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Abstract

Competitive endogenous RNA (ceRNA) represents a novel mechanism of gene regulation
that controls several biological and pathological processes. Recently, an increasing number
of in silico methods have been developed to accelerate the identification of such regulatory
events. However, there is still a need for a tool supporting the hypothesis that ceRNA regula-
tory events only occur at specific miRNA expression levels. To this end, we present an R
package, ceRNAR, which allows identification and analysis of ceRNA-miRNA triplets via
integration of miRNA and RNA expression data. The ceRNAR package integrates three
main steps: (i) identification of ceRNA pairs based on a rank-based correlation between
pairs that considers the impact of miRNA and a running sum correlation statistic, (ii) sample
clustering based on gene-gene correlation by circular binary segmentation, and (iii) peak
merging to identify the most relevant sample patterns. In addition, ceRNAR also provides
downstream analyses of identified ceRNA-miRNA triplets, including network analysis, func-
tional annotation, survival analysis, external validation, and integration of different tools. The
performance of our proposed approach was validated through simulation studies of different
scenarios. Compared with several published tools, ceRNAR was able to identify true ceRNA
triplets with high sensitivity, low false-positive rates, and acceptable running time. In real
data applications, the ceRNAs common to two lung cancer datasets were identified in both
datasets. The bridging miRNA for one of these, the ceRNA for MAP4K3, was identified by
ceRNAR as hsa-let-7c-5p. Since similar cancer subtypes do share some biological patterns,
these results demonstrated that our proposed algorithm was able to identify potential
ceRNA targets in real patients. In summary, ceRNAR offers a novel algorithm and a compre-
hensive pipeline to identify and analyze ceRNA regulation. The package is implemented in
R and is available on GitHub (https://github.com/ywhsiac/ceRNAR).

Author summary

The gene expression regulating mechanisms in humans are complex as many regulators
are highly connected and are compensatory to each other. Not to mention, a large

PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi. 1010497  September 9, 2022

1/22


https://orcid.org/0000-0003-4636-5200
https://orcid.org/0000-0003-3697-0386
https://github.com/ywhsiao/ceRNAR
https://doi.org/10.1371/journal.pcbi.1010497
http://crossmark.crossref.org/dialog/?doi=10.1371/journal.pcbi.1010497&domain=pdf&date_stamp=2022-09-21
http://crossmark.crossref.org/dialog/?doi=10.1371/journal.pcbi.1010497&domain=pdf&date_stamp=2022-09-21
http://crossmark.crossref.org/dialog/?doi=10.1371/journal.pcbi.1010497&domain=pdf&date_stamp=2022-09-21
http://crossmark.crossref.org/dialog/?doi=10.1371/journal.pcbi.1010497&domain=pdf&date_stamp=2022-09-21
http://crossmark.crossref.org/dialog/?doi=10.1371/journal.pcbi.1010497&domain=pdf&date_stamp=2022-09-21
http://crossmark.crossref.org/dialog/?doi=10.1371/journal.pcbi.1010497&domain=pdf&date_stamp=2022-09-21
https://doi.org/10.1371/journal.pcbi.1010497
https://doi.org/10.1371/journal.pcbi.1010497
https://doi.org/10.1371/journal.pcbi.1010497
http://creativecommons.org/licenses/by/4.0/
https://github.com/ywhsiao/ceRNAR
https://github.com/ywhsiao/ceRNAR

PLOS COMPUTATIONAL BIOLOGY Development of ceRNAR package, a R tool for identifying ceRNA events

domains (GDG data portal: https:/portal.gdc.
cancer.gov/).

Funding: This study was partly supported by
grants from the Ministry of Science and
Technology, Taiwan (MOST-106-2314-B-002-134-
MY2 (recipient: TPL), MOST-108-2314-B-002-103-
MY?2 (recipient: TPL), and MOST-109-2314-B-002-
151-MY3, recipient: TPL), and the “National Taiwan
University Higher Education Sprout Project (NTU-
110L8810, recipient: TPL)” within the framework of
the Higher Education Sprout Project by the Ministry
of Education (MOE) in Taiwan. The funders had no
role in study design, data collection and analysis,
decision to publish, or preparation of the
manuscript.

Competing interests: The authors have declared
that no competing interests exist.

proportion of the potential interactions between miRNA and gene expression remain
unclear due to the challenges and difficulties of performing biological experiments to vali-
date them. With the advancement in high-throughput genomic technologies, massive
data of different molecules can be generated within a short period of time. However, uti-
lizing such massive data towards unveiling the regulatory relationships through computa-
tional methods and statistical models poses a bottleneck. To address this issue, we present
an R package, ceRNAR, that enables researchers to explore and identify potential compet-
ing endogeneous RNA (ceRNA) events through three consecutive steps, and provides
novel biological insights into the analytical results. ceRNA constitutes of a set of different
RNAs that compete with messenger RNA for interacting with a given miRNA, towards
gene expression regulation. Through our proposed tool, users can avail a novel algorithm
and a comprehensive pipeline for identifying novel regulators and interactions among
miRNA and messenger RNA that may potentially explain biological and pathological
processes.

Introduction

Regulation of gene expression can occur at multiple levels via both transcriptional and post-
transcriptional mechanisms [1]. Many non-coding RNAs have critical roles in post-transcrip-
tional regulation of protein-coding genes [2]. MicroRNAs (miRNAs) are short, non-coding,
single-stranded RNAs with ~22 nucleotides. They usually bind protein-coding genes via partial
complementarity with many miRNA response elements (MREs) to repress gene expression by
inhibiting translation. Previous studies have shown that miRNAs are involved in a broad
range of cancer-associated biological processes, including apoptosis, proliferation, metastasis,
and angiogenesis [3]. Similar to gene expression, miRNA expression has cancer-specific pat-
terns that can be used to detect cancers. Therefore, the expression values of RNA can serve as
diagnostic, prognostic, or therapeutic biomarkers in a diverse range of cancers [4].

The concept of competing endogenous RNAs (ceRNAs), also called miRNA sponges or
miRNA decoys, has revolutionized our knowledge of miRNA regulatory mechanisms. Such
RNAs include canonical protein-coding messenger RNAs (mRNAs), long non-coding RNAs
(IncRNAs), circular RNAs (circRNAs), and pseudogenes [5]. Their mechanism is to compete
with miRNAs for binding their regulatory sequences. There are two primary hypotheses
regarding the regulatory function of ceRNAs, based on their expression level or their number
of MREs [6]. Taking miRNA-mRNA regulation for example (i.e., where two mRNAs act as
ceRNAs that can bind to the same miRNA), the first hypothesis is that the miRNA tends to be
sequestered by the mRNA with the higher expression level, leading to weakened inhibitory
effects of the miRNA on the other mRNA and thus increasing the expression of the other
mRNA under the assumption of equal MREs on the two RNAs. The second hypothesis is that
the miRNA has a greater affinity for the mRNA with more MRE:s in its sequence.

Some ceRNAs have been identified in multiple cancers; for instance, PTEN is an important
tumor suppressor gene that was also reported to encode ceRNA in prostate cancer [7], glio-
blastoma [8], and melanoma [9]. This suggests that elucidating ceRNAs can improve the
understanding of biological mechanisms in regulating cancer cells. However, using biological
experiments to identify ceRNAs is time-consuming and labor-intensive. To address this issue,
an increasing number of computational methods have been developed for identifying ceRNAs.

The traditional algorithm is based on the probability theory that two mRNAs share miR-
NAs and their binding sites (i.e., MREs) [10, 11]. A hypergeometric test is applied to find out if
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the probability of binding of an mRNA to a given miRNA is larger than that which would
occur by chance. However, such an approach usually uses a selected threshold to choose signif-
icant genes and takes only these genes into consideration; it may not extend to the whole-
genome level and fails to consider the correlation among genes because this approach treats
each gene independently [12].

Recently, because of the popularity of and advances in genomic sequencing technology,
more and more mRNA and miRNA gene expression profiles at the whole-genome level have
been released publicly [13-15]. However, the analytical results of such continuous data may
tend to be sensitive to the outliers in the sample and to the size of the dataset [16]. Therefore, a
second approach has been developed based on the observation of linear correlations between
pairs of mRNAs that suggest they have a higher chance of competing with a specific miRNA
[17-19]. Unfortunately, such a method ignores the contribution of the expression of the
miRNA in a ceRNA binding event. Additionally, it also uses a permutation test to estimate
mRNA pairs with significant correlation results; sometimes, it has a higher computational
cost. To overcome these drawbacks, in this study, we present a novel rank-based algorithm
considering the contribution of miRNA expression in a ceRNA binding event and extending
the pairwise correlation approach to identify ceRNA-miRNA triplets. All the steps in this algo-
rithm have been incorporated into a user-friendly R package called ceRNAR, which also pro-
vides several downstream analyses to further interpret the biological meaning of identified
ceRNA events for its users.

Results
Simulation results

To evaluate the performance of our proposed method, simulations of mRNA and miRNA
expression data in 100 samples were performed in different scenarios (S1 Table). Notably, we
focused on the sensitivity and the positive predictive value (PPV) because the number of
ceRNA triplets was small among all possible combinations of triplets.

