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MicroRNAs and Cancer—The Search Begins!

Anastasis Oulas, Martin Reczko, and Panayiota Poirazi

Abstract—For almost three decades, cancer was thought to result
from changes in the structure and/or expression of protein coding
genes. The discovery of thousands of genes that produce noncoding
RNA (ncRNA) transcripts in the past few years suggested that the
molecular biology of cancer is much more complex. MicroRNAs
(miRNAs), an important group of ncRNAs, have recently been as-
sociated with tumorigenesis by acting either as tumor suppressors
or oncogenes. Experimental prediction of miRNA genes is a slow
process, because of the difficulties of cloning ncRNAs. Complemen-
tary to experimental approaches, a number of computational tools
trained to recognize features of the biogenesis of miRNAs have
significantly aided in the prediction of new miRNA candidates.
By narrowing down the search space, computational approaches
provide valuable clues as to which are the dominant features that
characterize these regulatory units and which genes are their most
likely targets. Moreover, through the use of high-throughput ex-
pression profiling methods, many molecular signatures of miRNA
deregulation in human tumors have emerged. In this review, we
present an overview of existing computational methods for iden-
tifying miRNA genes and assessing their expression levels, and
analyze the contribution of such tools toward illuminating the role
of miRNAs in cancer.

Index Terms—Cancer, computational prediction, microRNA
genes.

1. INTRODUCTION

icroRNAs (miRNAs) belong to a recently identified

group of the large family of noncoding RNAs [1]. The
mature miRNA, usually 21-25 nt in length, is originally de-
rived from a larger precursor, ~60-70 nt long, that folds into
an imperfect stem-loop structure. In animals, these miRNA pre-
cursors (pre-miRNA) are themselves derived from cleavage of
the primary miRNA (pri-miRNA) transcript by a multiprotein
complex made up of Drosha RNase III [2] and Pasha (partner of
Drosha), a double-stranded(ds) RNA-binding protein [3], [4].
After cleavage, miRNA precursors are transported into the cy-
toplasm by a cargo transporter called exportin 5 [5], [6]. Sub-
sequently, the miRNA precursors are cleaved into an imperfect
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dsRNA duplex by another endonuclease RNase III enzyme,
called Dicer [2], [7]. This duplex is composed of the mature
miRNA strand and its complementary strand, commonly noted
as miRNA*.

The mode of action of the mature miRNA in mammalian
systems is dependent on complementary base pairing to the
3’-untranslated region (UTR) of the target mRNA, thereafter
causing the inhibition of translation and/or the degradation of
the mRNA. Recent findings indicate that alterations in the ex-
pression of several miRNAs are often present in human cancers,
suggesting potential roles of miRNAs in carcinogenic processes.
For example, the expression levels of let-7 [8], miR-15a/miR-
16-1 cluster [9], and neighboring miR-143/miR-145 [10] are
found to be reduced in some malignancies, suggesting their
potential role as tumor suppressors. In contrast, some other
miRNAs, such as the miR-17-92 cluster [11]-[13] and miR-
155/BIC [14], are overexpressed in various cancers, suggesting
a possible oncogenic role. Furthermore, some miRNAs with al-
tered expression levels appear to be associated with certain ge-
netic alterations, such as deletion, amplification, and mutation.
Regions that are prone to such genetic alterations are commonly
referred to as cancer-associated genomic regions (CAGRs) and
fragile sites (FRA) [15]. MiRNA genes located within, or in
close proximity, to these regions have been suggested to be
associated with chromosomal events leading to carcinogenesis
(see Fig. 1). According to recent findings, miR-15a and miR-16a
are located at chromosome 13q14, a region deleted in more than
half of B cell chronic lymphocytic leukemias (B-CLLs) [17].
Detailed deletion and expression analysis showed that miR-15a
and miR-16a are located within a 30-kb region of loss in B-CLL
and that both genes are deleted or downregulated in the majority
(~68%) of B-CLL cases [9]. Chromosome 13q14 deletions also
occur in ~50% of mantle cell lymphoma, 16%—40% of multi-
ple myeloma, and 60% of prostate cancers, suggesting that one
or more tumor suppressor genes at 13q14 are involved in the
pathogenesis of these human tumors [17].

About 30% of miRNAs are found in the introns' of other
genes. It is generally thought that in most cases where the
miRNA lies in the same orientation, the miRNA is cotranscribed
with the host gene [18]. This can have obvious implications
when investigating genes that are highly expressed in certain
cancers, whereby the careful investigation of their intronic se-
quences can lead to the discovery of putative, intron-residing
miRNAs with a fundamental role in cancer development.

In this review, we provide an overview of existing compu-
tational tools for the identification of novel miRNA genes and
discuss the contribution of miRNA gene prediction toward un-
derstanding the biological background of cancer (schematically
shown in Fig. 1). In Section II, we explain the need for fast and
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Fig. 1.

