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SUPERVISED LEARNING
METHODS FOR MicroRNA

STUDIES

Byoung-Tak Zhang and Jin-Wu Nam

MicroRNAs (miRNAs) are a large functional family of small noncoding (nc) RNAs
that play a role as posttranscriptional regulators by repressing the translation of
mRNA.Recently, it has also been reported thatmiRNAs are involved in cancer-related
processes functioning themselves as oncogenes or tumor suppressors. Therefore,
miRNAsare important for investigating the regulationofgene expression aswell as for
understanding the pathogenesis of specific diseases. In this chapter, we identify the
computational issues involved with miRNA studies and review machine learning
methods proposed for solving them. In particular, we classify supervised learning
methods into three major categories: kernel methods, probabilistic graphical models,
and evolutionary algorithms. We then describe their application to the prediction of
miRNAs and their target genes. We also discuss the emerging issues in miRNA
research and suggest somenewdirectionsof future research from themachine learning
point of view.

16.1 ISSUES IN CURRENT miRNA STUDIES

16.1.1 Definition of miRNAs and Their Functions

Large fractions of what was until recently considered junk DNA in eukaryotes are
indeed turned out to be transcribed, and many researchers now believe that they may

Machine Learning in Bioinformatics. Edited by Yan-Qing Zhang and Jagath C. Rajapakse
Copyright � 2009 by John Wiley & Sons, Inc.

339



play a role as fundamental for understanding genomes as that of dark matter for
understanding cosmological phenomena [1]. Recently, the truth that small noncoding
RNAs—most of which sit in junk DNA—control much of posttranscriptional gene
regulation has changed the concept for eukaryotic regulatory systems and finally has
forced reconsideration of the original “central dogma” of gene information flow.
Among various small RNAs, those of �22 nucleotides, known as microRNAs, are
positioning as key molecules.

MicroRNAs, constituting a large family of noncoding small RNAs, directly take
part in posttranscriptional regulation (Fig. 16.1). MiRNAs are defined as single-
stranded RNAs of �22 nucleotides (nt) in length (range 19–25 nt) generated from
endogenous transcripts that can form local hairpin structures [3]. They act by binding
to the complementary sites on the 30 untranslated region (UTR) of the target gene

Figure 16.1 Processing and posttranscriptional regulation of miRNA. Source: Ref [2].
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to induce cleavage with near-perfect complementarity or to repress productive
translation [3]. MiRNAs function in various cellular processes, such as enzyme
regulation, development, differentiation, growth, and death. In particular, they regu-
late cancer-related processes, so theymight themselves function as oncomirs (analogs
of oncogenes) or tumor suppressors [4].

Current issues in miRNA studies can be largely classified into the following
categories: (1) identification of novel miRNAs, (2) discovering processing mechan-
isms of miRNAs, (3) finding valid miRNA target genes, (4) functional studies of
knownmiRNAs, (5) design of artificial pri-miRNAor short hairpin (sh) RNA for gene
knockdown systems, and (6) systematic modeling of miRNA-target regulation net-
works. Among these issues, the two problems, that is, the prediction of miRNAs and
their target genes, have been mainly studied through computational methods.

16.1.2 miRNA Prediction

Recent efforts to identify miRNA genes have led to the discovery of thousands of
miRNAs in animals, plants, and viruses, butmany remain to be discovered [5].Most of
such efforts rely on wet-experiment-based methods such as directional cloning of
endogenous small RNAs, requiringmuch time, cost, and labor [6]. A limitation of this
experimental approach is that miRNAs expressed at low levels or only in a specific
condition or in specific cell types are difficult to detect.Computational approaches can
overcome this problem and identify even imprinted miRNAs.

