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Abstract

Proteins have a strong influence on the phenotype and their aberrant expression leads to diseases. Micro-
RNAs (miRNAs) are short RNA sequences which posttranscriptionally regulate protein expression. This
regulation is driven by miRNAs acting as recognition sequences for their target mRNAs within a larger
regulatory machinery. A miRNA can have many target mRNAs and an mRNA can be targeted by many
miRNAs which makes it difficult to experimentally discover all miRNA–mRNA interactions. Therefore,
computational methods have been developed for miRNA detection and miRNA target prediction. An
abundance of available computational tools makes selection difficult. Additionally, interactions are not
currently the focus of investigation although they more accurately define the regulation than pre-miRNA
detection or target prediction could perform alone. We define an interaction including the miRNA source
and the mRNA target. We present computational methods allowing the investigation of these interactions
as well as how they can be used to extend regulatory pathways. Finally, we present a list of points that should
be taken into account when investigating miRNA–mRNA interactions. In the future, this may lead to better
understanding of functional interactions which may pave the way for disease marker discovery and design of
miRNA-based drugs.

Key words MicroRNA, Target, Regulation, Posttranscriptional regulation, Pathway extension, MiR-
NA–mRNA interaction

1 Introduction

The central dogma in biology describes a programmed flow of
information from the genome to the phenotype [1]. However, as
many dogmas before (e.g., the earth being the center of the uni-
verse), this viewpoint is challenged and a better explanation for
reality can be gained by embracing relativity theory in biology
[2]. This highlights the importance of regulation for the overall
genetic programming which consists of many scopes including
epigenetic, transcriptomic, and proteomic. Life, manifested at all
scales, from metabolites to complete organisms, interplays and
thereby implements the genetic program with the genome
providing a parts list [2]. Posttranscriptional regulation via
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noncoding RNAs modifies protein abundance. Proteins can be
transcription factors or parts of biological machines and pathways
with direct involvement in transcription, closing the regulatory
loop. Currently, evidence is accumulating supporting transcription-
ally active miRNAs which are reimported into the nucleus [3],
providing a direct involvement of microRNAs (miRNAs) in tran-
scriptional control. Mature miRNAs are small (18–24 nt) noncod-
ing RNAs derived from hairpins involving a complex molecular
pathway [4]. These mature miRNAs act as recognition keys for
their target genes within silencing complexes such as RISC. Either
targeted mRNAs are silenced through endonucleolytic cleavage [5]
or the translation process is modulated by either increasing [6] or
decreasing protein abundance.

Regulation of gene expression is important and dysregulation
often leads to disease. MiRNA dysregulation has been implicated in
cancer, amyotrophic lateral sclerosis, and many other diseases.
MiRNAs are also potentially instrumentalized by viruses [7, 8]
and other organisms such as Toxoplasma gondii [9, 10] to modulate
the host environment to their advantage. This may also work vice
versa and there are accounts of human miRNAs shaping the gut
microbiome [11] but in general the miRNA-based communication
between host and microbiome is not yet well understood
[12]. MiRNAs can be detected experimentally using a number of
approaches such as degradome sequencing (Table 1).

Such approaches are time consuming and cannot investigate all
possible states of a biological system which is why top-down
computational ab initio prediction of miRNAs is important
[16]. The same holds true for miRNA targets which can be experi-
mentally detected using, for example, HITS-CLIP [17]. The mul-
tiplicity of miRNA targets further increases the challenge so that
computational methods are prerogative [18]. MiRNAs and their
target mRNAs can form a regulative network based on their source
transcripts. It is, therefore, important to combine transcriptional
and posttranscriptional regulation when investigating miRNAs and
their targets.

The further text is structured into three parts. First we discuss
miRNA detection including experimental and computational
methods. Information on miRNA functionality follows with a
focus on targeting. Finally, regulatory networks resulting from
miRNAs and their targets are introduced.

2 MicroRNA Detection

2.1 Experimental

miRNA Detection

Since the first discovery of miRNAs, many experimental and
computational approaches have been developed for their detection
and analysis. In earlier studies, such as the identification of let-7 in
Caenorhabditis elegans, forward genetic approaches were applied
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[19]. However, such methods are limited due to some character-
istics of miRNAs, for example, their small size [20]. Today, North-
ern blotting, microarray, NGS, and qRT-PCR are popular
experimental techniques used for detection and/or validation of
miRNAs, each of these methods having some inherent strengths
and weaknesses (Table 1).

