these steps in the following.

Generating candidate miRNA sponge interactions

The four computational methods have the same first step of generating the candidates of

MIiRNA sponge interactions. They use putative miRNA target information and
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hypergeometric test to identify candidate miRNA sponges which are expected to have a

significant number of shared miRNAs.

In our study, we firstly use the putative target binding information in starBase v2.0 [49] to
generate putative miRNA-mRNA and miRNA-IncRNA relationships among the differentially
expressed miRNAs, INcRNAs and mRNAs in the dataset. We set the minimum number of
shared miRNAs to two. Then the hypergeometric test is conducted to evaluate the
significance of the shared miRNAs for each possible gene pairs (INCRNA-INCRNA, IncRNA-
MRNA, and mMRNA-mRNA). Those gene pairs with p-value < 0.05 are selected as candidate

miRNA sponge interaction pairs.

Evaluating miRNA sponge interactions

In this step, the methods use different strategies to select significant miRNA sponge

interactions.

The first method, Positive Correlation (PC) [33, 34], is based on the positive correlation
between the expression levels of a pair of miRNA sponges. Applying the method, we
evaluate the candidate miRNA sponge interactions by computing the Pearson correlation
coefficients of a pair of miRNA sponges using their expression data. The positively
correlated miRNA sponge interaction pairs with p-value<0.05 are regarded as significant

miRNA sponge interaction pairs.

The second method, Conditional Mutual Information (CMI), is based on conditional mutual
information to estimate the effect of a miRNA sponge on its competing miRNA sponges [21].
The method evaluates candidate miRNA sponge interaction pairs by estimating the statistical
significance of the difference between the conditional mutual information between the
expression levels of a miRNA and its target (conditional on the expression level of the

miRNA sponge) and the (unconditional) mutual information of the miRNA and target
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expression levels. Specifically, given a miRNA sponge (C), a miRNA (M), and a target of the
miRNA (T), the method estimate the statistical significance ofA =I[M;T|C]-I[M;T] from

matched miRNA and gene expression profiles using a variety of CMI estimators. The
miRNA sponge interaction pairs with p-value<0.05 are regarded as significant miRNA

sponge interaction pairs.

The third method, Partial Pearson Correlation (PPC), is similar to the second method [21] but
it uses PPC rather than CMI to estimate the effect of a miRNA sponge on its competing
miRNA sponges. The method evaluates candidate miRNA sponge interaction pairs by
estimating the statistical significance of the difference between the PPC of the miRNA
expression level and the target expression level (conditional on the expression level of
miRNA sponge) and the Pearson correlation (PC) of the expression levels of the miRNA and
target. Specifically, given a miRNA sponge (C), a miRNA (M), and a regulated target (T),

The statistical significance of the difference,A =PPC[M;T|C]-PC[M;T] can be estimated

from matched miRNA and gene expression profiles using a variety of PPC estimators. The
miRNA sponge interaction pairs with the statistical significance p-value<0.05 are regarded as

significant miRNA sponge interaction pairs.

The last method, Sensitivity Partial Pearson Correlation (SPPC), is based on the PPC to
estimate the contributed effect (sensitivity) of the miRNA in a miRNA sponge-miRNA-target
triplet [13]. Applying the method, we evaluate candidate miRNA sponge interaction pairs by
estimating the sensitivity correlation (S) between the partial Pearson correlation (PPC) of
MIiRNA and target expression levels (conditional on the expression level of miRNA sponge)
and the Pearson correlation (PC) of miRNA and target expression levels. Specifically, given

a miRNA sponge (C), a miRNA (M), and a regulated target (T), the sensitivity correlation
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between PPC[T;C|M] and PC[T;C] is estimated. The miRNA sponge interaction pairs with

S$>0.3 are regarded as significant miRNA sponge interaction pairs.

Comparison results

The numbers of significant miRNA sponge interactions identified by the four methods are
very different. In total, the four methods identified 1274708, 509504, 702029, and 99662
interactions respectively. Moreover, as shown in Figure 3, the numbers of various types of
miRNA sponge interactions (INCRNA-INcCRNA, INcRNA-mRNA and mRNA-mRNA)
identified by the four computational methods are also very different. There are a significant
number of miRNA sponge interactions that are inferred by a single method only, and only a
small fraction of mMiRNA sponge interactions are shared by the four methods. This implies
that different methods may have their own merits, but they may also have a high rate of false
discoveries. The first potential reason of high false discoveries is that some miRNA sponges
are false or indirect targets of miRNAs, and they are also considered to identify miRNA
sponge interactions. Another potential reason is that the correlations of some identified
miRNA sponge interactions are sensitive to the number of samples, and they randomly show
high correlations. Nevertheless, it is noted that the common miRNA sponge interactions
predicted by all the four methods may be regarded as high-confidence miRNA sponge

interactions.