In the beginning, we presumed the sample distribution of each gene follows normal distri-
bution because about 98% of genes’ sample distributions passed the normality test based on
9,835 samples in The Cancer Genome Atlas (TCGA) pan-cancer atlas (S1 Fig). Therefore, we
firstly presumed synthetic expression data were generated from a multivariate normal distribu-
tion with a mean value of 0 and a covariance matrix whose entries are 0.9. This ensured that
the ceRNAR algorithm supports the hypothesis that pairs of ceRNA binding partners of a spe-
cific miRNA are highly correlated and that it works well to sensitively identify them among a
pool of target pairs. However, it is unclear whether such an event between two target genes
would occur at the lower or higher expression of a specific miRNA. Therefore, five scenarios
were designed to capture how the molecular elements within a triplet interact with each other,
and simulations of different parameters were performed. Notably, the number of identified
ceRNAs dropped as the window size increased (52 and S3 Tables, Fig 1). This is because more
uncorrelated samples were included in the analysis when longer window sizes were used, espe-
cially larger than 30%. In other words, higher noise was included in the analysis, resulting in
difficulty in identifying true ceRNA triplets. Next, we simulated different scenarios in which
the ceRNA peak was located at different miRNA expression levels (scenarios 1 to 4). As shown
in S2 Table and Fig 1A, the performance of our proposed algorithm was highly similar across
the four scenarios with true ceRNA signals. Such performance also was shown when removing
the permutation test (Fig 1B and S3 Table). Lastly, to reduce the calculation complexity and
computation time, we evaluated the performance of the algorithm without the random walk
step, which we called the “fast” version. Only minor differences were observed in these two
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Fig 1. Performance of our proposed method in four scenarios (1 to 4). (A) The complete version. (B) The fast version. The numbers in blue represent the
average number of identified ceRNA-miRNA triplets after 100 simulations.

https://doi.org/10.1371/journal.pchi.1010497.9001

versions (0.1 to 0.25 in terms of PPV value, S2 and S3 Tables), suggesting that both versions
were able to identify true ceRNA triplets without reporting high false positive results (Fig 1).
In addition to the analytical parameters for the algorithm, a simulation of different propor-
tions of the correlated samples was performed. Because no major differences were observed in
the simulated scenarios and running versions, only scenario 3 was evaluated in this round of
testing. As shown in S4 Table, four settings for the proportion of correlated samples were ana-
lyzed (10%, 20%, 30%, and 40%). Notably, the proposed algorithm showed similar perfor-
mance in the three highest settings (Fig 2A).

To further examine whether more false positive ceRNA triplets are reported in the fast ver-
sion, a null scenario without a true ceRNA signal was simulated (scenario 5). The results
showed that the negative predictive values of these versions were all higher than 0.9 (S1 and S2
Tables), suggesting there is a low chance of identifying false positive signals in both versions of
the algorithm (Fig 2B). Subsequently, we examined how much time can be saved by using the
fast version of the proposed algorithm, which omitted the random walk step. On average, the
fast version accelerated the algorithm by approximately 76 times (283.967 seconds versus
21,600 seconds), and only slightly higher false positive rates were reported (Fig 2B). Lastly, to
evaluate whether different window sizes for merging peaks are critical to the performance of
the proposed algorithm, four settings of the proportion of correlated samples and merging
window sizes were analyzed. As shown in Fig 2C and S5 Table, the performance of the pro-
posed algorithm was not sensitive to the window sizes for merging peaks.

In addition, to ensure the algorithm only sensitively identified ceRNA events under higher
correlation values between them, we also generated simulated data from a multivariate normal
distribution with the same mean value but a covariance matrix whose entries are 0.6 (S2A Fig
and S6 Table) or 0.3 (S2B and S7 Table). Although the ceRNAR algorithm was still able to
detect ceRNA pairs with moderate sensitivity values (0.4 to 0.5) when the correlation values
between target genes within a pair were 0.6, it did not work well (sensitivity values were all
below 0.25) when the correlation values between target genes within a pair were 0.3. Together,
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Fig 2. Performance of our proposed method in three extended cases. (A) Different proportions of correlated
samples in scenario 3 using the fast version. (B) Comparison between complete and fast versions in the null scenario
(i.e., scenario 5). (C) Different distances for merging peaks when window size is equal to 40 using the complete
version. The numbers in blue represent the number of identified ccRNA-miRNA triplets.

https://doi.org/10.1371/journal.pcbi.1010497.9002

these results support our correlation-based hypothesis that ceRNA events tend to occur when
they are highly correlated. However, the above-mentioned results were based on simple and
naive simulations. We also mimicked the distribution of expression from pan-cancer data
(9,835 samples), allowing the synthetic data to be generated from a multivariate normal distri-
bution with a randomly selected mean value and a covariance matrix whose entries are also
randomly selected. The simulation studies were also performed under different correlation lev-
els. As shown in S3 Fig and S8-S11 Tables, the performance of the ceRNAR algorithm was
determined by the level of the correlation values. Nevertheless, it still performed well (sensitiv-
ity values > 0.75) when the correlation between genes was high and when the window size was
10 throughout all scenarios (S3B Fig.), suggesting the ceRNAR algorithm is efficient to identify
most potential ceRNA pairs when their correlation pattern is relatively high (0.8-0.9) to com-
pete with a specific miRNA, and such a pattern exists in at least 20% of the sample. The optimal
parameter settings for real data were also observed. For 100 samples, the best window size was
10, and the best cutoff correlation value for selecting the most significant event was 0.7.

Comparison with other tools

We have compared our tool with other state-of-the-art tools, including SPONGE, JAMI,
GDCRNATools, and CERNIA, in terms of their performances using synthetic data and their
running time using real data. Fig 3A and S12 Table illustrate that cceRNAR workflow generally
outperformed the other tools in terms of sensitivity and PPV in all scenarios when the window
size is set to 10 and the correlation cutoff is set to 0.7. It can be mainly observed when the cor-
relation values among correlated genes are relatively high. However, all of the tools could iden-
tify valid ceRNA triplets without reporting high false-positive results except JAMI (Fig 3B and
S12 Table). GDCRNATools generally had a high sensitivity compared to the other tools, and a
lower specificity than ceRNAR, suggesting that it is good for catching ceRNAs but comes with
a relatively high rate of false positives. Regarding running time, we used different sample num-
bers (250, 500, and 100) on a small subset of the pan-cancer dataset with 15 genes which form
105 triplets; we also used different triplet numbers (105, 1,225, and 4,950) on a small subset of
the pan-cancer dataset with 250 samples (S4 Fig and S13 Table). Although the ceRNA algo-
rithm was not fast with a large sample size and a large number of triplets compared with
SPONGE, GDCRNATools and CERNIA, it was slightly faster than JAMI.

Application to TCGA cancer cohort datasets

To further validate the applicability and robustness of the ceRNAR algorithm, we also applied
the algorithm to two TCGA-derived lung cancer cohorts—=TCGA-LUAD and TCGA-LUSC
(S14 Table). The top bridging miRNAs and the hub genes among ceRNA triplets are shown in
S15 and S16 Tables. Intriguingly, the two cancer cohorts (LUAD and LUSC) shared some
common triplets involving 53 miRNAs and 905 ceRNAs, which allowed construction of a
miRNA-modulated ceRNA regulatory network (S5 Fig). Among them, PLEKHG6 had the
largest number of co-expressed ceRNAs, and of the 53 common miRNAs, the top three miR-
NAs that bridged over 20 ceRNA pairs were hsa-miR-183-5p, hsa-miR-133a-3p, and hsa-miR-
142-5p. MAP4K3 was another common hub gene in both datasets, and its bridging miRNA
was hsa-let-7c-5p, around which a regulatory network of corresponding ceRNAs was built
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(S6A Fig), and the expression level related to the regulatory occurrence of its bridging ceRNAs
is displayed in S6B Fig. Since lung cancers share some common molecular characteristics, such
results demonstrate the applicability and robustness of the ceRNAR algorithm in multiple can-
cers or diseases.

In addition, we compared our findings against experimentally validated miRNA-gene pairs
in the miRSponge database to endorse the potential ceRNAs identified by ceRNAR. As shown
in S7 Fig, around 1% (ceRNA pairs that can be validated among total ceRNA founded based
on ceRNAR algorithm) of experimentally validated ceRNA triplets were identified in LUAD
and LUSC. The low proportion may be attributed to the fact that only 158 ceRNA triplets were
analyzed and that those ceRNA triplets may not be expressed in lung tissues. Furthermore,
approximately 13-14% of ceRNA triplets with at least one experimentally validated miRNA-
target interaction were identified by using the cceRNAR algorithm. A Chi-square test was per-
formed to examine whether the findings from the ceRNAR package were significantly
enriched in the TCGA data, and the results showed that the P-values obtained from the LUAD
and LUSC datasets were both less than 2.2e-16, suggesting our ccRNAR package can success-
fully identify previously reported ceRNA triplets.

Discussion

ceRNA events are a newly discovered type of post-transcriptional regulation, and the identifi-
cation of ceRNA-miRNA triplets using in silico methods is an emerging research area.
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Therefore, we developed a novel computational algorithm to explore such regulatory events
for further biomedical interpretation and application. Our proposed method is based on a sim-
ple pairwise correlation approach that considers the miRNA-modulated ceRNA interaction.
First, we ranked samples based on their miRNA expression value to include the contribution
of miRNA expression and identify which miRNA expression intervals tend to have a higher
correlation with pairs of mRNA targets. Secondly, we used a sliding window approach to form
more correlation values in a triplet to improve the performance and outcomes of the subse-
quent statistical approach. Lastly, we applied a cumulation-like approach to sum up the slight
changes in correlation values across samples. We used segment clustering to understand the
sample clustering in terms of the gene-gene correlations and the miRNA expression intervals
so that we could also use sample proportion to support our findings. Several simulations have
been conducted for the optimization of the parameters subject to specific ranges of settings,
and the robustness of our approach when it does not involve a permutation test has also been
evaluated through a simulation study. Connecting with six downstream analyses, our R pack-
age may assist researchers to have a deeper understanding of the disease-specific biological reg-
ulation and prognostic application for each identified cceRNA-miRNA triplet.