Experiments will remain the golden standard for confirmation
of miRNAs, but it has become clear that it is not possible to capture
all miRNAs experimentally since they may only be expressed in low
quantity, at specific developmental times, or in specific tissues.
Therefore, computational detection of miRNAs has become
important.

2.2 Computational

miRNA Detection

Various tools have been designed for the in silico prediction of
miRNAs (Table 2). Although they may vary in numerous parts,
most of these programs rely on the secondary structure of the
miRNA precursor [45]. Algorithms such as RNAfold [46] not
only perform RNA secondary structure prediction but also calcu-
late the thermodynamic stability of the proposed RNA hairpin
structures. Available methods generally include (1) genome-wide

Table 1
Comparison of miRNA and miRNA target detection strategies

Method Advantage Disadvantage

Northern
Blotting

New and known miRNAs Need lots of RNA
Validation MiRNAs with low abundance

Low throughput
Low sensitivity
Time consuming

qRT-PCR Highest dynamic range and accuracy Throughput problems
Absolute quantification Normalization and specificity

Microarray Cheaper Not quantitative
Screening tool Lower sensitivity and dynamic range

NGS High sensitivity Artifacts/contamination
Detection of sequence variation Time consuming
New miRNAs Complex bioinformatics

HITS-CLIP Stringent isolation of the miRNA-
mRNA-Ago

Inefficient UV cross-linking
Requirement of large number of cells for library
preparationAnalyzing miRNA–mRNA

interactome

CLASH High-throughput identification Stringent purification
Independent of bioinformatic
predictions

Low efficiency of RNA-RNA ligation

Adapted and updated from [13–15]
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prediction of hairpin structures, (2) filtering and/or scoring of
those hairpins, and (3) experimental confirmation [45].

MiRNA gene prediction algorithms can be divided into several
categories. Usually, either homology modeling or ab initio meth-
ods are applied to extract possible miRNAs from a genome
[16]. Homology modeling is based on the idea that if a miRNA is
identified in one organism then it is possible that its homologs

Table 2
Selected computational tools for miRNA prediction

Tool Year Conservation Structure Sequence
Machine
learning

NGS
application

miRscan [21] 2003 + +

miRAlign [22] 2005 + +

ProMiR [23] 2005 + + + +

Triplet-SVM [24] 2005 + + +

miR-abela [25] 2005 + + +

RNAmicro [26] 2006 + + +

BayesMiRNAfind [27] 2006 + + +

miRFinder [28] 2007 + + +

miPred [29] 2007 + +

MiRRim [30] 2007 + + +

miRDeep [31] 2008 + +

miRanalyzer [32] 2009 + +

SSCprofiler [33] 2009 + + + + +

HHMMiR [34] 2009 + + +

MIReNA [35] 2010 + + + +

miRPara [36] 2011 + + +

miRNAFold [37] 2012 + +

miREval 2.0 [38] 2013 + + + +

miR-PREFeR [39] 2014 + +

miRBoost [40] 2015 + + +

iMiRNA-SSF [41] 2016 + + +

izMiR [42] 2017 + + + +

miRge2.0 [43] 2018 + + + +

The list is updated version from [44]. The list is sorted by publication year

178 Müşerref Duygu Saçar Demirci et al.



might be found in closely related species. Considering miRNA
families, using homology-based approach in the same organism
can be beneficial too. Since conservation is usually associated with
function, most of the predictions made by tools using homology-
based methods tend to be miRNAs. It has been shown that a
miRNA prediction approach developed by using available genome
sequences in castor bean (Ricinus communis) was able to detect
86.6% of miRNAs in Arabidopsis [47]. However, it is important to
note that lack of conservation in miRNAs does not imply absence of
function and that fast evolution of some miRNAs has been
observed [48]. Although homology-based methods are quite help-
ful for initial screening of candidate miRNAs, they have several
essential drawbacks. Most importantly, it is not possible to find
novel and/or species-specific miRNAs. Therefore, various ab
initio-based tools are developed for prediction of novel miRNAs.