Since the study of miRNA sponge interaction networks is still at the exploratory stage and the
ground truth for validating computational predictions is limited. We combine the
experimentally validated miRNA sponge interactions in Table 1 with the newly emerged
database, miRSponge [55], and compare the ability of the methods in recovering these
confirmed interactions. The last column in Table 4 shows experimentally confirmed

interactions identified by each method. As we can see from Table 4, the PC method identified
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the largest number of confirmed interactions, with four interactions related to PTEN. A
possible reason is that the PC method is based on positive correlations and it has identified
the largest number of interactions (1274708). Interestingly, the CMI method identified three
confirmed interactions, but the PPC method could not find any confirmed interactions. As
PPC assumes linear relationships between variables, the results suggest that the relationships

between variables may not be linear.

We conducted the enrichment analysis to explore the number and percentage of the miRNA
sponge interactions associated with breast cancer identified by each method. We define breast
cancer related miRNA sponge interactions as those in which the two interacting miRNA
sponges are breast cancer related genes. To obtain a list of breast cancer related miRNA
sponges, we create a list of genes and IncRNAs associated with breast cancer from a wide
range of sources of experimentally validated databases. The list of breast cancer genes is
collected from COSMIC v74 [67], GAD [68], OMIM [69], BCGD [70] and G2SBC [71]. The

breast cancer IncRNAs are obtained from LncRNADisease [72] and Lnc2Cancer [73].

As shown in Table 4, the numbers of breast cancer related miRNA sponge interactions
discovered by the four methods respectively are not strictly correlated with the total numbers
of the interactions identified by the four methods respectively. PC identifies the largest
number of breast cancer related miRNA sponge interactions but the lowest percentage of
breast cancer related miRNA sponge interactions. SPPC is the best method in terms of the

percentage of discovered miRNA sponge interactions associated with breast cancer.

The results of the comparison study indicate that the methods should be used

complementarily.

21



DISCUSSIONS AND CONCLUSION

Identifying miRNA sponge interactions with computational methods is an emerging research
area. miRNA sponge interactions have been found to be involved in many diseases including
cancer. Their cross-talk is changing our understanding and approaches to elucidating disease
mechanisms. In this paper, we have reviewed the recent computational approaches for

identifying miRNA sponge interactions.

As the research into miRNA sponge interactions has just emerged, we do not have the ground
truth to validate the computational predictions. Our evaluations in the case study are simply
the enrichment analysis, and they are not sufficient to conclude about the performance of the
computational methods. Comprehensive databases for experimentally confirmed miRNA

sponge interactions are hence in demand.

Our case study of the methods with the breast cancer dataset shows that the methods generate
different sets of prediction results, suggesting that the methods may have their own merits but
may also involve a high rate of false discoveries, and they should be used complementarily

such as using an ensemble method [74].

Currently the relationships between miRNA sponge interactions and diseases are still unclear.
Although the roles and functions of miRNAs in disease development have been well studied,
insights into the roles of miRNA sponges in diseases are needed. Similar to miRNA research,
the computational methods would help generate hypotheses for wet-lab experiments to

elucidate the roles of miRNA sponges in a particular disease.

One of the challenges for computational methods of studying miRNA sponge interactions is
that the number of candidate miRNA sponges in a dataset is large. Different from miRNA

target research which only considers a set of possible targets for the miRNAs, we need to
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consider all types of miRNA sponges (IncRNAs, pseudogenes, cirRNAs, coding genes, etc.)
competing for the same miRNAs when studying miRNA sponge interactions. The reason is
that all types of miRNA sponges could become potential competitors of target genes for the
miRNAs. Therefore, a good computational method should include different types of miRNA
sponges in the model. On the other hand, this leads to the high computation complexity of the
model. A possible solution is that we filter non-competitive miRNA sponges, e.g. ones with
low expression level, before inferring their regulatory relationships. Another alternative
solution is to study the miRNA sponge interaction for a specific disease by pre-selecting the

miRNA sponges associated with the disease based on public databases.