There are three practical issues in the prediction of miRNA: prediction of pri-
miRNAs, prediction of miRNA precursors, and prediction of mature miRNAs. These
issues correspond to the processing mechanisms: pri-miRNA to pre-miRNA and pre-
miRNA to mature miRNA. In fact, because a pri-miRNA, a primary transcript, can
contain several pre-miRNAs and its regulation modules still remain unknown, the
prediction of pri-miRNAs is one of the most challenging problems. Also, the
prediction of mature miRNA requires us to search the cleavage site cropped by two
RNase III-type enzymes, Drosha and Dicer, and is the most important problem in
determining the efficiency of mature miRNA prediction. However, because the
biologically relevant cleavage data contain some errors, a predictive method that is
robust against errors is required. Thus, most current work focuses on the prediction of
miRNA precursors. The generation of experimental data through biochemical-based
studies for the recognition of pri-miRNAs by theDrosha–DGCR8complex [7] and the
introduction of supervised machine learning methods will help address these
problems.

16.1.3 miRNA Target Prediction

Thebehaviors ofmiRNAs in regulating target genes differ betweenanimals andplants.
Those of plants tend to show near-perfect complementarity to their target messenger
RNAs (mRNAs), but the miRNAs of animals usually have imperfect characteristics,
includingmismatches, gaps, G : Uwobble pairs, and others. This makes it hard to find
animal target genes using only sequence complementarity [8]. Nevertheless, strong
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sequence conservation observed in target sites and in miRNA sequences makes it
possible to develop programs for the prediction of potential targets [9–13]. This
evolutionarilymeaningful evidence shows the importance of sequence preservation as
a requirement for function. Particularly, no specific role has been explained for the 30

region of miRNAs even though they tend to be evolutionarily conserved over their
entire lengths.

16.1.4 Other miRNA Studies

Recently, based on mass conservation principles and kinetic rate laws, biochemical
RNA interference (RNAi) pathway has been modeled with a set of ordinary differen-
tial equations that describe the dynamics of siRNA-mediated translational regulation
[14]. Similarly, the systematic modeling of miRNA-based posttranscriptional regula-
tion needs to understand the dynamics of the large gene regulation system rewired by
miRNAs and thus, in part, will compensate the difference between RNA and protein
expression level andmore close to the complete gene regulation network. For this, the
model consisting of differential equations should be trained properly from given data
though various supervised learning methods and optimization algorithms.

The Drosha–DGCR8 complex initiates microRNAmaturation by precise cleavage
of the stem loops that are embedded in pri-miRNAs. A model for this process, based
upon evidence fromboth computational and biochemical analyses, has been proposed
[7]. For insight into the common structural features of pri-miRNAs, themodel is based
on the thermodynamic profiling, performed to deduce the general structure of these
RNAmolecules. Systematicmutagenesis and invitro processing assay providedmany
evidences for significant structural features in pri-miRNA processing. These results
will help develop improvedmiRNApredictionmethods aswell as perform the rational
design of small RNA hairpins for RNA interference systems.

On the other hand, understanding such pri-miRNA processingmechanism helps to
design efficient artificial pri-miRNA systems to be applied for RNA interference
system. In recent years, the success of RNAi systems has greatly affected medical
science and genetics. Nevertheless, many in the biomedical field still expect more
stable and tractable interference systems. The rational design of shRNAsmimicking a
natural pri-miRNA is promising as an alternative technique of RNAi because hairpin
structures is more stable in cells, and their expression is easily controlled through the
reengineering of vector systems [15–17].

In the following section, we review the computational approaches proposed for
solving these problems.

16.2 COMPUTATIONAL METHODS FOR miRNAs STUDIES

16.2.1 Nonlearning Methods

Several computational approaches have been proposed for the prediction of miRNAs
and their target genes. In Table 16.1, we summarize the early approaches where no
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learning methods have been adopted. For the prediction of miRNAs, most of the
methods are based on homology searching or rule-based methods [18, 19]. They
mainly rely on the context of sequences to predict pre-miRNAs in genomes. These
methods search for miRNAs that are closely homologous to known ones but fail to
detect any new families that lack clear homologs [20, 21] (Table 16.1). In particular,
discovery of miRNAs with genus- or species-specific patterns requires a predictive
method to search for unrelated miRNAs [22, 23]. However, a problem in addressing it
is that the hairpin structure of pre-miRNA is conserved relatively well, but sequence
similarity among known miRNAs is low. Hence, using only a part of the sequence,
structural, and thermodynamic features describing miRNAs does not improve the
performance of miRNA prediction.