Even though the ab initio approach does not directly rely on
conservation, it still uses information obtained from known miR-
NAs. The majority of such approaches utilizes machine learning
(ML) (Table 2) and specifically two-class classification. There are
many factors that affect the performance of the prediction scheme
but the most important one seems to be data quality [49]. Various
tools have been designed for miRNA prediction. Some of them are
constructed in a similar manner while others are using different
approaches to achieve the task (Table 2). When comparing available
tools and selecting one of them for analysis, the most important
criteria should be accuracy of their results. Although some mea-
surements like accuracy, sensitivity, and specificity are usually
reported in papers about such tools, it is not possible to compare
such values directly [42]. Based on a comparison of 15 tools in
terms of sensitivity (min: 55, max: 98) and specificity (min:
40, max: 98), none of them provides sufficient confidence for
experimental testing of all estimated 60 million miRNA-like struc-
tures found in the human genome [44]. Therefore, we recently
suggested using consensus approaches for more reliable predictions
rather than depending on any one tool [42].

Computational detection of miRNAs even in large eukaryotic
genomes is now possible which can be used to answer questions
such as about their locations within a genome and their multiplicity.
Some miRNAs have large number of copies spread throughout the
genome as for example for let-7. MiRNA copy number variation
may lead to disease [50] which adds value to answering such ques-
tions. MiRNAs may vary in respect to their abundance with which
they are encoded in a genome but their number of targets varies
even more widely.
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3 MicroRNA Targeting

MiRNAs follow a biogenesis pathway leading from their transcrip-
tion to their incorporation into RISC [51]. Within RISC they help
recognize their targets via sequence complementarity. The consen-
sus is that RISC binding to their target mRNAs primes them for
degradation or for translational repression when binding within the
30-UTR region of the target mRNA. There have been accounts of
translational activation when binding in the 50-UTR and reimport
of mature miRNAs into the nucleus leading to transcriptional
control but this is not discussed here. Experimental approaches
like PAR-CLIP [52], HITS-CLIP [53], and CLASH [54] are
currently employed for the investigation of miRNA-based targeting
(Table 1). Such techniques are limited to the availability of bound
miRNA–mRNA in large enough quantity for detection. Competi-
tion among miRNA with multiple targets, miRNAs, or targets only
expressed under specific conditions, and miRNAs or targets only
expressed in low quantities, adds to this problem. MiRNA targets
are stored in a number of databases such as miRTarBase [55] and
TarBase [56]. Some databases contain computational predictions
and others focus on experimentally validated targets (Table 3).

The experimental evidence points to the complementary bind-
ing of miRNA-loaded RISC to its targets as the most important
factor for miRNA function. This is important for the design of
computational methods for target prediction (Fig. 1). Investigation
of the binding potential of miRNAs leads to a separation of the
mature miRNA into seed region (nucleotides (1/2)-8 at 50) and
out region (30 portion of the miRNA). The seed region generally
forms perfect Watson-Crick complementarity with the target
mRNA.

Computational approaches reflect the importance of comple-
mentary binding and heavily rely on it for detection of miRNA
targets [18]. There are many means to classify computational tools
for miRNA prediction and a recent survey grouped them into
Web-based services, downloaded software, and R packages
[73]. They conclude that Web-based tools are the most frequently
used platform to predict miRNA–mRNA interactions and the top
three tools from this category are TargetScan [74], miRanda [75],
and DIANATools [76]. There has not been an independent assess-
ment of prediction accuracy of the multitude of miRNA target
prediction tools. Therefore, it cannot be judged whether preferen-
tial usage of these tools over standalone platforms and R scripts
presents a problem. According to Riffo-Campos et al. TargetScan
seems to be the most robust tool since its predictions have a higher
probability of being biologically validated due to usage
statistics [73].
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Table 3
Databases containing miRNA targets and software for the prediction of miRNA targets

Name Year Type Link

RNAhybrid [57] 2004 Webserver,
predictions

https://bibiserv.cebitec.uni-bielefeld.de/rnahybrid;
jsessionid¼791293b42354681cb4afa2201b63