Recently, more and more tools have been developed to identify potential ceRNA events. It
is important to systematically evaluate the cceRNAR package in comparison with the five other
published ceRNA prediction tools—SPONGE [20], CERNIA [21], GDCRNATools [22], JAMI
[23], and CUPID [24]—that are expression-based (rather than sequence-based, i.e., spongeS-
can [25]). We have compared them in terms of several features, such as miRNA-target data
sources, study design, ceRNA classes, ceRNA prediction algorithm, and language for imple-
mentation (S17 Table). Noting that JAMI is the multi-threading version of CUPID, we decided
to keep only JAMI for further analyses. Thus, we used four algorithms, including SPONGE,
CERNIA, GDCRNATools, and JAMI, for the comparisons. Notably, the four algorithms and
our ceRNAR all used a similar strategy, which is utilizing miRNA-target data sources to iden-
tify potential miRNA-gene/IncRNA/pseudogene pairs from other databases. All four of these
algorithms are implemented in R. JAMI is based on conditional mutual information, which is
particularly useful to capture non-linear associations by estimating the effect of a miRNA on
its target pairs through a permutation test [26]. Excepting JAMI, the rest algorithms consider
the correlations between miRNA-mediated genes/IncRNA. Although the majority of such
algorithms are correlation-based, some differences still exist. For examples, GDCRNATools is
based on sensitivity correlation computation through effectively estimating covariate matrices
and also considering the impact of a miRNA on its target pairs. SPONGE also uses sensitivity
correlation to quantify the impact of a miRNA on its target pairs (i.e., linear partial correla-
tion), but further applies a null model-based p-value computation to estimate potential ccRNA
pairs. It is worth mentioning that CERNIA and JAMI consider both MRE- and expression-
based data, whereas SPONGE, GDCRNATOools and ceRNAR only analyze genome-wide
expression data. Since several studies [18, 27, 28] indicate that ceRNA triplets may be observed
in a specific range of miRNA expression, such an approach can help to focus on the true posi-
tive region with high signal-to-noise ratio instead of missing the ceRNA triplets due to signal
dilution by global noise. Our ceRNAR algorithm showed the highest sensitivity in identifying
potential ceRNA triplets (Fig 3).

Regarding the two online servers, miRTissue_ce [29] and Encori (i.e., starBase v2) [30] are
two web servers that integrate ccRNA data sources, ceRNA prediction algorithms, and even
some data analyses and visualizations that can be easily accessed by the users. Fiannaca et al.
[29] have compared miRTissue_ce and Encori in terms of many features. Here, we further
compared these web servers with our ccRNAR based on these features to see whether there is
any add-on value that ccRNAR can provide these web services. First, the interactions between
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miRNAs and target genes in ceRNAR are supported by nine databases, including two experi-
mentally validated miRNA-target databases and seven computationally predicted miRNA-tar-
get databases. But Encori and miRTissue_ce are supported by 4 and 8 computationally
predicted miRNA-target databases, respectively. Second, Encori uses a hypergeometric test to
predict ceRNA, and miRTissue_ce integrates that method with a global test and SPONGE.
However, one major disadvantage of the hypergeometric test is that the test requires a prede-
fined p-value threshold to select significant genes. When using differentially expressed genes,
such an approach is not suitable to be applied to the whole genome, because the hypergeomet-
ric test fails to consider the interactions among genes due to its independence assumption
about genes. This is why we present a novel rank-based algorithm considering the contribution
of miRNA expression in a ceRNA event and extend the pair-wise correlation approach to iden-
tify ceRNA-miRNA triplets using whole genomic information. Lastly, these two web servers
can predict many types of ceRNA events, but ccRNAR only focuses on one ceRNA event class
(i.e., mRNA-miRNA).

In real application, we utilized non-small cell lung cancer (NSCLC) data to evaluate the
applicability of ccRNAR. NSCLC accounts for 85% of lung cancer and is one of the most com-
mon malignant tumors worldwide [26]. Although there has been progress in successful treat-
ment for NSCLC patients these past several decades, the 5-year survival rate for NSCLC is still
relatively low (25%) [31]. Also, the molecular networks involved in NSCLC remain incom-
pletely described in terms of their roles in etiology, progression, and metastasis. Hence, we
applied the ceRNAR algorithm to two NSCLC-related cancer datasets in TCGA lung cancer
cohorts. Several common miRNAs and ceRNAs identified by the ceRNAR algorithm have also
been previously reported by other studies. For example, hsa-miR-183-5p was found to
inversely regulate PTPN4, serving as a therapeutic target to suppress the metastatic potential in
NSCLC patients [32], and hsa-let-7c-5p was verified to prevent cancer metastasis by degrading
its bridging hub ceRNA, MAP4K3 [33]. Although our simulation results suggest that the
majority of performance indicators have only slight differences in the four scenarios using
both complete and fast versions, and the best parameter setting for window size is 10 and for
peak threshold is 0.7, and the fine-tuning of appropriate parameters for non-TCGA datasets
still needs to be tested. Nevertheless, these results still demonstrated our proposed method is
robust and potentially applicable, allowing it to be extended to studies of other diseases.

However, some limitations still existed in our study. First, a smaller sample size of cancer
cohorts (i.e., a smaller window size in our case) may lead to less statistical power of the find-
ings. Second, we presumed a linear relationship between the two ceRNAs in each triplet, but in
reality, they were not always linearly correlated. Although we have implemented a sliding win-
dow approach to capture such relationships, other methods such as mutual information [34]
can also be applied. Moreover, the accuracy of the miRNA target prediction databases we used
may have affected the definition of putative ccRNA-miRNA triplets and the outcomes of the
ceRNAR algorithm because the mechanisms of some miRNA targeting systems have not been
fully understood. It is also worth mentioning that our simulation results were based on a pre-
defined covariance matrix. That is the true positive events were from the correlation-based
approaches, and thus such events only showed linear relationships among the elements. Nota-
bly, such design may lead to the poor performance of JAMI because their algorithm was devel-
oped by using the mutual information strategy, which was able to capture non-linear
relationships among ceRNA pairs in addition to the linear ones. Lastly, the majority of our
findings from the real case study were novel compared to the miRSponge database, although
some of the miRNA-targets contained an interaction that was previously experimentally vali-
dated. Perhaps further experimental validation of those triplets that contained one experimen-
tally validated miRNA-target interaction should be prioritized to increase the robustness of
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our algorithm and the reliability of the novel findings. Therefore, the consideration of all types
of miRNA sponges, the amount of MREs, multiple miRNAs that may compete for the same
pair of target genes, nontrivial correlations which involve the comparison of pairwise correla-
tion and pairwise partial correlation, and the minimization of computational time are impor-
tant key areas for further optimization and extension of the ceRNAR algorithm.

In summary, ceRNAR is a promising tool for the recognition of ccRNA-miRNA triplets
and ceRNA-ceRNA interaction networks in many human diseases, and hence will speed up
our knowledge of the regulatory mechanisms and functions of ceRNA-miRNA triplets in the
pathogenesis of disease, including cancers.

Materials and methods
Pipeline of ccRNAR

The ceRNAR package is written in R (version 4.0.5) and is available in the Github repository.
The main pipeline of ceRNAR is illustrated in Fig 4 and contains three major components for
the identification and analysis of ccRNA-miRNA triplets:

 Data preprocessing
« Identification of ceRNA-miRNA triplets

« Downstream analyses

R
miRNA-target
interaction

Input data

. 2

: ceRNApairFiltering method ] Bunclions hetwork

- ; analysis analysis

; ceRNApairFiltering() | | ceRNAFunction() ceRNAModule()

SegmentClustering method 5 SR St i

; analysis analysis

| PeakMerging method |” | ceRNASurvival() ceRNALocation()

| _ _ : External Integration with

e e e e SegmentClusteringPlusPeakMerging() : validation other tools

ceRNAmethod() ceRNAValidate() ceRNAIntegrate()

Identification of miRNA-ceRNAs triplets Downstream analyses

Fig 4. An overview of our ccRNAR package. This package includes three main parts. First, “Input data” has three functions: ceRNAputativePairs() for
extracting curated miRNA-target lists, ccRNATCGA() for retrieving TCGA data, and ceRNAcustomize() for importing customized data. Second, “Identification
of miRNA-ceRNA triplets” involves ceRNApairFiltering() and SegmentClusteringPlusPeakMerging() and is wrapped into a ceRNAmethod() function. Lastly,
“Downstream analyses” contains six functions for different tasks, that is, ccRNAFunction(), ccRNAModule(), ceRNASurvival(), ceRNALocation(),

ceRNAValidate() and ceRNAIntegrate().

https://doi.org/10.1371/journal.pcbi.1010497.9004
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To reduce the computational complexity and time cost, the interactions between miRNAs
and target genes were based on two experimentally validated miRNA-target databases (miR-
TarBase [35] and miRecords [36]) and seven computationally predicted miRNA-target data-
bases (DIANA-micro T-CDS [37], EIMMO [38], miRDB [39], miRanda [40], PITA [41],
RNA22 [42] and TargetScan [43]). In the default settings, only those interactions that were val-
idated by experiments and/or predicted by more than half of the databases are retained as tar-
get miRNAs and target genes (S8A Fig). Conceptually, the ceRNAR algorithm iteratively goes
over each miRNA-target list and runs through each mRNA pair in a list to evaluate the chance
of the potential ceRNA event involved. For a specific triplet (i.e., a miRNA and its two targets),
their expression vectors are extracted from the original expression matrix. Therefore, a
miRNA expression vector, miRNA , = [m,,;, my, . ..], and two mRNA expression vectors,
mRNA; = [gene;;, geney, . . .| and mRNA; = [genej;, genej, . . .], are used as inputs into the
ceRNAR algorithm to iteratively evaluate whether each mRNA pair is a potential ceRNA event
(S8B Fig).