Also, computational methods have been widely used for the prediction of miRNA
target genes [9–13, 29–32] (Table 16.1). Different approaches have been used for
miRNA target prediction in plants and animals. For plant sequences, similarity-based
approaches have shown high performance because complementarity is nearly perfect
[30].However, such approaches are not appropriate for animal genomesbecause of the
imperfect nature of themiRNA:mRNA interaction. Studies for animal sequences have
been based on both the complementarity to the 50 part of miRNAs and the conserved
motifs over species [9, 10, 12, 13, 29]. These can be implemented by a model
containing weighted position features and comparative information to detect target
mRNA sites and to reduce false positives. Scoring methods using dynamic program-
ming and a complementarity-based strategy are generally preferred to rank the
prediction results. They have been quite successful for a few top-ranked results.
However, the results are often limitedby theconservednature of thedata set used.Lack
of experimentally verified target sitesmakes it difficult to learn ruleswith the common
set of features or an efficient classifier.

16.2.2 Learning Methods for miRNA Studies

Recently, several machine learning-based methods have been used for miRNA
research. Most of them belong to the class of supervised learning. In supervised

Table 16.1 The nonlearning computational methods in miRNA studies

Heuristics and pattern identification
MicroRNA
prediction

Target
prediction

Comparative method
Phylogenetic shadowing [24, 25]
Cross-species conservation [19, 26] [13]

Alignment [20] [10, 11]
Rule-based methods [18, 27]
Motif search [28]
Seed match [9, 12]
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learning, a training data set D consisting of pairs (xi; yi) of input and output is
given:

D ¼ fðxi; yiÞji ¼ 1; . . . ;Ng:

The goal is to find a function that fy(x) best describes by the mapping given as the
training data, that is, that correctly predicts the output y given any input x (including
unobserved ones):

fyðxÞ ¼ y:

The input is typically represented as a vector of features x¼ (x1, x2, x3, . . ., xn). The
output takes generally continuous values but is usually converted into discrete values
or binary values representing classes or categories. The objective of the supervised
learning is to search for the optimized model y* of a target function, that is, the
functional structure and involved parameters. To do this, a loss function L( fy(xi), yi) is
defined tomeasure the discrepancybetween the predictive output fy(xi) and the desired
output yi. Then, the model y is chosen that minimizes the expected value of the loss
function for the training data set:

y* ¼ arg min
y2Y

1

N

XN
i¼1

L fyðxiÞ; yið Þ
( )

;

where Y is the space of all possible models in consideration.
InTable 16.2we summarize the supervised learningmethods found in the literature

on miRNA studies. We classified them into three main categories: kernel machines,
graphical models, and evolutionary algorithms. In kernel machines, the radial basis
function (RBF) kernels have been used for prediction of miRNA precursors [33–35]
and target prediction [36]. Linear kernel machines have been used for siRNA efficacy
analysis [37]. In graphical models, the hidden Markov models have been applied to
find the precursors and mature miRNAs [38, 39]. Also, the naı€ve Bayes classifiers
found their application in this problem [40]. Evolutionary algorithms, such as genetic
algorithms, genetic programming, evolution strategies, and evolutionary program-
ming, are an emerging class ofmethods for computational biology. It is interesting that
genetic programminghasbeenalreadyapplied tomiRNAresearch in several problems
including precursor prediction [42], target prediction [43], and siRNA efficacy
analysis [44]. In the table, we also include some methods that seem promising for
the specific miRNA research. These include Bayesian networks, which are very
popular and found applications in other bioinformatics areas that seem promising for
precursor andmature miRNA prediction. These and others methods will be discussed
at the end of this chapterwhenwegive outlook an of the future ofmachine learning for
further miRNA studies.