PicTar [58] 2005 Database,
webserver,
predictions

https://web.archive.org/web/20080724163022/
http://pictar.bio.nyu.edu/

TargetScan [59] 2005 Database,
webserver

http://www.targetscan.org/vert_72/

RNA22 [60] 2006 Webserver,
predictions

https://cm.jefferson.edu/rna22/

TarBase [61] 2006 Database http://diana.imis.athena-innovation.gr/DianaTools/
index.php?r¼tarbase/index

NBmiRtar [62] 2007 Webserver,
predictions

http://wotan.wistar.upenn.edu/NBmiRTar/

PITA [63] 2007 Webserver,
predictions

https://genie.weizmann.ac.il/pubs/mir07/mir07_
data.html

Diana-microT [64] 2009 Webserver http://diana.imis.athena-innovation.gr/DianaTools/
index.php?r¼tarbase/index

miRecords [65] 2009 Database http://c1.accurascience.com/miRecords/

miRTarBase [66] 2011 Database http://mirtarbase.mbc.nctu.edu.tw/php/index.php

miRwalk [67] 2011 Database,
webserver

http://zmf.umm.uni-heidelberg.de/apps/zmf/
mirwalk2/

RepTar [68] 2011 Database http://bioinformatics.ekmd.huji.ac.il/reptar/

StarBase [69] 2014 Database https://web.archive.org/web/20110222111721/
http://starbase.sysu.edu.cn/

Cupid [70] 2015 Matlab script http://cupidtool.sourceforge.net/

MBSTAR [71] 2015 Webserver,
predictions

https://www.isical.ac.in/~bioinfo_miu/MBStar30.
htm

StarScan [72] 2015 Web-based
software

http://bioinformatics.psb.ugent.be/webtools/
startscan/

Fig. 1 Example duplex structure of a miRNA and its target mRNA. Seed sequence
(green) and out seed (blue) are indicated
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Unfortunately, the molecular biology of target binding is not
fully understood. Therefore, machine learning tools are used to
automatically learn them from known examples. To perform
machine learning, parameterization of the miRNA–mRNA duplex
(Fig. 1) is an important step. Peterson et al. reviewed the features
used by different computational tools for the prediction of miRNA
targets [77]. They found that the four main aspects of the miR-
NA–mRNA target interaction modeled in the tools reviewed are
seed match, evolutionary conservation, free energy, and site acces-
sibility. We recently investigated feature selection for miRNA target
prediction using machine learning and found large differences
depending on the parameters used [78]. Among the first computa-
tional tools for miRNA target prediction, Diana-microT deter-
mined interaction rules using bioinformatics with coupled
experimental validation and was able to predict all known
C. elegans miRNA targets. Many more tools have been developed
subsequently (Table 3). Another aspect of target site detection
involves the fast and accurate detection of approximately comple-
mentary matches. The miRanda algorithm for example employs
dynamic programming to optimally align miRNAs with their tar-
gets [79] but other approaches employ BLAST [80] or use differ-
ent heuristics for sequence alignment. RNAhybrid further includes
hybridization energy in its search for target sites [81]. Lai observed
very little overlap among the predicted targets identified by several
miRNA target prediction tools [82]. This could be explained by the
utilization of different feature sets which capture distinct target
sites. Sethupathy and colleagues [61] also compared miRNA target
prediction tools and found that about 30% of experimentally vali-
dated target sites are non-conserved which can also partially explain
the difference among tools found by Lai [82]. A large part of
features used model sequence conservation. Such features may
not generalize well since we were able to differentiate among target
sites from different species using sequence-based features
[83]. Yousef et al. developed a target-prediction method NBmiR-
Tar using machine learning with a naı̈ve Bayes classifier which does
not incorporate sequence conservation but generates a model from
sequence and miRNA–mRNA duplex information [62]. Training
and testing examples were derived from validated target sequences
and artificially generated negative data. NBmiRTar incorporates
information from the seed and the “out-seed” segments of the
miRNA–mRNA duplex (Fig. 1) and thereby produces fewer false-
positive predictions and fewer target candidates to be tested than
other methods.