Moreover, differential gene expression analysis that has been used frequently in miRNA
research may not be suitable for identifying miRNA sponge interactions. The reason is that
the RNAs that are not differentially expressed may contribute to a number of MREs that will
affect the amount of the miRNAs available for bindings. Therefore, only using differentially
expressed RNAs would affect the accuracy of the computational methods, but using all RNAs
would significantly increase the computational complexity of the methods. Given this
dilemma, it is necessary to find a trade-off between the accuracy and the computational

complexity of the computational methods.

Another challenge of miRNA sponge computational methods is that the number of samples in
matched expression profiles is usually small, especially when we include multiple types of
RNAs. Small sample size does not support the statistical significance of the findings. Similar
to miRNA research, we may use bootstrapping or permutation methods to address this
problem. Furthermore, existing methods use the association/correlation between miRNA

sponges to infer their regulatory relationships. The correlation may not imply the causal

23



relationship between the miRNA sponges. Therefore, it is necessary to develop causal

discovery based methods to identify miRNA sponge interactions.

In summary, the research into miRNA sponges is emerging and it is an interesting and

important area. However, there are both opportunities and challenges for designing

computational methods of exploring miRNA sponge functions.
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Figure legend

Figure 1. miRNA sponge mechanism. The four types of miRNA sponges are shown (in red), each
containing binding sites (red short rectangles) for a miRNA of interest (red semi-circle). (A) The
miRNA sponges have lost the competition, the target mRNA (in purple) will be post-transcriptionally
repressed by the miRNA and degraded. (B) The miRNA sponges have won the competition, the
miRNA is freed from regulating the target mMRNA, and the target mMRNA will be released of
repression and translated into protein (purple structure).

Figure 2. The number of ceRNA or miRNA sponge related publications in the past 8 years. The
number of related publications is from PubMed library with the keyword ‘ceRNA’ or ‘miRNA
sponge’.

Figure 3. Overlaps and differences between miRNA sponge interactions identified by PC, CMI, PPC,
and SPPC. (A) IncRNA-IncRNA interactions. (B) IncRNA-mRNA interactions. (C) mMRNA-mRNA
interactions.
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Tables

Table 1: The experimentally confirmed miRNA sponges. Most of them are extracted from [28]. In the Table, “:” stands for “competing with”.

miRNA sponges species Involved miRNA sponges Shared miRNAs Diseases or processes References
LncRNA linc-MD1 : MAML1 miR-133 Governs the time of muscle [9]
differentiation
linc-MD1 : MEF2C miR-135 Governs the time of muscle [9]
differentiation
linc-RoR : (NANOG , OCT4, SOX2) miR-145 ES cell pluripotency and self- [14]
renewal
HULC : PRKACB miR-372 Hepatocellular carcinoma [15]
PTCSC3 : targets of miR-574-5p miR-574-5p Thyroid cancer [16]
H19 : targets of let-7 family let-7 family Causes precocious muscle [17]
differentiation
IPS1: PHO2 miR-399 Controls phosphate starvation [18]
responses and homeostasis
Pseudogene PTENP1 : PTEN miR-17, miR-19b, miR-20a, miR- Controls downstream PI3K [10]
21,miR-26 and miR-214 family signalling and cell proliferation in
several cancers
FOXO3B : FOX03 miR-182 Prostate cancer [10]
KRASIP : KRAS miR-143 and let-7 family Prostate cancer [10]
Pbcas4 : BCAS4 miR-185 Post-transcriptional role of its [19]
protein-coding gene ancestor
CircRNA CDR1as/ciRS-7 : targets of miR-7 miR-7 Impairs midbrain development in a [11,12]
manner analogous to miR-7
knockdown
Sry : targets of miR-138 miR-138 The testis-determining gene [11]
interacts with miR-138 to function
as miR-138 sponge
Coding RNAs CNOT6L : PTEN miR-17, miR-19a, miR-19b, miR- Prostate cancer [20]
20a, miR-20b and miR-106b
VAPA : PTEN miR-17, miR-19a, miR-20a, miR- Prostate cancer [20]
20b, miR-26b, miR-106a and miR-
106b
(ABHD13, CCDCS6, CTBP2, DCLK1, DKK1, HIAT1, 32 common miRNAs Glioblastoma [21]
HIF1A, KLF6, LRCH1, NRAS, RB1, TAF5 and
TNKS2) : PTEN
ZEB2 : PTEN miR-25, miR-181, miR-200b, miR- Melanoma [22]
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VCAN : (Rbl and PTEN) miR-144, miR-136 and miR-199a-3p | Breast cancer [23]