Data preprocessing

To prepare expression data for further analyses, ccRNAR can automatically retrieve TCGA
data, including mRNA expression, miRNA expression, and survival data, by entering the can-
cer acronym [44], but it also supports the use of customized miRNA and mRNA expression
matrices that are pre-normalized and formatted according to the instructions. In ceRNAR, we
implement two functions to fulfill these two approaches: ceRNATCGA and ceRNA Customize.

Identification of ccRNA-miRNA triplets

To identify miRNA-ceRNA triplets (defined here as a miRNA and two target genes) from
expression profiles at a specific miRNA expression level, the ceRNAMethod function can be
used, and it contains three modules sequentially: ceRNApairFiltering, SegmentClustering, and
PeakMerging (Fig 5). We have two assumptions in this study: (1) the expression levels of two
target genes tend to be highly correlated when a possible ceRNA event occurs; (2) such events
between target genes of a certain miRNA occur at a specific expression interval of that
miRNA. However, for each ceRNA triplet from the real data, it is difficult to know which levels
of miRNA expression (low, middle, or high expression intervals) will lead to a high correlation
between a pair of target genes. Notably, for one miRNA, the high correlation values between
two target genes can only be observed in a specific range of the miRNA expression. Definitely,
the expression level of one miRNA can be regulated by many factors, such as compensation
and/or other interactors. However, with our current understanding of all miRNAs, it is not
feasible to consider all potential regulators of one specific miRNA at the same time. Therefore,
for one single miRNA, we adapted the approach of utilizing its expression level as the final out-
put instead of considering all possible confounding factors, which can be regarded as the hid-
den layers of the miRNA expression value.

The ceRNApairFiltering method

We adopted the sliding window approach to identify the correlation patterns of the two target
genes within a specific range of expression values for the miRNA. That is the reason why we
ranked the samples based on their miRNA expression value from each triplet to identify the
correlation patterns and provided the number of samples that meet the criteria. Therefore, the
purpose of this function is to identify ccRNA-miRNA triplets based on the Pearson correlation
coefficient through the sliding window approach (S9 Fig) and a running sum statistic for such
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Fig 5. Three main modules involved in the identification of ccRNA-miRNA triplets. First, ‘ceRNA pair filtering’ contains sample sorting based on a miRNA
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3. Adjacent peak merging

values by the random walk approach (S10 Fig). First, the samples are sorted based on their
miRNA expression levels. For a putative triplet (gene;, miRNA,,, gene;) among N samples, the
correlation coefficients of gene expression values between mRNA and miRNA are calculated
within each window (i.e., a length of sample size that is always less than N) with predefined
window size (w) as follows:

rlr:‘i.j = Corr([ge”e;oge”eiﬂv s age”e;«r(w—l)]a [genei,geneiﬂ, s 7gene§<+(w—l)]) (1)

Here k is the number of windows and a predefined integer. Technically, the correlation value
between two genes is calculated using the gene expression values of all samples. By using a slid-
ing window approach [45], we can artificially create different varieties of a real dataset to
increase its size, which is a sort of data augmentation technique [46].

Because the accumulated changes in terms of correlation values between two genes among
samples may tend to increase the chance that a gene pair is highly correlated and, further, will
affect a specific phenotype, we borrowed the concept of gene set enrichment analysis (GSEA)
[47], which captures the accumulated changes in the expression of all genes within a pathway
through a random-walk method, to identify a significant triplet according to the number of
the samples enriched in such an event. The main idea of the GSEA algorithm is to understand
whether the differentially expressed genes are significantly enriched in the samples belonging
to the same phenotype (case or control). First, the differentially expressed genes were ranked
by using the differences in expression level between the two phenotypes. Next, the GSEA algo-
rithm gave a positive score to the genes located in the pathway, whereas a negative score was
assigned to the genes outside of the pathway. One possible scenario to obtain a high score is
that the differentially expressed genes were clustered and enriched in one phenotype instead of
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being randomly distributed. This scenario is the same as what we want to identify for the
ceRNA triplet. That is, the highest correlation values were observed in a specific range of the
miRNA expression and thus we used the two statistics, Pypey(k) and Pyiglaee(k) to identify the
range (S11 Fig). Conceptually, to calculate a score (S) to represent the enriched correlation lev-
els among samples against a specific phenotype, we first rank ordered the k windows to form

L = {miRNA;, miRNA,, ..., miRNA,} based on the average miRNA expression within each
window:

w—1
miRNA, = > mp / y (2)
n=0

Next, the S is computed by walking down the window list to evaluated P, (k), which is the
proportion of samples whose gene correlations are over 0.3 (i.e., 7, > 0.3), weighted by their
corresponding correlation and Py;op.e(k), which is the proportion of the rest of the samples at a
given ranking window position k across all samples. The formulas are as follows:

||

Pobey(k) = Z F’ Where NR = Z |rl| (3)
R

r,Econdition ryEcondition
1<k

1
Pviolate(k) = Z ) Where Nviolate = Z I(rk¢conditi0n) (4)

1, condition " violate ri&condition
1<k

S is then defined as the maximum distance from zero of the substations of Pype,(k) from P,
te(k). If the samples with similar correlation values are not enriched at a particular miRNA
expression interval, it means those gene pairs are not biologically relevant to compete with
miRNA in a miRNA-gene triplet; that is, there is no ceRNA event observed in this triplet (S11
Fig). Finally, we accessed the significance of an observed S by comparing it with the theoretical
S computed by randomly permutating the expression of the candidate miRNA,, 1,000 times to
provide assessment of significance. When an entire sample of potential triplets is evaluated,
these p-values will be adjusted by the false discovery rate, which provides the estimated proba-
bility of whether a triplet within an entire set of potential triplets is a false positive finding or
not. After that, we report the ceRNA pairs with statistical significance of the observed S (e.g.,
adjusted p-value <0.05) as significant ceRNA interactions. For one miRNA, a low score S will
be observed if the two target genes have no correlation within a specific range of miRNA
expression. On the other hand, the score S will be high if a large proportion of the samples
showed high correlation among the two target genes (Pgpey(k) is high). Consequently, we can
use the score S to identify a ceRNA triplet when S is high, and a statistical approach was per-
formed to ensure that S cannot be identified randomly.

The SegmentClustering method

The motivation of the segment clustering is to group the samples showing high correlation
between the expression levels of the two target genes into one single cluster. In our analysis, we
divided the samples into small groups (i.e., a window) to calculate the correlation values of the
two target genes. Accordingly, we may identify several different groups showing high correla-
tions that actually can be clustered into one single cluster because of their similar correlation
values. Therefore, in this method, the concept of a circular binary segment algorithm, which
was originally designed for change-point problems such as the identification of copy number
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variation, is used [48] to evaluate whether those small windows showing high correlation val-
ues should be clustered into a larger group. This method has been widely used in the analysis
of copy number variations (CNVs) by many algorithms [49, 50]. Since several previous studies
[18, 27, 28] indicated that ceRNA triplets may be observed in a specific range, the purpose of
such an approach is to explore the clustering patterns of samples in terms of their gene-gene
correlation values per triplet and then group samples with similar correlation values so that a
certain miRNA expression interval with the highest correlation within a ceRNA pair can be
observed. This algorithm starts with all segments (i.e., several intervals of rank-ordered
miRNA expression) identified from the whole dataset. Similar to the previous method, the
samples are sorted by the miRNA expression values. A recursive test for the change-points is
calculated based on the correlation values of each gene-miRNA pair between each set of two
neighboring regions of rank-ordered miRNA expression, and it stops when no significant
changes can be found in any two segments. The maximal t-statistic with a permutation refer-
ence distribution is chosen to obtain the corresponding p-value. Let X, . . .,.X,, be the correla-
tion coefficients of two genes, which are indexed by the corresponding miRNA expression of
the n samples being studied. The test statistic is given by Z, = max,_,_;_,|Z;|, where Z;; is the
two-sample t-statistic to compare the mean of the correlation of two genes with the index,
which refers to the position within the rank-ordered miRNA expression from i+1 to j, to the
mean of the correlation of the rest of the genes. That is,

1 1 s~ S, —S +S,
ij{- -+ — } {J. e T } (5)
j—1 n—j+i j—1 n—j+i

where S, = X, + -+ + X,,S$= X, +--- + X;(1 < i < j < n) are the partial sums. If the p-val-
ues are smaller than a threshold level & (typically 0.01), a change is declared to be statistically
significant. The locations of the change-points as the i and j that maximize the test statistic are

also estimated by using either Monte Carlo simulations [51] or the approximation approach

[52]. After performing the segment clustering approach, only a few groups of samples showing
high correlation remain for further analyses. We have a basic assumption here for the ceRNA
triplet: the correlation values should be stable across the sliding window approach and thus the
correlation values should not be bouncing up and down within a small sample size. Following
this assumption, we performed the peak merging step to ensure two nearby peaks were merged
into one under certain criteria.

The PeakMerging method

This method is designed to prevent smashed segments resulting from noise. First, two seg-
ments are merged when the difference of their correlation values is smaller than a predefined
value, and whether the finalized segments are peaks or troughs is defined compared to the
baseline. Then, the Fisher transformation is performed to test the difference between two adja-
cent peaks by comparing their differences against the null hypothesis. Two adjacent peaks are
further merged if there is no statistically significant difference between them. Because we pre-
sumed it is less likely that two genes are highly correlated to compete for a miRNA at more
than two miRNA expression intervals, the triplet was abandoned when more than two peaks
occurred in such a relationship. Lastly, candidate ceRNAs are finally selected when their corre-
lation pattern contains a peak with a correlation value over a predefined threshold value (0.3,
0.5, or 0.7).