Most recently, Riffo-Campos et al. reviewed miRNA target
tools and described the fundamental biology which these predic-
tion tools are based on. They also characterized the main sequence-
based algorithms, and offered some insights into their uses by
biologists [73]. Following miRNA target prediction, biomolecular
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validation is always necessary to confirm the miRNA-target gene
interaction. Thus a protocol for validation of a miRNA target
interaction is required. Different approaches are used for validation
such as cloning of a dual-luciferase miRNA target expression vector,
transfection of cells with this vector and a precursor miRNA
(pre-miRNA), and subsequent luciferase assay [84]. Many other
approaches such as degradome sequencing and methods in Table 1
are also used for validation. However the limitations of each valida-
tion approach need to be well understood. These limitations are
well summarized in a recent review of experimental techniques for
miRNA target identification [85]. Among the databases also giving
supporting experimental evidence, miRTarBase [86] is the most
updated resource for experimentally validated microRNA-target
interactions.

While many miRNA targeting tools and several target databases
are available, there still is a need to improve upon miRNA-targeting
prediction in respect to prediction accuracy and toward quantifying
the effect of the regulation. In the future, it would be beneficial for
target prediction to include measures for target-site binding
strength, target-site multiplicity on the target mRNA, and proxim-
ity to the stop of translation.

4 Detection of Gene: miRNA–Gene Interactions

MicroRNA detection and target prediction are important tasks.
However, miRNAs can only convey function when co-expressed
with their targets [87]. Therefore, it is important to refer to miR-
NA–mRNA interactions instead of analyzing miRNAs and their
targets independently. Experimentally, such interactions can be
analyzed using HITS-CLIP by cross-linking bound RNAs within
protein complexes, isolating them, and sequencing the associated
RNAs [53]. HITS-CLIP data was also instrumental in developing
computational methods for the analysis of miRNA–mRNA regu-
latory interactions [88]. The HITS-CLIP methodology allows for
the identification of functional interactions. Some limitations have
been overcome with the CLASH protocol [54]. These approaches
cannot replace computational methods, though, because it is not
feasible to perform such experiments for all species, developmental
stages, tissues, and external and internal stresses which affect regu-
lation. Therefore, computational predictions of hairpins and their
targets is an active area of research. A focus on miRNA–mRNA
interactions will further shape the field in the future.

We here define a miRNA–mRNA interaction in terms of source
gene interacting with its target gene, thereby abstracting all the
detailed biological pathways and focusing only on the regulative
role of the interaction. It needs to be noted that miRNAs can
originate from anywhere in a genome. About 50% of the miRNAs
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are located within transcription units (40% within introns) and the
other 50% are located in intergenic regions where they are usually
clustered [89]. For example, miRNAs can form clusters in inter-
genic regions of a genome and be transcribed in a coordinated
manner [90]. They are also co-transcribed with genes within their
exons or noncoding parts. For example, the DiGeorge syndrome
critical region gene 8 (DGCR8) contains a hairpin in its first exon
which can be recognized and cleaved by the microprocessor com-
plex leading to a truncated product and a miRNA [91]. We pre-
dicted more than 300 putative targets of the hairpin in human and
the following six target genes seem to be affected most with two
target-binding sites each: RASGRP1, LYNX1, TBC1D16,
KLHL28, IPO8, and DPF1. This also exemplifies that miRNAs
can have multiple targets. On the other hand, mRNAs can be
targeted by multiple miRNAs and can have multiple binding sites
per miRNA. Together, this can lead to a huge interaction network
(Fig. 2).

It is beneficial to filter this large network by actually expressed
interactions [92]. A complication exists for the acquisition of
sequencing data for miRNAs, which requires special sequencing
strategies since they are very short. Such expression data is often not
available in public data from, for example, the sequence read archive
[93]. Another approach, which is not dependent on short read
sequences, uses the expression of the enclosing transcription unit
as a measure for the expression of the miRNA. MiRNAs are often
part of genes (Fig. 3) and are co-transcribed with them. Therefore,
the expression of the gene can indicate the expression of miRNAs
co-expressed within UTRs or introns. MiRNAs from exons can be
treated in the same manner, but then it also needs to be taken into
account that the resulting mRNA is also structurally affected and its
sequence altered.