MiRNAs as cancer players. Computational prediction initiates the search for putative miRNAs that play a role in tumorigenesis. Some of these proposed

mechanisms are experimentally proven, like the deletion of miR-15a/miR-16a cluster in B-CLL [9], [16], the c-myc overexpression by the reposition near a putative
miR promoter [15], or miR143/miR-145 cluster downregulation in colon cancers [10]. Figure adopted from Callin et al. [15].

cost-effective identification of novel miRNAs. In Section III, we
present the characteristics of miRNAs that have to be considered
in order to construct computational models that will successfully
predict new miRNAs. Section IV provides a historical overview
of the computational tools available to date while, Section V
provides a comparison of these tools and a summary of the cri-
teria for success. Finally, we suggest ways for further improving
the computational prediction of miRNA genes in the future and
discuss their contribution to the identification of novel cancer
players.

II. IDENTIFYING NOVEL miRNAs

Recent estimates show that over 30% of vertebrate genomes
is transcribed (expressed) [19], and out of this, only 1% is coding
genes, while the rest has to be various types of noncoding RNA
genes. Based on these findings, a vast amount of unexplored non-
coding areas are likely to exist in the human genome. Presently,
only ~700 human miRNA hairpin sequences are listed in the
miRNA registry (version 12), most of which have been ex-
perimentally verified, and it is anticipated that there may be
thousands more. In addition, the recent discovery of a number
of miRNA genes involved in various cancers [9], [14], [20]-[22]
has steered the interest of a large portion of the scientific com-
munity and the identification of novel miRNAs and associated
targets has become a very important and rapidly growing field.
In order to identify novel miRNA genes from different organ-
isms, flexible, reliable, and fast prediction methods are required.
Experimental prediction of miRNAs and their target interaction
is currently cumbersome. Some miRNAs are difficult to isolate
by cloning due to low expression, stability, tissue specificity, and
technical difficulties of the cloning procedure while selecting the
right genomic region to investigate is often a very challenging
task of its own. Furthermore, as shown from computational as
well as experimental evidence, miRNAs usually target more than

one gene, while target genes are frequently regulated by multi-
ple miRNAs [23]-[25]. This combinatorial mode of regulation
makes experimental characterization of miRNA and target inter-
actions very difficult and time-consuming. Computational pre-
diction of miRNA genes from genomic sequences offers a much
faster, cheaper, and effective way of identifying putative miRNA
genes and potential targets. Moreover, by predicting the location
of miRNA genes, these methods enable experimentalists to con-
centrate their efforts on genomic regions more likely to contain
novel miRNA genes, thus facilitating the discovery process.

The tools and algorithms for the computational prediction
of ncRNAs have been thoroughly reviewed previously [26]. In
this paper, we provide a review of the tools and algorithms that
have been specifically employed for computational prediction
of miRNAs. We further discuss the potential contributions of
these predictions toward deciphering the molecular biology of
cancer and the design of new prognostic tools.

III. COMPUTATIONAL PREDICTION USING miRNA SEQUENCE,
STRUCTURE, AND CONSERVATION

Accurate prediction of new miRNAs requires the consid-
eration of certain characteristic properties of miRNAs based
on either experimental [27]-[29] or computational evidence
[30]-[34] that can be used to build a classification scheme or
predictive model. These general features include sequence com-
position, secondary structure, and species conservation.

Initial approaches for computational prediction of miRNA
genes focused on simple sequence similarity searches, using
pairwise sequence alignment algorithms such as basic local
alignment tool (for nucleotides) (BLASTN) [35], in an attempt
to find possible homologues and orthologues of already cloned
miRNAs. This technique led to the discovery of several new
miRNAs [36], [37]; however, it failed to detect miRNAs that
lacked a certain degree of sequence similarity due to species
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Fig. 2. Criteria used by MiRscan to identify miRNA genes among aligned
segments of two genomes. The typical hairpin-like structure of miRNAs and the
seven components of the MiRscan score for mir-232 of C. elegans/C. briggsae.
Figure adopted from Lim et al. [32].

divergence. In order to overcome this limitation, prediction
methods made use of RNA secondary structure folding algo-
rithms. MiRNAs have a very characteristic hairpin-like (stem-
loop) secondary structure (see Fig. 2) in their precursor form.
Programs such as MFOLD [38] and RNAfold [39] predict RNA
secondary structure by free-energy minimization and have been
utilized in many studies in order to assess whether a certain ge-
nomic sequence (in an RNA form) has the capacity to fold into
the hairpin-like structure typical of miRNAs. Another charac-
teristic feature of most miRNAs is their profound conservation
across multiple different species (i.e., mouse and human), even
highly divergent ones (chicken and fugu). In general, regions
of the genome that are functional are expected to be evolution-
ary conserved across species, while regions that do not exhibit
any profound biological function should be less conserved. This
feature has significantly contributed to the prediction of novel
miRNAs using information of multiple sequence alignments
of whole genomes from a variety of different organisms. The
general observation is an island of conservation in a region of
otherwise unconserved genomic sequence denoting the pres-
ence of an miRNA precursor (a phenomenon later referred to as
phylogenetic shadowing).

IV. COMPUTATIONAL TOOLS FOR miRNA PREDICTION
A. Sequence-Based Prediction

Early prediction methods relied on sequence conservation
with already cloned miRNAs to predict novel miRNA genes.