The final output of the ceRNAMethod function provides information on each miRNA, its
candidate ceRNA pairs, its peak position within the rank-ordered miRNA expression interval,
and the number of samples involved in such ceRNA interactions (S12 Fig).
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Downstream functional analyses

To characterize the biological functions and pathways of identified ceRNA pairs, we imple-
mented the ceRNAModule function to generate ceRNA modules from their interaction net-
works. For the ceRNA modules, the ceRNAFunction function is used to perform functional
enrichment analysis based on two ontology databases, the Gene Ontology database (GO,
http://geneontology.org/) [53] and the Kyoto Encyclopedia of Genes and Genomes Pathway
Database (KEGG, https://www.genome.jp/kegg/) [54]. Survival analysis has been widely used
in biomedical fields to indicate whether the ceRNAs in the discovered interaction module are
associated with the survival of cancer patients. Hence, in ceRNAR, we implemented the ceR-
NASurvival function to perform survival analysis. First, the risk score of each sample is calcu-
lated using a multivariate Cox model. All the samples (i.e., different patients) are divided into
high or low risk groups based on their median risk scores. The Kaplan-Meier method with a
log-rank test is used to test and visualize the difference between the high and low risk groups.
Additionally, the ceRNALocation function allows users to further visualize the expression level
of a specific miRNA when modulated by a specific ccRNA. We also implemented an integrated
function (ceRNAIntegrate) to combine our results with other state-of-the-art tools, such as
SPONGE [20] and JAMI [23], and a validation function (ceRNA Validate) based on the miR-
Sponge database. The graphical outputs of the above-mentioned functions are presented in
S13-S15 Figs.

Simulation study

In the simulation study, two types of expression data (ceRNA and miRNA) of 100 samples were
generated. In each triplet, we presumed 10-40% of samples have correlated genes whereas the
rest of the samples do not. The simulated expression profile of 100 samples of miRNA was dis-
tributed uniformly between 0 and 1 and was used to sort our samples. We simulated the gene
expression profiles of these target gene pairs under two situations. The first is a naive profile of
the correlated genes simply generated from a multivariate normal distribution with a mean
value of 0 and a covariance matrix whose entries are 0.9, while the expression distribution of the
uncorrelated genes was specified by setting its mean and variance to zero. Another simulation
scenario is mimicking a real-data profile (9,835 pan-cancer samples) generated from a multivar-
iate normal distribution with a randomly selected mean value (+2, +1 and 0), and a covariance
matrix whose entries are also randomly selected from 0.3 to 0.9 (correlation level: all), while the
expression distribution of the uncorrelated genes was specified by setting its mean (also ran-
domly selected) at 2, 1, and 0, and its variance (randomly selected) at 0 to 0.2 (S16 Fig). We
also specified three correlation levels (high = 0.8-0.9, mid = 0.5-0.7, and low = 0.3-0.4) and ran-
domly selected values within them to construct the covariance matrix. The normality test for
sample distribution of each gene was conducted by the Anderson-Darling method [55].

Five scenarios were considered and are summarized in S1 Table. The first three scenarios
were designed for a single peak (i.e., the highest correlation value of the target genes compared
to the baseline) occurring at different locations (i.e., different miRNA expression intervals):
lower miRNA expression (left, scenario 3), higher miRNA expression (right, scenario 2), and
average miRNA expression (center, scenario 1), which represents specific correlation coeffi-
cient values existing at different expression levels of miRNA. The fourth scenario was designed
for considering the occurrence of two peaks. A null scenario was also compared to test the
validity of the other conditions. Two parameters were set under each scenario: window size
(10%, 20%, 30%, and 40%) and the threshold at which to define a peak (0.3, 0.5, and 0.7). Each
scenario was simulated 1,000 times. We conducted these simulations using either the complete
or fast versions of the algorithm, the latter of which reduced computational complexity by
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omitting the random walk step. The proportion of correlated samples (10%, 20%, 30%, and
40%) was also analyzed.

Real data application for tools comparison and validation

In order to compare many aspects, including the computational cost and the quality of the
results, of ccRNAR with the other tools (SPONGE [20], CERNIA [21] and JAMI [23]), which
similarly used miRNA and paired target gene expression to identify gene-miRNA-gene trip-
lets, we used subsets of the TCGA pan-cancer atlas with different sample sizes and gene/triplet
numbers. We ran these tools with default parameter settings in parallel processing with 8 cores
with varying sample sizes and numbers of genes.

Regarding real data application, we retrieved two sequencing datasets (TCGA-LUAD and
TCGA-LUSC) from TCGA [56] to demonstrate the potential application of our proposed algo-
rithm. These datasets are all retrieved from public domains (GDG data portal: https://portal.
gdc.cancer.gov/). The TCGA-LUAD dataset contained 510 samples from lung adenocarci-
noma patients, and the TCGA-LUSC dataset contained 476 samples from squamous cell carci-
noma patients. To validate the results, the potential ceRNAs identified by our tool were
validated experimentally using the miRsponge database [57], and the ceRNAs shared by these
two datasets were further analyzed.

Supporting information

S1 Fig. Normality assessment through Anderson-Darling test on sample distribution
based on TCGA pan-cancer atlas across genes.
(TIFF)

S2 Fig. Performance of our proposed method in four scenarios (I to IV) using naive simu-
lated data with the complete version. (A) Synthetic data of correlated genes were generated
from multivariate normal distribution with a mean value of 0 and a covariance matrix whose
entries are 0.6. (B) Synthetic data of correlated genes were generated from multivariate normal
distribution with a mean value of 0 and a covariance matrix whose entries are 0.3. The num-
bers in blue represent the average number of identified ccRNA-miRNA triplets after 100 simu-
lations.

(TIFF)

$3 Fig. The performance of our proposed method in four scenarios (I to IV) uses simulated
data that mimics real-world data distribution with the complete version. (A) From a
covariance matrix with correlation values ranging from 0.3 to 0.9. (B) From a covariance
matrix with correlation values ranging from 0.8 to 0.9. (C) From a covariance matrix with cor-
relation values ranging from 0.5 to 0.7. (D) From a covariance matrix with correlation values
ranging from 0.3 to 0.4.

(TIFF)

$4 Fig. Run time comparisons between published tools and our package. (A) Run time for
different sample numbers on a fixed set of genes using real data. (B) Run time for different
numbers of genes (i.e., different numbers of triplets) on a fixed number of samples using real
data.

(TIFF)

S5 Fig. ceRNA regulatory network observed in TCGA-LUAD. The size of each dot repre-
sents the number of bridged miRNAs per ceRNA.
(TIFF)
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S6 Fig. The extended analyses of the observed ceRNA pairs that are related to miRNA hsa-
let-17e-5p. (A) The network of overlapping ceRNA pairs in both TCGA datasets. (B) The dis-
tribution of miRNA expression at which specific ceRNA interactions occur. The location of
each rectangle indicates the miRNA expression value at which particular ceRNA pairs interact
with miRNA has-let-17e-5p, and the depth of the color in each rectangle represents the num-
ber of samples that have such ceRNA-miRNA interaction. FPKM, fragments per kilobase mil-
lion.

(TIFF)

S7 Fig. Experimental validation of real case study based on miRSponge database. (A)
TCGA-LUAD (The Cancer Genome Atlas Lung Adenocarcinoma). (B) TCGA-LUSC (The
Cancer Genome Atlas Lung Squamous Cell Carcinoma).

(TIFF)

S8 Fig. The basic concept of our idea is illustrated graphically. (A) Lists of curated miRNAs
and their targets are verified from nine miRNA target databases based on the AnamiR package
and selected by being either experimentally validated or present in over half of the prediction
databases. (B) Our algorithm iteratively evaluates whether each mRNA pair is a potential
ceRNA event in each miRNA-target list.

(TIFF)

S9 Fig. A graphic overview illustrates sorting and correlation calculation in the ceRNApair-
Filtering method. First, samples [Sy, . . .Sy] based on the expression vector of each miRNA per
triplet (genei, miRNAm, genej) are sorted. Second, the window size is defined, and the correla-
tion between gene pairs among samples for the first window is calculated. Next, the correlation
between gene pairs among samples for the second window is calculated, and so on. Finally, a
new correlation vector per triplet is created.

(TIFF)

S10 Fig. A graphic overview illustrates the random walk and permutation test in the ceR-
NApairFiltering method. First, the k correlation values per triplet are ordered according to

the average miRNA expression, miRNA, = Z;H my

=0 k+n
which the correlation of a gene pair is overrepresented across all values (i.e., high/low/moder-

/w. The score (S) reflects the degree to

ate miRNA expression) of the entire set of ranked miRNA expression levels. It is calculated by
walking down the ranked value, increasing the score when encountering a specific miRNA
expression value with the correlation of a paired gene over 0.3. If the correlation is less than 0.3
(threshold), the score will be negative. The magnitude of the score depends on the number of
samples supported by such correlation values within a window. Subsequently, the permuted
miRNA expression data are generated 1,000 times to create a null distribution of the S, and
then the empirical P-value is calculated accordingly.

(TIFF)

$11 Fig. The meanings of score S are based on the values of P,cy and Py;grate- (A) Samples
with the highest correlation between target genes are enriched at a higher miRNA expression
value, supporting that these two target genes have a higher chance to compete with this
miRNA. (B) These target gene pairs do not represent a biologically relevant correlation with
the competition of this miRNA, suggesting that no ceRNA event occurs in this triplet.