4.1 Databases

Containing MicroRNA

Targets

MiRNA and their targets are available in databases such as TarBase
and miRTarBase. These are based on predictions or text mining.
These databases also provide information about the evidence for
the targeting such as sequencing support. Degradome sequencing
has become a means of assessing functional miRNA–mRNA inter-
actions and plant data is available in DPMIND [94]. Most of the
target databases represent miRNA targets for the miRNAs available
in miRBase. However, in most cases the source gene or miRNA
cluster is not specified. Within the page source miRBase displays the
overlapping transcripts with the miRNAs it hosts but does not
visualize it in the web site, yet. Perhaps, this is a future feature
which still needs further scrutiny. Clearly, it is an important piece of
information facilitating the integration of miRNA and gene regu-
latory networks. Previously, we have constructed a database com-
piling the miRNA and target information from TarBase,
miRTarBase, and miRBase [95] which also includes the
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overlapping transcripts and can be queried using VANESA
[96]. Figure 3 shows a regulatory network including genes, miR-
NAs, and proteins. Generally, pathway databases like Reactome
[97] and KEGG [98] only include genes and their interactions.
Implicitly, the interactions represent gene products which include
transcription factors. VANESA facilitates the merging and enrich-
ing of KEGG pathways with miRNA interactions form the
integrated database [99]. Thereby, pathways can be extended and
can be investigated on multiple regulatory levels at the same time.

4.2 Other

Approaches to

Network Construction

The approach detailed above includes the origin of miRNAs in
network construction in addition to targeting knowledge. To the
best of our knowledge, no other approach takes this into account.

Fig. 2 Computationally predicted miRNA–mRNA interactions for Toxoplasma gondii forming a hairball that is
difficult to interpret [92]
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In general, networks are built from miRNAs (nodes) and their
functional similarity (edges) to predict or extend disease networks.
Le et al. refer to them as homogeneous networks and propose the
use of bipartite graphs consisting of miRNAs and genes as nodes
and their interactions as edges [100].

Regulatory networks that were established as pathways or dis-
covered for various diseases or extended in ways as described above
have also been employed for relating miRNAs to diseases. For this
one of the two assumptions are generally used: (1) miRNAs that are
associated with similar diseases must be similar, and (2) functionally
similar miRNAs likely lead to a similar disease phenotype
[101]. These assumptions lead to similarity measures or machine
learning methods which suggest whether a miRNA is implicated in
a particular pathway or disease [101].

In respect to (1) there are various methods to describe func-
tional similarity. For instance, the shared targets among miRNAs
can be used as a similarity measure [102]. Similarity for target gene
regulation patterns has also been used [103]. Gene ontology
enrichment of their targets was used to define similarity among
miRNAs [104] and was further extended including protein inter-
action networks [105].

Considering (2), many machine learning approaches have been
established. Different classifiers such as naı̈ve Bayes [102] and
support vector machines [103] were used. To remove the depen-
dency on negative data without quality guarantee, a semi-
supervised classifier was also used to prioritize candidate disease-
related miRNAs [106].

Text mining of scientific publications to establish miRNA–di-
sease associations has been employed to construct miRNA–disease

Fig. 3 A contrived example of a small regulatory network consisting of transcrip-
tion factors (orange ovals), genes (blue rectangles), and miRNAs (green rectan-
gles). Interactions are shown as lines with different arrowheads activating
(arrows) or deactivating (diamonds). TFs are explicitly modeled here to show
that three levels are cooperating to achieve regulation (genome, transcriptome,
and proteome)
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networks. Kandhro et al. extracted miRNA–lipid disease associa-
tions from literature and extended the resulting interaction net-
work with further miRNA target predictions [107]. Similarly,
Honardoost et al. used literature mining combined with database
(miRWalk and miRTarBase) extension for the investigation of
autoimmune disease-related miRNAs deregulated in Th17
cells [108].

Databases containing miRNA interactions such as miRWalk
[67] have been used to construct miRNA regulatory networks
using methodologies based in social network analysis to decipher
miRNA involvement in the regulation of intestinal epithelial cellu-
lar pathways [109].