69

For example, Quintana et al. [36] described the prediction of
34 novel miRNAs by tissue-specific cloning of approximately
21-nt RNAs from mice. Almost all identified miRNAs were
found to be conserved in the human genome and are also fre-
quently found in non-mammalian vertebrate genomes, such as
pufferfish. In heart, liver, or brain, it was found that a single,
tissue-specifically expressed miRNA dominates the population
of expressed miRNAs, suggesting a role for these miRNAs in
tissue specification or cell lineage decisions.

B. Sequence, Structure, and Closely Related Species
Conservation

The initial computational tools for miRNA gene prediction
used simple rules derived from sequence and structural fea-
tures of miRNA precursors. Conservation has also been used
as a feature but was limited to pairwise comparisons of closely
related organisms. Two representative approaches include the
MiRscan [32] and the miRseeker [40] tools.

MiRscan implements a supervised method whereby known
miRNAs are used as a training set to predict for novel miRNA
candidates. The method was applied to search for hairpin struc-
tures using RNAfold (free energy <-25kcal/mol) within se-
quences that are conserved between C. elegans and C. briggsae
(Washington University (WU)-basic local alignment search tool
(BLAST) cutoff E < 1.8). At first, 36 000 hairpins were pre-
dicted including 50/53 miRNAs previously reported to be con-
served between the two species. These 50 miRNAs were used
as a training set for the development of an MiRscan program.
MiRscan was then used to evaluate the 36 000 hairpins.

The MiRscan algorithm searches for several features of the
hairpin in a 21-nt sliding window that is shifted across the
hairpin. These features include: base-pairing, 3'-conservation,
5'-conservation, bulge symmetry, distance from the loop, and
initial pentamer properties, as illustrated in Fig. 2. The total
score for an miRNA candidate is computed by summing the
weighted score of each feature.

A three-part computational pipeline called miRseeker
was used for predicting miRNA genes in two Drosophila
species: D. melanogaster and D. pseudoobscura. The two
Drosophila genomes were first aligned to establish conserva-
tion. MiRseeker, which includes MFOLD, was then utilized to
identify Drosophila miRNA sequences. The algorithm’s effi-
ciency was assessed by observing its ability to give high scores
to 24 known Drosophila miRNAs. A key feature of miRseeker is
the consideration of pattern divergence as the authors detected
less selective pressure in the loop sequences of orthologous
precursor miRNAs.

The initial results concerning the conservation of miRNA
genes motivated researchers to further investigate the role of
this feature in miRNA gene prediction. This led to the devel-
opment of methods that utilized multiple, rather than pairwise,
sequence comparisons of closely related species. Furthermore,
later approaches began to investigate the conservation in the ge-
nomic location of miRNAs across different organisms. Two of
these approaches are described shortly.
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Prediction of novel miRNA genes using phylogenetic shadowing profiles representation of phylogenetic shadowing results in ten primate species for

a genomic region harboring two known miRNA genes. Pre-miRNAs and mature miRNAs are represented as light gray (or red) open and solid boxes on the
top of the figure, respectively. Intensity of blue indicates sequence coverage depth and background horizontal gray rectangles show the coverage of individual
monkey species. The bar below the alignment represents the nature of observed variations: dark gray (or blue)—no variation, light gray (or red)—substitution,

white—insertion/deletion. Figure adopted from Berezikov et al. [41].

C. Multiple Species Conservation and Conserved
Regions of Synteny

A strategy known as phylogenetic shadowing [41] is another
approach used to predict novel human miRNAs. This approach
is based on observing an island of conservation in a region of oth-
erwise unconserved genomic sequence denoting the presence of
an miRNA precursor. It considers multiple, rather than pairwise,
sequence comparison of closely related species and provides an
accurate method for identifying conserved regions down to the
nucleotide level. Comparison of sequences in [41] from more
than 100 miRNA regions in ten different primates revealed a
characteristic profile: variation in loop sequences, conservation
in stems of hairpins, and a significant decrease in conservation
of sequences flanking the hairpins. This pattern was used to
identify potential new miRNAs in pairwise alignments of more
divergent species, such as human and mouse or human and rat.
After additional filtering, such as looking at the folding free
energy of candidate sequences, 976 potential human miRNAs
were identified. This set contained over 80% of all known hu-
man miRNAs in release version 3.1 of the miRNA Registry
(http://microrna.sanger.ac.uk/sequences/). Northern blot analy-
ses combined with database searches reached a conservative
estimate of 200-300 verified novel human miRNAs, a twofold
increase over previous studies [29]. Fig. 3 shows an example of
how phylogenetic shadowing profiles over ten primate species
can be used to identify new miRNAs. Strong conservation over
all species is evident only for two well-known miRNA genes.