CD44 : CDC42 miR-216a, miR-330 and miR-608 Breast cancer and many other [24]
cancers

CD44 : FN1 miR-491, miR-512-3p and miR-671 | Induces metastasis by regulating [25]
extracellular matrix functions

CD44 : Collal miR-328 Induces metastasis by regulating [25]
extracellular matrix functions

CD34: VCAN miR-133a, miR-144 and miR-431 Hepatocellular carcinoma [26]
development

FN1:VCAN miR-133a, miR-199a-3p and miR- Cell proliferation [26, 27]

431
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Table 2: summary of computational approaches for identifying miRNA sponge interaction networks.

Methods | Type of methods | Brief description Data sources Notes Software tool
Zhou et Pair-wise Explore the breast-cancer-specific miRNA sponge . Matched miRNA . Suitable for inferring Upon request
al.[33] correlation interaction network in matched miRNA and gene and gene expression data. cancer-specific miRNA
expression data. sponge interaction networks
. Putative miRNA- in heterogeneous data,
o Extract significant miRNA sponge interaction target interactions. including expression data
pairs by checking whether they share the similar and miRNA-target binding
set of miRNAs using hypergeometric cumulative information.
distribution test. The positively correlated RNAs
are then predicted as miRNA sponges.
. Survival analysis shows that the hub genes in
the miRNA sponge interaction network are
candidate biomarkers in breast cancer.
Xu et al. Pair-wise Construct the cancer related miRNA sponge interaction | e Ago CLIP- . Provide a systematic Upon request
[34] correlation networks for 20 cancer types. supported miRNA-target analysis of the mMRNA
interactions, cancer- related miRNA sponge
. Extract significant miRNA sponge interaction associated miRNAs, and interaction landscape across
pairs by checking whether they share the same genes related with cancer 20 major cancer types.
miRNAs using hypergeometric cumulative hallmarks.
distribution test. The positively correlated RNAs
are then predicted as miRNA sponges. . Genome-wide
protein coding expression
. Identify common interactions and conserved profiles across 20 major
hubs in the 20 cancer types, as well as the specific cancers.
interactions for each cancer.
Shao et Pair-wise Identify dysregulated miRNA sponge interactions by . Matched miRNA . Provide a method to Upon request
al. [35] correlation integrating expression profiles and putative miRNA- and gene expression data. identify modules of

target interactions.

. Extract significant miRNA sponge interaction
pairs by checking whether they share the similar
set of miRNAs using hypergeometric cumulative
distribution test. The positively correlated RNAs
are then predicted as miRNA sponges.

o Identify dysregulated miRNA sponge

. Putative miRNA-
target interactions, list of
lung cancer genes,
IncRNAs and miRNAs.

biomarkers from the
dysregulated miRNA
sponge interaction network.
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interactions by checking whether the correlation
coefficients are significantly different in cancer
and normal samples.

Chui et
al. [36]

Pair-wise
correlation

Construct the optimal miRNA sponge regulatory
network by combining expression profiles and putative
miRNA-target interactions.

. Calculate pairwise correlation coefficients of
putative miRNA sponge interaction pairs from
gene expression data using Pearson.

. Partition the pairwise correlation coefficients
into different groups based on the states of each
essential factor of putative miRNA sponge
interaction pairs, and identify optimal miRNA
sponge interaction pairs using the two-sample
Kolmogorov-Smirnov test.

. Matched miRNA

and gene expression data.

. Putative miRNA-
target interactions.

Provide a method to
identify the optimal miRNA
sponge regulatory network.

Upon request

Paci et
al.[13]

Partial association

Explore the role of IncRNAs as miRNA sponges by
sequestering mRNAs from miRNA repression or
degradation in matched miRNA and gene expression
data.

. Compute for each (INcRNA, miRNA,
mRNA) triplet the difference between the Pearson
correlation of (INcRNA, mRNA) and partial
correlation (InNcRNA, mRNA|miRNA) to examine
the contribution of the miRNA into the relationship
between IncRNA and mRNA.

. Compare the miRNA sponge interaction
network in normal and tumor samples

. Matched miRNA

and gene expression data.