4.3 Regulatory

Networks

Regulation is of crucial importance for the survival of the organism.
With thousands of genes and miRNAs and even more proteins and
metabolites that can interact on the molecular level, a large network
of interactions results. It is currently not feasible to construct a
comprehensive network let alone analyze it and, therefore, the
research focus is on smaller subnetworks (Fig. 4). An example for
regulation involving few partners is the microprocessor self-
regulation mentioned above: DGCR8 contains a hairpin in its
first exon which leads to a truncated protein product when the
hairpin is excised. The microprocessor complex posttranscription-
ally regulates its own expression by cleaving the hairpin [111]. This
presents a feedback loop where Drosha deactivates the micropro-
cessor in a dose-dependent manner. Very short feedback loops are
possible for example Fig. 3(1) where a miRNA co-expressed with
gene C inhibits the translation of the gene product. Other examples
not involving miRNAs are the myocyte-enhancing factor 2 and
twist genes in Drosophila which are single-gene feedback loops

Fig. 4 Recreated after [110]. A feed-forward loop (FFL) regulates PA and PtdIns
(4,5)P2 production. After ARF6 has activated PIP5K and/or PLD, a feed-forward
loop is activated in which PLD-dependent PA production leads to the activation
of PIP5K, PtdIns(4,5)P2, and PLD. Lipid enzymes are shown in orange and lipid
products in green. Black arrows denote activation of a downstream protein or
process, and green arrows denote conversion to a lipid product
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[112]. Such very small regulatory motifs come together to form the
overall regulatory network of an organism.

From the viewpoint of biological relativity, all scales of life
ranging from the genome to the phenome partake in regulation
and together represent the genetic program [2]. This entails a
comprehensive regulatory network which allows a holistic view of
an organism. Naturally, not all parts of the network interact at every
time while other parts may be very active. These interactions need
to be under tight time and space control and it is possible to find
regulatory motifs as substructures in the overall network such as
feedback loops and feed-forward loops (Fig. 4). Such motifs tie
together via gene products or miRNAs which interact with multiple
targets.

4.4 Regulatory

Motifs

For example, a gene may co-produce a miRNA within an intron,
which in turn downregulates the protein abundance of the same
gene (Fig. 3). This represents the shortest possible feedback loop
(FBL) including miRNAs. An equally short path would result from
a gene coding for a TF which downregulates the gene itself. An
example for this is PHOX2B [113]. Combined feedback loops
consisting of miRNAs, TFs, and genes (Fig. 3) can also be envi-
sioned. Such structures can represent molecular switches between
cell states. A double-negative feedback loop between the miR-200
family and ZEB1-SIP1, for example, represents such a switch
controlling the epithelial to mesenchymal transition [114]. Feed-
forward loops (FFL) involving TFs and miRNAs are formed when a
TF and an miRNA co-regulate a common target gene. This can, for
example, be useful for signal noise buffering [115]. Another func-
tion could be the suppression of “leaky” transcription of target
genes by reinforcing transcriptional control with posttranscrip-
tional control [116]. Such small motifs can further be combined
to larger regulatory motifs. Zhang et al. comprehensively summar-
ized the possible regulatory motifs concerning TFs and
miRNAs [117].

Perhaps not very intuitive at first glimpse, a very short path
regulatory structure exists (Fig. 5). The miRNA targets (A–C) are
all targeted by the same miRNA (for sake of simplicity, all outside
interactions are ignored). When the transcription of one of the
mRNAs (e.g.: mRNA A) increases while the miRNA expression
remains constant, more miRNA target sites become available, act-
ing as decoys. Thereby, the miRNA regulation is reduced for all of
its targets (Fig. 5). The effect is most noticeable if mRNA expres-
sion levels, the target site-binding strengths, their accessibility, and
multiplicity are similar for all targets [109].

In summary, miRNAs and their targets can be detected com-
putationally. MicroRNA source information is important for inte-
gration with pathways and pathway extension. Since not all
miRNAs or targets are known, other approaches to network
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extension such as using literature mining are needed. Understand-
ing regulatory pathways will be easier when regulatory motifs are
annotated. Incorporation of (relative) expression levels for all
players in such motifs will allow mathematical modeling of these
substructures using for example Petri nets [118]. In the future,
such motifs can be abstracted as circuits and combined into circuit
diagrams.