In another approach, the sequence comparison tool
BLAST-like alignment tool (BLAT) [42] was used to
compare the entire set of human and mouse precursor
and mature miRNAs in the miRNA Registry, version 2.2
(http://microrna.sanger.ac.uk/sequences/). This was one of the
first approaches to make use of full genome sequence align-
ments, the incentive being that human and mouse miRNAs
should reside in conserved regions of synteny® [37]. Results
were further filtered using secondary structure prediction tools
(MFOLD) and other criteria (G:U base pairings). This method
made use of the characteristic feature of some miRNAs to clus-

2In other words, miRNAs of humans and those of other closely related or-
ganisms should be located in areas surrounded by homologous genes of similar
function

ter together and show conservation in the location of clustering
with respect to the genes around them. The findings of this paper
included the prediction of 80 new putative miRNA genes (35
human and 45 mouse genes).

The computational approaches described so far utilize infor-
mation regarding closely related species and homology searches
using sequences of already cloned miRNAs. These methods
proved to be successful leading to the prediction of multiple new
miRNA genes. However, as they were bound by species similar-
ity, they eventually reached a prediction limit. To overcome this
obstacle, researchers turned their attention to the prediction of
miRNAs that do not show conservation to other known miRNAs
and are not highly conserved across closely related species.

D. Towards a More General Model for miRNA Prediction

One of the first tools that implemented nonconservation fea-
tures is miRAlign [43]. This tool detects new miRNAs based
on both sequence and structure alignment. Two main character-
istics make miRAlign distinct from existing homologue search
methods: first, the ability to find distant homologs does not
depend on sequence conservation of the whole pre-miRNA se-
quence nor the nearly perfect match of the ~22 nt mature part,
but a relatively loose conservation of the mature miRNA se-
quence. Second, more properties of miRNA structure conserva-
tion are considered. And unlike profile search methods, which
need relatively large family members to construct the profile,
miRAlign introduces a structure alignment strategy and can use
each single miRNA as a query to do homology search. In com-
parison with other tools, miRAlign was found to outperform
conventional BLAST search and easy RNA profile identifica-
tion (ERPIN) search [44] by achieving higher sensitivity and
comparable specificity. A main advantage of this method is the
prediction of more distant miRNA homologs or orthologs.

E. Next Generation of Tools

More sophisticated prediction tools make use of machine
learning algorithms to detect miRNA genes and employ a more
general approach whereby all three features of sequence, struc-
ture, and conservation are combined in a way that allows the
prediction of miRNAs on a full genome scale and is not lim-
ited to closely related species. These methods use true miRNAs
and “negative” samples to train and construct a model with
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Fig. 4.

Pairwise representation of stem—loop structures and state sequences of pre-miRNAs, where the state of each pair includes structural information and

mature miRNA region information (hidden states). (a) Structure of the pre-miRNA with the mature miRNA region shown in light gray. (b) Transition and emission
scheme of the structural states and the hidden states for pairwise sequence in the dotted rectangle shown in (a). (c) Four-state finite-state automaton. Figure adopted

from Nam et al. [45].

optimized sensitivity and specificity. Negative samples are usu-
ally hairpin-like sequences derived from 3’-UTRs, an area of the
genome with no documented miRNA genes. Next, we discuss
two such methods that utilize a probabilistic approach.

Nam et al. [45] constructed a highly specific probabilistic
colearning method based on the paired hidden Markov model
(HMM) to identify close homologs as well as distant homologs.
The topology and states of the HMM are handcrafted based
on prior knowledge and assumptions, and the probabilities are
derived from the data. This method combines both sequence
and structural characteristics of miRNA genes in a probabilis-
tic framework, and simultaneously decides if an miRNA gene
and the mature miRNA are present by detecting the signals for
the site cleaved by Drosha. As shown in Fig. 4, each paired
nucleotide position on the pre-miRNA is represented using hid-
den states (true or false) with positions on the mature miRNA
denoted as true. Structural information describing whether the
paired nucleotides are in a match or mismatch state is also in-
cluded. Nam et al. [45] employed this HMM to predict novel
miRNA genes and finally filtered their candidates using conser-
vation across multiple divergent species. The authors validated
their candidates by examining the accumulation of pri-miRNAs
in the cells depleted of Drosha.

In another interesting approach [34], Yousef ef al. used a
simple naive Bayes classifier to predict miRNA genes. Given
an example X = (z1,...,x,), where z; denote the different
miRNA features, the method searched for a class C' that maxi-
mizes the likelihood: P(X|C) = P(zy,...,x,|C). The (naive
Bayes) assumption of conditional independence among the fea-
tures, given the class, allows expression of this conditional prob-
ability P(X|C) as a product of simpler probabilities

P|o) =] _, P(lo). (1)