A good method for
inferring miRNA sponge
interaction networks in
multiple biological
conditions.

Upon request

Sumazin
et al.[21]

Partial association

Investigate the ability of coding and non-coding RNAs
to act as miRNA sponges in a large set of matched
miRNA and gene expression profiles.

. Consider RNA-RNA pairs sharing a
significant overlap of common miRNAs, and
combine expression data with predicted miRNA-
target regulatory interactions to identify the

. Matched miRNA

and gene expression data.

o Predicted miRNA-
target interactions.

Suitable for inferring
cancer-specific miRNA
sponge interaction networks
in heterogeneous data,
including expression data
and miRNA-target binding
information.

http://wiki.c2b2.columbia.edu/
califanolab/index.php/Softwar
e/HERMES
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mediated RNA-miRNA-RNA triplets.

. Estimate statistical significance of
information divergence between the mutual
information (MI) and conditional mutual
information (CMI) to identify miRNA sponge
modulators.

Chui et Partial association | Integrate sequence-based evidence and functional clues | e 3'UTR sequence of | e Allow users to http://sourceforge.net/projects/
al.[37] from RNA and miRNA expression analysis to mRNA and miRNA simultaneously identify cupidtool/
simultaneously reconstruct miRNA-target and miRNA sequence. miRNA-target interactions
sponge interaction network. and miRNA-mediated
. Matched miRNA sponge interactions.
. Evaluate candidate miRNA binding sites in and gene expression data,
3’ UTR. and protein expression
data.
. Integrate information about selected miRNA
binding sites, their multiplicity, and the statistical
dependency between miRNA and gene expression.
. Assessing whether inferred targets compete
for miRNAs to infer miRNA sponge interaction
networks.
Figliuzzi Mathematical Study a minimal, rate-equation-based model to describe | Simulation data . Provide a clear Upon request
etal.[38] | modelling the cross-talk between miRNA sponges arising from quantitative understanding
completion at steady state through a systematic of miRNA-mediated sponge
analytical characterization of the sensitivity to small effect from mathematical
changes in the transcription rates. models.
Bosia et Mathematical Propose a stochastic model to analyse the equilibrium . Simulation data . Provide a clear Upon request
al.[39] modelling and out-of- equilibrium properties of miRNA sponge qualitative and quantitative
interaction network between miRNAs and mRNAs. understanding of miRNA-
mediated sponge effect
from mathematical models.
Ala et Mathematical Present a mass-action model to determine the optimal . Putative miRNA- . Allows for miRNA Upon request
al.[40] modelling conditions for miRNA sponge activity in silico. target interactions. sponge identification and

. Define a miRNA sponge interaction network
linking two miRNA sponges if one miRNA sponge
is within the top 40 genes in terms of the distance

Conserved
coexpression networks of
RNA-RNA interactions.

qualitative miRNA-
mediated sponge
interactions predictions.
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from the other miRNA sponge and vice versa.

. Refine miRNA sponge interaction network
by removing all edges not existed in the conserved
coexpression networks.

Yuan et
al. [41]

Mathematical
modelling

Establish a coarse-grained model for a minimum
miRNA sponge interaction network to quantitatively
analyse the behaviour of miRNA sponge regulation.

. Validate the computational results by using
synthetic gene circuits in HEK293 cells.

Simulation data

Provide a clear
quantitative understanding
of miRNA-mediated sponge
effect from mathematical
models and synthetic gene
circuits.

Upon request
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Table 3: summary of databases for miRNA sponge interactions.