(TIFF)

$12 Fig. Main tabular output in CSV format. Five columns are involved: miRNA name, can-
didate ceRNA pairs, the start and end of each miRNA expression interval, and the number of
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segments.
(TIFF)

$13 Fig. The graphical bubble outputs of the ceRNAFunction function are based on over-
representation analysis (ORA). (A) Based on the KEGG database. (B) Based on the ‘cellular
component’ (CC) categories in the gene ontology (GO) database. (C) Based on the ‘molecular
function’ (MF) categories in the GO database. (D) Based on the ‘biological process’ (BP) cate-
gories in the GO database.

(TIFF)

S14 Fig. The graphical bar outputs of the ceRNAFunction function based on over-represen-
tation analysis (ORA). (A) Based on the KEGG database. (B) Based on the gene ontology
(GO) database and stratified by three GO levels: cellular component (CC), molecular function
(MF), and biological process (BP).

(TIFF)

S$15 Fig. The graphical outputs of the cceRNAModule, ccRNASurvial, and ceRNALocation
functions. (A) Network analysis among candidate ceRNAs for a specific miRNA. (B) Survival
analysis for a candidate ceRNA pair targeted by a specific miRNA. (C) A mix of a box plot and
bar plot represents the proportion of all candidate ceRNA pairs targeted by a specific miRNA
at their corresponding miRNA expression range.

(TIFF)

S16 Fig. Summary statistics of the gene expression profile of 9,835 samples in TCGA pan-
cancer atlas. (A) The density plots represent the sample distribution of observed z-scores of 10
genes. (B) The density plot and boxplot represent the sample distribution of observed z-scores
of 16,323 genes. (C) The pie chart shows the proportion of the Pearson correlation values of
16,323 genes. All the expression values are log-transformed and z-transformed across cancers.
The median expression values of samples across cancers are used for summary statistics.
(TIFF)

S1 Table. A summary of the five scenarios.
(XLS)

S2 Table. Performance of the ceRNAR package in five scenarios under the complete ver-
sion using synthetic data with a fixed correlation value (0.9).
(XLS)

$3 Table. Performance of the ceRNAR package in five scenarios under the fast version
using synthetic data with a fixed correlation value (0.9).
(XLS)

S$4 Table. Performance of the ceRNAR package with different proportions of correlated
samples in scenario III under the fast version using synthetic data with a fixed correlation
value (0.9).

(XLS)

S5 Table. Performance of the ceRNAR package with different correlation cutoffs and
merging sizes with a fixed correlation value (0.9) and a fixed window size (40).
(XLS)

S6 Table. Performance of the ceRNAR package in five scenarios under the complete ver-
sion using synthetic data with a fixed correlation value (0.6).
(XLS)
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S7 Table. Performance of the ceRNAR package in five scenarios under the complete ver-
sion using synthetic data with a fixed correlation value (0.3).
(XLS)

S8 Table. Performance of the ceRNAR package in five scenarios under the complete ver-
sion using synthetic data with randomly selected correlation values from 0.3 to 0.9.
(XLS)

S9 Table. Performance of the ceRNAR package using synthetic data with randomly
selected correlation values from 0.8 to 0.9.
(XLS)

$10 Table. Performance of the ceRNAR package in five scenarios under the complete ver-
sion using synthetic data with randomly selected correlation values from 0.5 to 0.7.
(XLS)

S11 Table. Performance of the ceRNAR package in five scenarios under the complete ver-
sion using synthetic data with randomly selected correlation values from 0.3 to 0.4.
(XLS)

$12 Table. Performance comparison among tools.
(XLS)

$13 Table. Running time comparison among tools.
(XLSX)

$14 Table. Summary of the application to the TCGA lung cancer datasets.
(XLS)

$15 Table. Top bridging miRNAs and their corresponding hub gene among ceRNAs in the
two TCGA datasets.
(DOCX)

$16 Table. Hub genes among ceRNA triplets in the two TCGA datasets.
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$17 Table. Comparisons with the state-of-art tools.
(DOCX)

Acknowledgments

We thank Dr. Melissa Stauffer for editing this manuscript and the National Center for High-
performance Computing (NCHC) in Taiwan for providing computational and storage
resources.

Author Contributions

Conceptualization: Yi-Wen Hsiao, Lin Wang, Tzu-Pin Lu.
Data curation: Yi-Wen Hsiao, Lin Wang.

Formal analysis: Yi-Wen Hsiao, Lin Wang.

Funding acquisition: Tzu-Pin Lu.

Investigation: Yi-Wen Hsiao, Lin Wang.

PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi. 1010497  September 9, 2022 19/22


http://journals.plos.org/ploscompbiol/article/asset?unique&id=info:doi/10.1371/journal.pcbi.1010497.s023
http://journals.plos.org/ploscompbiol/article/asset?unique&id=info:doi/10.1371/journal.pcbi.1010497.s024
http://journals.plos.org/ploscompbiol/article/asset?unique&id=info:doi/10.1371/journal.pcbi.1010497.s025
http://journals.plos.org/ploscompbiol/article/asset?unique&id=info:doi/10.1371/journal.pcbi.1010497.s026
http://journals.plos.org/ploscompbiol/article/asset?unique&id=info:doi/10.1371/journal.pcbi.1010497.s027
http://journals.plos.org/ploscompbiol/article/asset?unique&id=info:doi/10.1371/journal.pcbi.1010497.s028
http://journals.plos.org/ploscompbiol/article/asset?unique&id=info:doi/10.1371/journal.pcbi.1010497.s029
http://journals.plos.org/ploscompbiol/article/asset?unique&id=info:doi/10.1371/journal.pcbi.1010497.s030
http://journals.plos.org/ploscompbiol/article/asset?unique&id=info:doi/10.1371/journal.pcbi.1010497.s031
http://journals.plos.org/ploscompbiol/article/asset?unique&id=info:doi/10.1371/journal.pcbi.1010497.s032
http://journals.plos.org/ploscompbiol/article/asset?unique&id=info:doi/10.1371/journal.pcbi.1010497.s033
https://doi.org/10.1371/journal.pcbi.1010497

PLOS COMPUTATIONAL BIOLOGY Development of ceRNAR package, a R tool for identifying ceRNA events

Methodology: Yi-Wen Hsiao, Lin Wang, Tzu-Pin Lu.
Supervision: Tzu-Pin Lu.

Validation: Yi-Wen Hsiao, Lin Wang.

Visualization: Yi-Wen Hsiao, Lin Wang.

Writing - original draft: Yi-Wen Hsiao, Tzu-Pin Lu.

Writing - review & editing: Yi-Wen Hsiao, Tzu-Pin Lu.

References

1. Ideker T, Krogan NJ. Differential network biology. Molecular systems biology. 2012; 8(1):565. https://
doi.org/10.1038/msb.2011.99 PMID: 22252388

2. Bartel DP. MicroRNAs: target recognition and regulatory functions. cell. 2009; 136(2):215-33. https:/
doi.org/10.1016/j.cell.2009.01.002 PMID: 19167326

3. LouW,LiudJ,Gao, Zhong G, Chen D, Shen J, et al. MicroRNAs in cancer metastasis and angiogene-
sis. Oncotarget. 2017; 8(70):115787. https://doi.org/10.18632/oncotarget.23115 PMID: 29383201

4. Hayes J, Peruzzi PP, Lawler S. MicroRNAs in cancer: biomarkers, functions and therapy. Trends in
molecular medicine. 2014; 20(8):460-9. https://doi.org/10.1016/j.molmed.2014.06.005 PMID:
25027972

5. Salmenal, PolisenoL, Tay Y, Kats L, Pandolfi PP. A ceRNA hypothesis: the Rosetta Stone of a hidden
RNA language? Cell. 2011; 146(3):353-8. https://doi.org/10.1016/j.cell.2011.07.014 PMID: 21802130

6. SuX, XingJ, Wang Z, ChenL, Cui M, Jiang B. microRNAs and ceRNAs: RNA networks in pathogenesis
of cancer. Chinese journal of cancer research. 2013; 25(2):235. https://doi.org/10.3978/j.issn.1000-
9604.2013.03.08 PMID: 23592905

7. TayY,KatsL, SalmenalL, Weiss D, Tan SM, Ala U, et al. Coding-independent regulation of the tumor
suppressor PTEN by competing endogenous mRNAs. Cell. 2011; 147(2):344-57. https://doi.org/10.
1016/j.cell.2011.09.029 PMID: 22000013

8. WangQ, CaiJ, Fang C, Yang C, Zhou J, Tan Y, et al. Mesenchymal glioblastoma constitutes a major
ceRNA signature in the TGF-B pathway. Theranostics. 2018; 8(17):4733. https://doi.org/10.7150/thno.
26550 PMID: 30279734

9. KarrethFA, Tay Y, Perna D, Ala U, Tan SM, Rust AG, et al. In vivo identification of tumor-suppressive
PTEN ceRNAs in an oncogenic BRAF-induced mouse model of melanoma. Cell. 2011; 147(2):382—-95.
https://doi.org/10.1016/j.cell.2011.09.032 PMID: 22000016

10. LiJ-H,LiuS, Zhou H, Qu L-H, Yang J-H. starBase v2. 0: decoding miRNA-ceRNA, miRNA-ncRNA and
protein—RNA interaction networks from large-scale CLIP-Seq data. Nucleic acids research. 2014; 42
(D1):D92-D7.

11. LiuK,YanZLiY, SunZ. Linc2GO: a human LincRNA function annotation resource based on ceRNA
hypothesis. Bioinformatics. 2013; 29(17):2221-2. https://doi.org/10.1093/bioinformatics/btt361 PMID:
23793747

12. YanJ, Dul, Yao X, Shen L. Machine learning in brain imaging genomics. Machine learning and medical
imaging: Elsevier; 2016. p. 411-34.