This method generates the model automatically and identifies
rules based on the miRNA gene sequence and structure, thus
allowing prediction of nonconserved miRNAs. In addition, the

method uses a comparative analysis over multiple species to
reduce the false positive (FP) rate. This allows for a tradeoff be-
tween sensitivity and specificity. Based on findings over multiple
genomes, this method appears to be applicable to a wide vari-
ety of eukaryotes. The resulting algorithm demonstrates higher
specificity and similar sensitivity compared to currently avail-
able algorithms, which use conserved genomic regions to reduce
false positives [32], [40], [46]. Like Nam et al. [45], rather than
relying on miRNAs homology between related species, Yousef
et al. [34] directly use features of the miRNA sequence and
secondary structure. However, in contrast to Nam et al. [45],
the naive Bayes classifier is trained to identify miRNAs di-
rectly from the data, rather than handcrafting a model. In this
study, prior knowledge is used for initial filtering of the data,
but not for constructing the model. The naive Bayes classi-
fier is a standard model with no domain-specific assumptions
(apart from the usual conditional independence assumptions
inherent to the model). In addition, whereas Nam’s model was
trained and tested on a single type of data (136 human miRNAs)
with respect to a restricted set of negative examples, in the
Yousef study, the model was trained and tested using a variety of
miRNAs from multiple organisms. Yousef ef al. demonstrate
that the results obtained by training and testing, using arbitrarily
selected numbers of negative samples, are highly sensitive to the
size of the negative set. Hence, to overcome this problem, they
use multiple sources of miRNAs. By integrating data from mul-
tiple species, it appears that the learning process is stabilized.
The explanation for this is that distribution of the positive data
used for training the classifier better represents the variety of
miRNA classes. It is clear that by providing more examples for
training and testing, the classifier demonstrates better general-
ization. Moreover, a model is constructed that is more likely to
be applicable to a variety of genomes.

Another class of supervised algorithms that have been com-
monly used for miRNA gene prediction are support vector
machines (SVMs) [30], [31], [33], [47], [48]. Xue et al. [48]
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proposed a set of novel features of local contiguous structure—
sequence information for distinguishing the hairpins of real pre-
miRNAs and 1000 pseudo pre-miRNAs. SVMs were applied
on these features to classify real versus pseudo pre-miRNAs,
achieving approximately 90% accuracy on human data. Re-
markably, the SVM classifier built on human data can also cor-
rectly identify up to 90% of the pre-miRNAs from other species,
including plants and virus, without utilizing any comparative
genomics information.

Various different approaches base their methodology on the
different features and characteristics of miRNAs. An interesting
case is the study by Sewer et al. [33], which focuses on genomic
regions around already known miRNAs in order to incorporate
the observation that miRNAs are occasionally found in clus-
ters. Starting with the known human, mouse, and rat miRNAs,
the authors scanned 20 kb of flanking genomic regions for the
presence of putative precursor miRNAs (pre-miRNAs). Each
genome was analyzed separately, allowing the evaluation of the
species-specific identity and genome organization of miRNA
loci. Only cross-species comparisons were used to make con-
servative estimates of the number of novel miRNAs. This ab
initio method predicted between 50 and 100 novel pre-miRNAs
for each of the considered species. Around 30% of these miR-
NAs have already been experimentally verified in a large set of
cloned mammalian small RNAs [49].

FE. Methods Designed to Complement Other Tools

In addition to the numerous stand-alone tools for miRNA
gene prediction, a number of programs have been developed to
complement and refine the results of existing software.

The program RNAmicro [31] is designed specifically to work
asa “subscreen” for large-scale ncRNA surveys with RNAz [50].
The goal of RNAmicro is thus a bit different from that of specific
surveys for miRNAs in genomic sequences: in the latter case,
one is interested in very high specificity so that the candidates
selected for experimental verification contain as few false posi-
tives as possible. RNAmicro, in contrast, tries to provide an an-
notation of the RNAz survey data, in order to provide a more bal-
anced tradeoff between sensitivity and specificity similar to that
of annotating protein motifs in predicted protein coding genes.

RNAmicro presents an SVM-based classification for mi-
croRNA precursors that is designed to evaluate the information
contained in multiple sequence alignments. It consists of: 1)
a preprocessor that identifies conserved “almost-hairpins” in a
multiple sequence alignment; this is done by extracting win-
dows of length L in 1-nt steps from the input alignment. For
each window, consensus sequence and consensus structure are
computed using the RNAalifold algorithm [39] implemented in
the Vienna RNA package [39]. The automaton is then used to
analyze the consensus secondary structure, which is obtained in
“dot-parenthesis” notation; 2) A module that computes a vector
of numerical descriptors from each “almost-hairpin;” and 3) a
support vector machine used to classify the candidate based on
its vector of descriptors.

Based on the fact that mature miRNAs are processed from
long hairpin transcripts by Drosha, another study describes an
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Fig.5. Microprocessor processing site prediction improves miRNA gene pre-
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acteristic (ROC) curve for the microprocessor SVM predictor that was trained
on true versus false processing sites in pri-miRNAs. The solid line shows the
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versus random hairpins on top of the results from other prediction tools. True
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tivities and specificities reported by Sewer et al. [33], Nam et al. [45], and Xue
et al. [48]. (b) Detailed excerpt of (a). Figure adopted from Xue et al. [48].

SVM classifier that can separate between true and false process-
ing sites [30]. Even though it is only the first of several steps,
the initial Drosha processing defines the mature product and is
characteristic for all miRNA genes. Methods that can separate
between true and false processing sites are therefore essential to
miRNA gene discovery.