Databases Type of databases Brief description Data source Notes Link
ceRDB Computational o Predict miRNA sponges for specific . 3'UTR sequence of The first miRNA sponge | http://www.oncomir.um
prediction mRNAs targeted by miRNAs by examining the mRNA and miRNA interactions database. n.edu/cefinder/
co-occurrence of miRNA response elements in sequence.
the mRNAs on a genome-wide basis. Allow users to indentify
miRNA sponge for a given
MRNA target based on the
homology of miRNA binding
sites present in the 3'UTR
seguence.
starBase Computational Use hypergeometric test to evaluate whether each . Large-scale CLIP- Allow user to browse the | http://starbase.sysu.edu.
prediction miRNA sponge pair share significant common Seq (HITS-CLIP, PAR- predicted miRNA sponge pairs | cn/
miRNA:s. CLIP, iCLIP, CLASH) or regulatory networks by
data and tumor samples integrating the interactions from
o Utilise HITS-CLIP, PAR-CLIP, iCLIP (14 cancer types, >6000 potential MIRNA targets
and experiment results of 108 datasets from 37 samples). (miRanda/mirSVR) overlapping
studies and tumour samples (14 cancer with CLIP-Seq data.
types, >6000 samples) to explore miRNA . Predicted miRNA-
sponge interactions. target interactions
InCeDB Computational Provide a database of human IncRNAs that can . Putative miRNA- Not only browse for http://gyanxet-
prediction potentially act as miRNA sponges. target interactions, common miRNAs of IncRNA- beta.com/Incedb/
miRNA-IncRNA mRNA pairs, but also compare
o Calculating miRNA sponge score from interactions and mapped the expression of the pair in 22
the ratio of the number of shared MREs AGO clipped regions of human tissues to estimate the
between the miRNA sponge pair with the total the targets. chances of the pair for actually
number of MREs of the individual candidate being miRNA sponges.
gene. . Tissue specific
miRNA, IncRNA and
o Determining p-value for each miRNA mRNA expression data.
sponge pair by hypergeometric test using the
number of shared miRNASs between the
miRNA sponge pair against the number of
miRNAs interacting with the individual RNASs.
LncACTdb Computational Provide a database of human IncRNA-associated . Computationally Allow user to browse, http://www.bio-

prediction

competing triplets.

predicted or

search, and download IncRNA

bigdata.net/LncACTdb/
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. Predicting IncRNA related miRNA
sponge interactions by integrating data from
several in silico target prediction studies,
Argonaute-CLIP experiments, and expression
profiles from transcriptome sequencing.

experimentally supported
miRNA regulatory
interactions

Expression profiles
of IncRNA, miRNA and
gene from transcriptome
sequencing

related miRNA sponge
interactions.

Provide three tools called
LncACTFun, LncACTGet and
LncACTView, to open an
IncACTs function location map
within Gene Ontology-directed
Acyclic Graph and KEGG
pathways, generatelncACTSs for
user-customized expression
profiles, and browse genome-

wide IncACTs.
HumanViCe | Computational Develop a comprehensive database to provide the . Human and viral Users can browse for http://gyanxet-
prediction potential miRNA sponge networks in virus infected mature miRNA sequence viral miRNA targets on host beta.com/humanvice
human cells. data, miRNA sequences protein-coding and non-coding
from 11 virus species genes by choosing a particular
. Conduct Gene ontology (GO) and known to infect human, virus, view details of the targets
pathway enrichment analysis of the genes and human IncRNAs and by choosing a particular viral
comprising the miRNA sponge networks in the circRNA sequence data. miRNA, and check the potential
virus infected cells. miRNA sponges for a chosen
transcript.
o Identify a vast number of non-coding
transcripts playing as potential miRNA sponges Users can download the
to the immune response associated genes. results of pathway enrichment
analysis for the genes
comprising the miRNA sponge
networks for each of the 10
viruses after searching by a
particular virus name.
miRSponge Experimental The first experimentally validated miRNA sponge . 599 sponge-miRNA Provide a user-friendly http://www.bio-

confirmation

interactions database, and miRNA sponges include
IncRNAs, pseudogenes, circRNAs, coding RNASs,
viral RNAs and artificial engineered sponges.

interactions and 463
miRNA sponge
associations in 11 species,
following manual curating
from nearly 1000 articles.

interface for convenient
browsing, retrieval and
downloading, and offer a
submission page for newly
validated miRNA-sponge and
miRNA sponge association
data.

bigdata.net/miRSponge/
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Table 4: comparison of four methods in identifying experimentally confirmed and breast cancer related miRNA sponge interactions.

Methods # interactions # breast cancer interactions Percentage of breast cancer interactions Validated miRNA sponge interactions
CNOT6L: PTEN, CCDC6: PTEN,
oC 1974708 46716 3.66% LRCHL1: PTEN, ZEB2: PTEN,
' AFF1: PTEN, RUNXL:PTEN,
SERINC1:PTEN
CNOTG6L: PTEN, TNKS2: PTEN,
CMI 509504 20082 3.94% ZEB2: PTEN, AFF1: PTEN,
RUNXZ1:PTEN
PPC 702029 26803 3.82% /
SPPC 99662 4223 4.24% CNOT6L: PTEN, ZEB2: PTEN
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