5 Conclusion

Since the discovery of miRNAs in 1993 these small RNAmolecules
involved in posttranscriptional gene regulation have sparked a lot of
research interest [19, 119]. They are generally thought to be
involved in the downregulation of protein abundance, but have
been shown to be involved in upregulation, as well. Recently,
evidence is accumulating that they can be reimported into the
nucleus where they are involved in transcriptional regulation. This
versatility of miRNAs is not currently modeled in available pathway
databases such as Reactome and KEGG. The methodology intro-
duced at the beginning of the previous section which extends
disease networks by miRNAs that are co-expressed with genes or
target genes in known pathways can be extended with adding
protein-protein interaction information. When that is done, all
other methods described afterwards are implicitly contained in
the solution if all miRNAs and their targets would be known or
could be predicted. VANESA is a tool facilitating this approach
[99, 120] including a database combining miRBase, miRTarBase,
and TarBase as well as granting access to KEGG and the protein

Fig. 5 Change in mRNA expression levels of one of the targets of one miRNA
leads to increased protein expression for all its targets. For this example,
assuming highly similar targets, mRNA A has two target sites for the miRNA,
which would lead to inactivation of twice the increase in expression for mRNA
A. Similarly, protein expression would increase by one-third of the expression
change per mRNA
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interaction databases Mint [121], IntAct [122], and HPRD
[123]. The system further supports modeling using Petri nets.
However, extension of networks with other means such as by
disease association as well as detection of regulatory motifs and
mapping of expression levels is not currently possible. Incorpora-
tion of expression information ensures that miRNA and targets are
co-expressed and that regulation is possible. It also indicates
whether regulation would lead to measurable effects. For example,
if target levels and target-site abundance among all expressed tar-
gets are high and miRNA expression is comparably low, no regu-
latory effect should be expected (Fig. 5).

Future studies involving miRNA regulation should thus con-
sider the following points:

1. Limitations of miRNA and target prediction algorithms or
databases hosting them

2. The sources for miRNAs (intergenic or genic)

3. Integration of miRNAs with known pathways

4. Extension of such pathways using various methods

5. Incorporation of expression data

6. Analysis of miRNA expression levels together with its target
(s) expression

7. Detection of regulatory motifs and their mathematical
modeling

Taking into account these information and making the result-
ing models FAIR similarly to data publishing guidelines [124] will
help assign function to miRNAs and ensure that miRNAs will be
employed as biomarkers and drugs for precision medicine in the
future.

References

1. Crick F (1970) Central dogma of molecular
biology. Nature 227:561–563

2. Noble D (2012) A theory of biological rela-
tivity: no privileged level of causation. Inter-
face Focus 2:55–64. https://doi.org/10.
1098/rsfs.2011.0067

3. Liu H, Lei C, He Q, Pan Z, Xiao D, Tao Y
(2018) Nuclear functions of mammalian
MicroRNAs in gene regulation, immunity
and cancer. Mol Cancer 17:64. https://doi.
org/10.1186/s12943-018-0765-5

4. Yousef M, Allmer J (2014) miRNomics:
microRNA biology and computational analy-
sis. Humana Press, Totowa, NJ

5. Iwakawa H, Tomari Y (2015) The functions
of microRNAs: mRNA decay and

translational repression. Trends Cell Biol
25:651–665. https://doi.org/10.1016/j.
tcb.2015.07.011

6. Ørom UA, Nielsen FC, Lund AH (2008)
MicroRNA-10a binds the 5’UTR of ribo-
somal protein mRNAs and enhances their
translation. Mol Cell 30:460–471. https://
doi.org/10.1016/j.molcel.2008.05.001

7. Grundhoff A, Sullivan CS (2011) Virus-
encoded microRNAs. Virology
411:325–343. https://doi.org/10.1016/j.
virol.2011.01.002

8. Skalsky RL, Cullen BR (2010) Viruses, micro-
RNAs, and host interactions. Annu Rev
Microbiol 64:123–141. https://doi.org/10.
1146/annurev.micro.112408.134243
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