This later study [30] describes an SVM classifier that can
predict 5’ microprocessor processing sites in human 5’ miRNAs
with 50% accuracy. A microprocessor site corresponds to the
position where cleavage is presumed to take place by Drosha.
Importantly, if the predicted site is wrong, the actual site is
within 2 nt of the predicted site in about 90% of the cases. This
microprocessor SVM can be useful as a postprocessor for exist-
ing tools that only predict whether hairpins are likely miRNAs.
Furthermore, microprocessor processing site predictions can be
used to create another miRNA gene classifier that performs bet-
ter than currently available methods for predicting unconserved
miRNAs. As shown in Fig. 5, microprocessor is not very
effective as a stand-alone tool; however, other prediction tools
are improved upon postprocessing using microprocessor.

Since microprocessor SVM predicts the 5’ processing site,
predictions of the 3’ processing site—and as a consequence,
3’ miRNAs—will be less accurate. Nevertheless, the second
miRNA gene classifier performance is independent of whether
the mature miRNA is from the 5’ or 3’ stem. By using the two
classifiers to analyze 130 recently published miRNA sequences
[51], this study further shows that several of these sequences
do not share the characteristics of previously known miRNAs.
Importantly, the lack of common characteristics as measured
by these classifiers correlates with a lack of evidence for the
reported sequences being miRNAs. This correlation suggests
that current databases may contain falsely annotated miRNAs.

V. TooL COMPARISON AND CRITERIA FOR SUCCESS

Given the availability of numerous methods for miRNA gene
prediction, a comparison of their capabilities and limitations
is much needed. In general, the success degree of such tools is
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TABLE I
COMPARISON OF 12 miRN A PREDICTION TOOLS

Features Cloning | MiRscan_| miRseeker | pl [ Blatting | miRAlign | ProMir | Bayes-classiier | Xue [ Sewer [ RNAmicro | Microprocessor SVM
Sequence
Directly’ x| [ [ [ [ % T x ] X [ x X [ x X
Ingirectly | x T x ] X | | | | [ | | [
Structure
Base paifing X X X X X X X X
Hairmpin X X X X X X X X
Bulges/Loops X X X X X X X X
Mature location X X
Themodymamic temp X X X X X X X X X X
Conservation
Pairwise X X X
Conserved synteny X
Conserved clustering X
Multiple species X X X

ay
Bruteforce X X
Homology based X X
SVM X X X X
Probablistics X X X
Cor other tools X X
Performance
sensitivity 0.74% 75% 73% 97% 93.3% 64% 90% 90%
specificity 96% 91% MS‘SWM 64% 78%

¥

species S:rr::tgde Drosophila fuman mouse s;lJJec[ies Humar:,aT e human human
Relevant Reference [32] [40] [41] [42] [43] [45] [34] [48] [33] [31] [30]

Table shows the included in each tool, the performance achieved, and the species specificity.

3 Directly in the sense that the nucleotide distribution in the sequence is taken into consideration, i.e., GC content. Indirectly refers to the use of sequence to derive structure.

largely dependent on the biological information that goes into
building them. As shown in Table I, initial tools utilizing solely
sequence and closely related species conservation did not have
very high prediction accuracy. Subsequent methodologies that
also took into consideration biological information such as
structure and multiple species conservation for filtering their
predictions resulted in significant improvements. The simul-
taneous consideration of this information is another important
criterion for success. Considering all of these features at once
is more informative than undertaking a pipeline approach,
whereby the different features are used sequentially to predict
novel miRNAs. A number of sophisticated machine learning
algorithms are now used to build models trained to recognize
all of these features in parallel rather than the linear approach
adopted by initial brute-force methods (see Table I). For the suc-
cessful training of these algorithms, special care must be taken
when selecting positive and negative training examples since
online databases may contain false positives and the definition
of a negative miRNA remains unclear. Most papers use 3-UTR
regions to draw their negatives. However, the fact that no
miRNA has been documented to exist within these regions does
not mean that such an observation will not occur in the future.
Furthermore, sensitivity and specificity are directly affected
by the number as well as the quality of negative and positive
samples [34], so initial results from one study may change if
the dataset from another study is used and vice versa. Table I
summarizes the optimal performance achieved by 12 miRNA
prediction tools as well as the species specificity of each tool.
While great advances have been made over the last decade
in computational identification of miRNA genes, there is plenty
of space for improvement. Computational tools will become
much more accurate when more biological information regard-
ing miRNA biogenesis and regulation is available. One of the
bottlenecks in in silico prediction of miRNAs is the identifica-
tion of the mature miRNA sequence on the miRNA precursor.

The small size of the mature (22 nt) limits the sequence, struc-
ture, and conservation information available within and around
this region. Improvement will also result from the incorporation
of novel features such as the flanking region around the miRNA
gene and what information it can provide as to hint for the pres-
ence of an miRNA gene in the vicinity. We believe that a more
complete picture will emerge as tools that are capable of pre-
dicting tertiary structure of miRNAs (such as pseudoknots, [52])
become available.

This will transform a 2-D problem into a 3-D one, reflecting
more accurately the conditions found in the cell. As a final note
to this section, it is important to mention that the development of
these tools is tightly linked to biological research. The success-
ful evolution of these tools demands that developers keep track
of novel biological findings that often change the way informa-
tion should be used. A characteristic example of this is the use of
Drosha processing sites in the microprocessor [30] study men-
tioned earlier. It was recently shown that intronic microRNA
precursors may bypass Drosha processing [53].