13. Clough E, Barrett T. The gene expression omnibus database. Statistical genomics: Springer; 2016. p.
93-110. https://doi.org/10.1007/978-1-4939-3578-9_5 PMID: 27008011

14. Tomczak K, Czerwinska P, Wiznerowicz M. The Cancer Genome Atlas (TCGA): an immeasurable
source of knowledge. Contemporary oncology. 2015; 19(1A):A68. https://doi.org/10.5114/w0.2014.
47136 PMID: 25691825

15. Brazma A, Parkinson H, Sarkans U, Shojatalab M, Vilo J, Abeygunawardena N, et al. ArrayExpress—a
public repository for microarray gene expression data at the EBI. Nucleic acids research. 2003; 31
(1):68—71. https://doi.org/10.1093/nar/gkg091 PMID: 12519949

16. Osborne JW, Overbay A. The power of outliers (and why researchers should always check for them).
Practical Assessment, Research, and Evaluation. 2004; 9(1):6.

17. DuZ, SunT, Hacisuleyman E, Fei T, Wang X, Brown M, et al. Integrative analyses reveal a long non-
coding RNA-mediated sponge regulatory network in prostate cancer. Nature communications. 2016; 7
(1):1-10. https://doi.org/10.1038/ncomms10982 PMID: 26975529

PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi. 1010497  September 9, 2022 20/22


https://doi.org/10.1038/msb.2011.99
https://doi.org/10.1038/msb.2011.99
http://www.ncbi.nlm.nih.gov/pubmed/22252388
https://doi.org/10.1016/j.cell.2009.01.002
https://doi.org/10.1016/j.cell.2009.01.002
http://www.ncbi.nlm.nih.gov/pubmed/19167326
https://doi.org/10.18632/oncotarget.23115
http://www.ncbi.nlm.nih.gov/pubmed/29383201
https://doi.org/10.1016/j.molmed.2014.06.005
http://www.ncbi.nlm.nih.gov/pubmed/25027972
https://doi.org/10.1016/j.cell.2011.07.014
http://www.ncbi.nlm.nih.gov/pubmed/21802130
https://doi.org/10.3978/j.issn.1000-9604.2013.03.08
https://doi.org/10.3978/j.issn.1000-9604.2013.03.08
http://www.ncbi.nlm.nih.gov/pubmed/23592905
https://doi.org/10.1016/j.cell.2011.09.029
https://doi.org/10.1016/j.cell.2011.09.029
http://www.ncbi.nlm.nih.gov/pubmed/22000013
https://doi.org/10.7150/thno.26550
https://doi.org/10.7150/thno.26550
http://www.ncbi.nlm.nih.gov/pubmed/30279734
https://doi.org/10.1016/j.cell.2011.09.032
http://www.ncbi.nlm.nih.gov/pubmed/22000016
https://doi.org/10.1093/bioinformatics/btt361
http://www.ncbi.nlm.nih.gov/pubmed/23793747
https://doi.org/10.1007/978-1-4939-3578-9%5F5
http://www.ncbi.nlm.nih.gov/pubmed/27008011
https://doi.org/10.5114/wo.2014.47136
https://doi.org/10.5114/wo.2014.47136
http://www.ncbi.nlm.nih.gov/pubmed/25691825
https://doi.org/10.1093/nar/gkg091
http://www.ncbi.nlm.nih.gov/pubmed/12519949
https://doi.org/10.1038/ncomms10982
http://www.ncbi.nlm.nih.gov/pubmed/26975529
https://doi.org/10.1371/journal.pcbi.1010497

PLOS COMPUTATIONAL BIOLOGY Development of ceRNAR package, a R tool for identifying ceRNA events

18. Xud, LiY,Lud,PanT, Ding N, Wang Z, et al. The mRNA related ceRNA—ceRNA landscape and signifi-
cance across 20 major cancer types. Nucleic acids research. 2015; 43(17):8169-82. https://doi.org/10.
1093/nar/gkv853 PMID: 26304537

19. ZhangJ, Le TD, Liu L, Li J. Inferring miRNA sponge co-regulation of protein-protein interactions in
human breast cancer. BMC bioinformatics. 2017; 18(1):1-12.

20. List M, Dehghani Amirabad A, Kostka D, Schulz MH. Large-scale inference of competing endogenous
RNA networks with sparse partial correlation. Bioinformatics. 2019; 35(14):i596—i604. https://doi.org/
10.1093/bioinformatics/btz314 PMID: 31510670

21. Sardina DS, Alaimo S, Ferro A, Pulvirenti A, Giugno R. A novel computational method for inferring com-
peting endogenous interactions. Briefings in Bioinformatics. 2017; 18(6):1071-81. https://doi.org/10.
1093/bib/bbw084 PMID: 27677959

22, LiR,QuH,WangS, WeidJ, ZhangL, Ma R, et al. GDCRNATools: an R/Bioconductor package for inte-
grative analysis of IncRNA, miRNA and mRNA data in GDC. Bioinformatics. 2018; 34(14):2515—7.
https://doi.org/10.1093/bioinformatics/bty124 PMID: 29509844

23. Hornakova A, List M, Vreeken J, Schulz MH. JAMI: fast computation of conditional mutual information
for ceRNA network analysis. Bioinformatics. 2018; 34(17):3050—1. https://doi.org/10.1093/
bioinformatics/bty221 PMID: 29659721

24, ChiuH-S, Llobet-Navas D, Yang X, Chung W-J, Ambesi-Impiombato A, lyer A, et al. Cupid: simulta-
neous reconstruction of microRNA-target and ceRNA networks. Genome research. 2015; 25(2):257—
67. https://doi.org/10.1101/gr.178194.114 PMID: 25378249

25. Furié-Tari P, Tarazona S, Gabaldén T, Enright AJ, Conesa A. spongeScan: A web for detecting micro-
RNA binding elements in IncRNA sequences. Nucleic acids research. 2016; 44(W1):W176-W80.
https://doi.org/10.1093/nar/gkw443 PMID: 27198221

26. Navada S, Lai P, Schwartz A, Kalemkerian G. Temporal trends in small cell lung cancer: analysis of the
national Surveillance, Epidemiology, and End-Results (SEER) database. Journal of Clinical Oncology.
2006; 24(18_suppl):7082—.

27. AlaU, Karreth FA, Bosia C, Pagnani A, Taulli R, Léopold V, et al. Integrated transcriptional and competi-
tive endogenous RNA networks are cross-regulated in permissive molecular environments. Proceed-
ings of the National Academy of Sciences. 2013; 110(18):7154-9. https://doi.org/10.1073/pnas.
1222509110 PMID: 23536298

28. Bosson AD, Zamudio JR, Sharp PA. Endogenous miRNA and target concentrations determine suscep-
tibility to potential ceRNA competition. Molecular cell. 2014; 56(3):347-59. https://doi.org/10.1016/.
molcel.2014.09.018 PMID: 25449132

29. Fiannaca A, Paglia LL, Rosa ML, Rizzo R, Urso A. miRTissue ce: extending miRTissue web service
with the analysis of ceRNA-ceRNA interactions. BMC bioinformatics. 2020; 21(8):1-21. https://doi.org/
10.1186/s12859-020-3520-z PMID: 32938402

30. Wang, Xiong X, Hua X, Liu W. Expression and Gene Regulation Network of Metabolic Enzyme Phos-
phoglycerate Mutase Enzyme 1 in Breast Cancer Based on Data Mining. BioMed Research Interna-
tional. 2021; 2021.

31. Garon EB, Hellmann MD, Rizvi NA, Carcereny E, Leighl NB, Ahn M-J, et al. Five-year overall survival
for patients with advanced non—small-cell lung cancer treated with pembrolizumab: results from the
phase | KEYNOTE-001 study. Journal of Clinical Oncology. 2019; 37(28):2518. https://doi.org/10.1200/
JCO.19.00934 PMID: 31154919

32. ZhuC, Deng X, WuJ, Zhang J, Yang H, Fu S, et al. MicroRNA-183 promotes migration and invasion of
CD133+/CD326+ lung adenocarcinoma initiating cells via PTPN4 inhibition. Tumor Biology. 2016; 37
(8):11289-97. https://doi.org/10.1007/s13277-016-4955-8 PMID: 26951513

33. ZhaoB, HanH, ChenJ, Zhang Z, Li S, Fang F, et al. MicroRNA let-7c inhibits migration and invasion of
human non-small cell lung cancer by targeting ITGB3 and MAP4K3. Cancer letters. 2014; 342(1):43—
51. https://doi.org/10.1016/j.canlet.2013.08.030 PMID: 23981581

34. WangK, Saito M, Bisikirska BC, Alvarez MJ, Lim WK, Rajbhandari P, et al. Genome-wide identification
of post-translational modulators of transcription factor activity in human B cells. Nature biotechnology.
2009; 27(9):829-37. https://doi.org/10.1038/nbt.1563 PMID: 19741643

35. HsuS-D, Lin F-M, Wu W-Y, Liang C, Huang W-C, Chan W-L, et al. miRTarBase: a database curates
experimentally validated microRNA—target interactions. Nucleic acids research. 2011; 39(suppl_1):
D163-D9. https://doi.org/10.1093/nar/gkg1107 PMID: 21071411

36. XiaoF, Zuo Z, Cai G, Kang S, Gao X, Li T. miRecords: an integrated resource for microRNA—target
interactions. Nucleic acids research. 2009; 37(suppl_1):D105-D10. https://doi.org/10.1093/nar/gkn851
PMID: 18996891

PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi. 1010497  September 9, 2022 21/22


https://doi.org/10.1093/nar/gkv853
https://doi.org/10.1093/nar/gkv853
http://www.ncbi.nlm.nih.gov/pubmed/26304537
https://doi.org/10.1093/bioinformatics/btz314
https://doi.org/10.1093/bioinformatics/btz314
http://www.ncbi.nlm.nih.gov/pubmed/31510670
https://doi.org/10.1093/bib/bbw084
https://doi.org/10.1093/bib/bbw084
http://www.ncbi.nlm.nih.gov/pubmed/27677959
https://doi.org/10.1093/bioinformatics/bty124
http://www.ncbi.nlm.nih.gov/pubmed/29509844
https://doi.org/10.1093/bioinformatics/bty221
https://doi.org/10.1093/bioinformatics/bty221
http://www.ncbi.nlm.nih.gov/pubmed/29659721
https://doi.org/10.1101/gr.178194.114
http://www.ncbi.nlm.nih.gov/pubmed/25378249
https://doi.org/10.1093/nar/gkw443
http://www.ncbi.nlm.nih.gov/pubmed/27198221
https://doi.org/10.1073/pnas.1222509110
https://doi.org/10.1073/pnas.1222509110
http://www.ncbi.nlm.nih.gov/pubmed/23536298
https://doi.org/10.1016/j.molcel.2014.09.018
https://doi.org/10.1016/j.molcel.2014.09.018
http://www.ncbi.nlm.nih.gov/pubmed/25449132
https://doi.org/10.1186/s12859-020-3520-z
https://doi.org/10.1186/s12859-020-3520-z
http://www.ncbi.nlm.nih.gov/pubmed/32938402
https://doi.org/10.1200/JCO.19.00934
https://doi.org/10.1200/JCO.19.00934
http://www.ncbi.nlm.nih.gov/pubmed/31154919
https://doi.org/10.1007/s13277-016-4955-8
http://www.ncbi.nlm.nih.gov/pubmed/26951513
https://doi.org/10.1016/j.canlet.2013.08.030
http://www.ncbi.nlm.nih.gov/pubmed/23981581
https://doi.org/10.1038/nbt.1563
http://www.ncbi.nlm.nih.gov/pubmed/19741643
https://doi.org/10.1093/nar/gkq1107
http://www.ncbi.nlm.nih.gov/pubmed/21071411
https://doi.org/10.1093/nar/gkn851
http://www.ncbi.nlm.nih.gov/pubmed/18996891
https://doi.org/10.1371/journal.pcbi.1010497

PLOS COMPUTATIONAL BIOLOGY Development of ceRNAR package, a R tool for identifying ceRNA events

37. Paraskevopoulou MD, Georgakilas G, Kostoulas N, Vlachos IS, Vergoulis T, Reczko M, et al. DIANA-
microT web server v5. 0: service integration into miRNA functional analysis workflows. Nucleic acids
research. 2013; 41(W1):W169-W73.

38. Gaidatzis D, van Nimwegen E, Hausser J, Zavolan M. Inference of miRNA targets using evolutionary
conservation and pathway analysis. BMC bioinformatics. 2007; 8(1):1-22. https://doi.org/10.1186/
1471-2105-8-69 PMID: 17331257

39. Wong N, Wang X. miRDB: an online resource for microRNA target prediction and functional annota-
tions. Nucleic acids research. 2015; 43(D1):D146-D52. https://doi.org/10.1093/nar/gku1104 PMID:
25378301

40. Betel D, Koppal A, Agius P, Sander C, Leslie C. Comprehensive modeling of microRNA targets predicts
functional non-conserved and non-canonical sites. Genome biology. 2010; 11(8):1-14. https://doi.org/
10.1186/gb-2010-11-8-r90 PMID: 20799968

41. Kertesz M, lovino N, Unnerstall U, Gaul U, Segal E. The role of site accessibility in microRNA target rec-
ognition. Nature genetics. 2007; 39(10):1278-84. https://doi.org/10.1038/ng2135 PMID: 17893677

42. Loher P, Rigoutsos I. Interactive exploration of RNA22 microRNA target predictions. Bioinformatics.
2012; 28(24):3322-3. https://doi.org/10.1093/bioinformatics/bts615 PMID: 23074262

43. Agarwal V, Bell GW, Nam J-W, Bartel DP. Predicting effective microRNA target sites in mammalian
mRNAs. elife. 2015; 4:e05005. https://doi.org/10.7554/eLife.05005 PMID: 26267216

44. Goldman M, Craft B, Zhu J, Haussler D. The UCSC Xena system for cancer genomics data visualiza-
tion and interpretation. AACR; 2017.

45. Datar M, Gionis A, Indyk P, Motwani R. Maintaining stream statistics over sliding windows. SIAM journal
on computing. 2002; 31(6):1794-813.

46. da Silva MAF, de Carvalho RL, da Silva Almeida T. Evaluation of a Sliding Window mechanism as
DataAugmentation over Emotion Detection on Speech. Academic Journal on Computing, Engineering
and Applied Mathematics. 2021; 2(1):11-8.

47. Subramanian A, Tamayo P, Mootha VK, Mukherjee S, Ebert BL, Gillette MA, et al. Gene set enrichment
analysis: a knowledge-based approach for interpreting genome-wide expression profiles. Proceedings
of the National Academy of Sciences. 2005; 102(43):15545-50. https://doi.org/10.1073/pnas.
0506580102 PMID: 16199517

48. Olshen AB, Venkatraman E, Lucito R, Wigler M. Circular binary segmentation for the analysis of array-
based DNA copy number data. Biostatistics. 2004; 5(4):557—72. https://doi.org/10.1093/biostatistics/
kxh008 PMID: 15475419

49. Tickle T, Tirosh |, Georgescu C, Brown M, Haas B. inferCNV of the Trinity CTAT Project. Klarman Cell
Observatory, Broad Institute of MIT and Harvard. 2019.

50. WangK, LiM, Hadley D, Liu R, Glessner J, Grant SF, et al. PennCNV: an integrated hidden Markov
model designed for high-resolution copy number variation detection in whole-genome SNP genotyping
data. Genome research. 2007; 17(11):1665—74. https://doi.org/10.1101/gr.6861907 PMID: 17921354

51. SenA, Srivastava MS. On tests for detecting change in mean. The Annals of statistics. 1975:98-108.

52. Linn SC, West RB, Pollack JR, Zhu S, Hernandez-Boussard T, Nielsen TO, et al. Gene expression pat-
terns and gene copy number changes in dermatofibrosarcoma protuberans. The American journal of
pathology. 2003; 163(6):2383-95. https://doi.org/10.1016/S0002-9440(10)63593-6 PMID: 14633610

53. Consortium GO. The Gene Ontology (GO) database and informatics resource. Nucleic acids research.
2004; 32(suppl_1):D258-D61. hitps://doi.org/10.1093/nar/gkh036 PMID: 14681407

54. Kanehisa M, Goto S. KEGG: kyoto encyclopedia of genes and genomes. Nucleic acids research. 2000;
28(1):27-30. https://doi.org/10.1093/nar/28.1.27 PMID: 10592173

55. Anderson TW, Darling DA. Asymptotic theory of certain" goodness of fit" criteria based on stochastic
processes. The annals of mathematical statistics. 1952:193-212.

56. Weinstein JN, Collisson EA, Mills GB, Shaw KR, Ozenberger BA, Ellrott K, et al. The cancer genome
atlas pan-cancer analysis project. Nature genetics. 2013; 45(10):1113—-20. https://doi.org/10.1038/ng.
2764 PMID: 24071849

57. WangP, ZhiH, Zhang, LiuY, Zhang J, Gao Y, et al. miRSponge: a manually curated database for
experimentally supported miRNA sponges and ceRNAs. Database. 2015; 2015. https://doi.org/10.
1093/database/bav098 PMID: 26424084

PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi. 1010497  September 9, 2022 22/22


https://doi.org/10.1186/1471-2105-8-69
https://doi.org/10.1186/1471-2105-8-69
http://www.ncbi.nlm.nih.gov/pubmed/17331257
https://doi.org/10.1093/nar/gku1104
http://www.ncbi.nlm.nih.gov/pubmed/25378301
https://doi.org/10.1186/gb-2010-11-8-r90
https://doi.org/10.1186/gb-2010-11-8-r90
http://www.ncbi.nlm.nih.gov/pubmed/20799968
https://doi.org/10.1038/ng2135
http://www.ncbi.nlm.nih.gov/pubmed/17893677
https://doi.org/10.1093/bioinformatics/bts615
http://www.ncbi.nlm.nih.gov/pubmed/23074262
https://doi.org/10.7554/eLife.05005
http://www.ncbi.nlm.nih.gov/pubmed/26267216
https://doi.org/10.1073/pnas.0506580102
https://doi.org/10.1073/pnas.0506580102
http://www.ncbi.nlm.nih.gov/pubmed/16199517
https://doi.org/10.1093/biostatistics/kxh008
https://doi.org/10.1093/biostatistics/kxh008
http://www.ncbi.nlm.nih.gov/pubmed/15475419
https://doi.org/10.1101/gr.6861907
http://www.ncbi.nlm.nih.gov/pubmed/17921354
https://doi.org/10.1016/S0002-9440%2810%2963593-6
http://www.ncbi.nlm.nih.gov/pubmed/14633610
https://doi.org/10.1093/nar/gkh036
http://www.ncbi.nlm.nih.gov/pubmed/14681407
https://doi.org/10.1093/nar/28.1.27
http://www.ncbi.nlm.nih.gov/pubmed/10592173
https://doi.org/10.1038/ng.2764
https://doi.org/10.1038/ng.2764
http://www.ncbi.nlm.nih.gov/pubmed/24071849
https://doi.org/10.1093/database/bav098
https://doi.org/10.1093/database/bav098
http://www.ncbi.nlm.nih.gov/pubmed/26424084
https://doi.org/10.1371/journal.pcbi.1010497