VI. DISCUSSION
A. Role of MicroRNAs in Cancer

The unique biogenesis of miRNAs as well as their characteris-
tic features (sequence structure and conservation) differentiates
them from other ncRNAs and facilitates their computational pre-
diction. Due to their implication in several diseases, including
cancer, these tiny molecules are already the target of intensive
research aiming at novel pharmacological interventions. Com-
putational tools are thus very useful for the efficient and fast
prediction of novel miRNAs as well as their targets.

Multiple miRNAs associated with various cancers have been
identified by computational methods. Representative examples
that were predicted by sequence homology to already cloned
mouse miRNAs include the miR-143 [36] involved in colorectal
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cancer [10], miR-125b (lin-4) and miR-145 that are implicated
in breast cancer [54], miR-106a that is believed to play a
regulatory role in colon, pancreas and prostate cancer [55], and
mir-155 that is associated with Hodgkin lymphoma (HL), B cell
lymphomas (BCL), pediatric Burkitt lymphoma (BL), breast,
and lung cancer as well as poor survival [14], [56]-[59]. Fur-
thermore, a large study predicted multiple vertebrate miRNA
genes using conservation with mouse and Fugu rubripes
sequences [29] and the score given by MiRscan. MiRNAs
predicted in this study include mir221/222 that are involved
in papillary thyroid carcinoma [60] and glioblastomas [61],
hsa-mir-192 thatis shown to have reduced expression in colorec-
tal neoplasia [10], hsa-mir-196a-1 that was cloned from human
osteoblast sarcoma cells [62], and hsa-mir-210 that is implicated
in Kaposi’s sarcoma-associated herpes virus infections [63].

According to a large-scale bioinformatics study by Calin
et al. that made use of information from online databases, more
than 50 known human miRNAs reside within CAGRs and FRA
sites [15]. These findings indicate a connection between the
genomic location of miRNAs and regions prone to alteration in
cancer. Many of these connections as well as other associations
between miRNAs and cancer, including multiple computa-
tionally predicted miRNAs, have been verified experimentally.
Some of this experimental evidence is reviewed shortly.

As mentioned previously, one of the first experimentally ver-
ified connections between CAGRs and miRNAs concerned the
mir-15a and mir-16-1 cluster that is located within a minimal
region of loss of heterozygosity (LOH) at the 13q14.3 locus, a
region commonly deleted in B-CLLs [9]. Similar results from
another study provided experimental evidence that 28 miRNAs
are differentially expressed in colonic adenocarcinoma when
compared with normal mucosa [10]. Among these, mir-143 and
mir-145 consistently displayed reduced steady-state levels in
colorectal cancer.

Further support for the role of miRNAs in cancer came from a
study utilizing array-based comparative genomic hybridization
(aCGH) to screen different types of cancer for the presence of
miRNA alterations. For the 283 known miRNAs subjected to
this analysis, 37.1% were found to exhibit DNA copy number
alterations in ovarian cancer, 72.8% in breast cancer, and 85.9%
in melanoma, displaying an overall distinct miRNA genomic
alteration pattern for each tumor type [22]. This research pro-
vided further evidence that miRNAs could potentially act as
oncogenes Or tumor Suppressors.

The let-7 family members are another example of miRNAs
that reside within a fragile site [15] implicated in lung can-
cer [8]. Experimental evidence shows that le-7 miRNAs are
significantly downregulated in lung cancer, and when they are
ectopically overexpressed in lung adenoma cell lines, they are
able to inhibit cell growth, indicating that they can function
as tumor suppressors [8]. Furthermore, the expression levels
of the let-7 family members in lung cancer were shown to be
negatively correlated with RAS, a very well known oncogene,
indicating a possible repression of RAS by these miRNAs [64].

A well-known genomic alteration in human cancer is the
frequently amplified 13q31 locus in lymphoma. The oncogene
involved in this type of cancer was unidentified until scientists

looked closer at the noncoding C130rf25 gene that was shown
to contain the large mir-17-92 miRNA cluster. He et al. [60]
later found that the expression of six miRNAs was significantly
correlated with the gene dosage of C130rf25 [12]. Five of these
miRNAs belonged to the mir-17-92 cluster. Indeed, the precur-
sor of mir-27-92 is upregulated more than fivefold in ~65% of
B cell lymphoma. In parallel with this study, an independent
group also found that the mir-17-92 cluster is involved in B cell
lymphoma. The miRNA expression profile analysis of a human
B cell line revealed that the miRNAs of the mir-17-92 clus-
ter are significantly upregulated when c-myc (a very powerful
oncogene) is turned on [65].

The overexpression of mir-155, which also resides in a fragile
site, was first reported in children with BL [14]. Subsequent
studies showed that it is also upregulated in BCL and HL [56],
[58], as well as breast [54] and colon carcinoma [55]. Mir-155
is transcribed together with the noncoding gene bic, which has
been shown to be overexpressed and promote B cell lymphoma
in cooperation with myc [66], [67].

Despite the body of evidence supporting a role of miRNAs in
cancer, their exact mechanism of action remains to be elucidated.
Toward this goal, miRNA target prediction tools can offer a first
indication as to which target genes are regulated by miRNAs,
thus providing new insights regarding their specific functions
and guiding future experiments.

Experimental verification of computational predictions will
be the ultimate step in revealing the molecular pathways of
miRNA regulation and characterizing their involvement in
cancer.

B. Expression Profiling for miRNAs

Expression profiling analysis of protein-coding genes has al-
ready provided deep insights into cancer biology and cancer
diagnosis. High-throughput profiling methods are also increas-
ingly used for genome-wide assessment of expression profiles
of mature miRNAs. Using microarrays, a recent study showed
that miRNAs often exhibit tissue-specific expression signatures,
and that these signatures may be implicated in tissue differenti-
ation [68]. As shown in Fig. 6(a), expression profiling analysis
revealed the differential expression of miRNAs across differ-
ent types of cancers. Interestingly, these alterations are more
frequently associated with downregulation than upregulation of
miRNAs. Since miRNAs are believed to regulate tissue differen-
tiation [68], this association may reflect differentiation defects
commonly found in cancer cells. The hierarchical clustering in
Fig. 6(a) also shows that specific signatures may exist for each
cancer type, suggesting that miRNA may be used for cancer clas-
sification and perhaps prognosis prediction. Lu et al. [21] com-
pared expression profiles of miRNAs and mRNAs, and showed
that miRNA expression profiles are superior for tumor-type clas-
sification of poorly differentiated cancers [see Fig. 6(b)]. This
observation further validates the inherent relationship of miR-
NAs with differentiation state as well as developmental lineage.

A more general role for miRNAs and cancer was recently
suggested by Vilonia et al. In this study, the expression profile
of 228 miRNAs in 540 samples of six different solid tumors



OULAS et al.: MICRORNAS AND CANCER—THE SEARCH BEGINS!

i

il

I

Fig. 6. (a) Hierarchical clustering of miRNA expression. miRNA profiles of
218 samples from several different cancer tissues (denoted by the gray-scale or
color scheme) shows that tumors of the same cancer can be grouped together
based on miRNA gene expression profiling (average linkage, correlation sim-
ilarity). Samples are in columns, miRNAs in rows. Samples of epithelial (EP)
origin or derived from the gastrointestinal tract (GI) are indicated. (b) Compar-
ison of miRNA data and mRNA data. For 89 epithelial samples from (a) that
had mRNA expression data, hierarchical clustering was performed. Samples of
GI origin are shown in dark gray (or blue). GI-derived samples largely cluster
together in miRNA expression space, but not in mRNA expression space. Figure
adopted from Lu et al. [21].

(lung, gastric, colon, breast, prostate, and pancreas) was
analyzed. Results revealed a common signature composed of
21 miRNAs that are differentially expressed in at least three
tumor types [55]. The list of differentially expressed miRNAs
contained well-characterized cancer-associated miRNAs,
including miR-17-5p, miR-20a, miR-21, miR-92, miR-106a,
and miR-155. One miRNA, mir-21, was overexpressed in all six
types and two, mir-17-5p and mir-191, were overexpressed in
five types of cancer. Overexpression of mir-21 in glioblastoma
may promote cell growth, and thus, a more malignant phenotype
by blocking expression of critical apoptosis-related genes [69].

In contrast to the report by Lu et al. [21], most of the miRNAs
identified in Vilonia study showed upregulation in cancers. It is
currently unclear whether this apparent discrepancy resulted
from the use of different technical platforms or differences in
the sample numbers and tissues analyzed. The fact that some
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of the miRNA levels were high in all or most of these tumors
implies a general role in oncogenesis.

C. Concluding Remarks

The amount of work supporting a pivotal role of miRNAs in
cancer is rapidly growing over the last few years, indicating that
these molecules may soon become the focus of cancer-related
research. Computational miRNA gene prediction tools can pro-
vide invaluable information regarding the location of putative
miRNA genes in the genome, thus guiding and complementing
the slow experimental procedures commonly used. As a caution-
ary note, we should stress that for any computational model to
prove its value, the predicted miRINA genes or at least a sample
of highest scoring candidates should be experimentally veri-
fied. Unfortunately, this combined approach has only been used
in a couple of studies [41], [45], mostly because experimental
verification involves technical problems that can be difficult to
solve. An example is whether or not the predicted miRNA gene
candidate is expressed in the tissue culture used to perform the
experiments, an issue that is currently being addressed by tilling
arrays [70]. As more and more miRNAs are discovered, high-
throughput methods such as microarrays will allow for a global,
genome-wide expression profile of miRNAs. Recent microarray
experiments, using various tumor tissues, hint to either a down-
regulation of miRNAs, alluding to a tumor suppressor role, or
an upregulation of miRNAs, indicating an oncogenic function.
Future experiments are expected to further characterize the tis-
sue specificity of particular miRNAs, provide unique miRNA
gene signatures that define certain cancer types, and open up
new avenues for cancer prognosis and treatment.
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