In the following three sections, we givemore detailed description of the supervised
learning methods with an emphasis on the three categories in Table 16.2. In each
section, we start with a description of the learning methods and then describe their
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application in the specific problem domain. We shall keep our description of the
learningmethods minimal to focus more on the general idea of their application to the
problem solving in miRNA research.

16.3 KERNEL MACHINES FOR miRNA ANALYSIS

16.3.1 Kernel Methods

Kernel methods have been used for miRNA analysis. The basic idea behind the kernel
methods is that the classification problem in the original input space can be made
easier if it is transformed into another space, that is, feature space. This nonlinear
transformation can be made by various kernel functions.

To implement a kernel method for miRNA prediction, let us denote S¼ (x1, . . ., xn)
as a training set of miRNA data.We suppose that each object xi is an element of a setX
of all possible target data. The data set S is then represented as the set of features,
Y(S)¼ (Y(x1), . . .,Y(xn)), whereY(x) can be defined as a real-valued vector. The size
of the vector is the number of features. This classification method is designed to
process a set of pairwise comparisons of data items xi and xj. It is represented by an
n� n squared matrix of pairwise comparisons ki,j¼ k(xi, xj). It should satisfy ki,j¼ kj,i
for any i, j between 1 and n, and cTkc� 0 for any c 2 Rn. It defines positive semi-
definite kernels as follows:

Xn
i; j¼1

cicjkðxi; xjÞ � 0;

Table 16.2 The supervised learning methods used for miRNA studies

MicroRNA prediction

Learning methods Precursor
Precursor/
mature

Target
prediction

siRNA
efficacy

Artificial
shRNA design

Kernel machines
RBF kernels [33–35] [36]
Linear kernels [37]
Kernel mixture Not

published
Graphical models

Hidden Markov models [38, 39]
Naı€ve Bayes classifiers [40]
Bayesian networks Not

published
[41] Not

published
Evolutionary algorithms

Genetic programming [42] [43] [44]

The methods are divided into three main categories: kernel machines, graphical models, and evolutionary
algorithms. In addition to the published works, the table also shows some promising methods, such as
Bayesian networks, that have not found their application in miRNA research yet (see text for discussion).
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for any x1, . . ., xn2X, n� 1, c1; . . . ; cn 2 R. For any kernel k on a space X, there is a
Hilbert space F, mapped Y :X!F:

kðxi; xjÞ ¼ hYðxiÞ;YðxjÞi;

where x1, xj2X. For example, a Gaussian RBF kernel is described as follows:

kðxi; xjÞ ¼ exp � dðxi; xjÞ2
2s2

 !

where s is a standard deviation and d is the distance.
Support vector machines (SVMs) find an optimal hyperplane separating the

training data on a Hilbert feature space, represented by a mapping function Y. In
practice, however, a separating hyperplanemay not exist when a problem is very noisy
or complex. To accommodate this case, slack variables xt� 0 for all i¼ 1, . . ., n are
introduced to loosen the constraints as follows [45]:

yi hw; xiiþ bð Þ � 1� xi for all i ¼ 1; . . . ; n:

A classifier that generalizes well is then obtained by adjusting both the classifier
capacity ||w|| and the sum of the slacks

P
ixi. The latter can be shown to provide an

upper bound on the number of training errors. Such a soft margin classifier can be
realized by minimizing the following objective function:

1

2
jjwjj2 þC

Xn
i¼1

xi

subject to the constraints on xt, where the constant C > 0 determines the trade-off
between margin maximization and training error minimization.

Such SVMmethods incorporating kernel functions have been successfully applied
to predict new miRNA genes and to search for valid miRNA–target interaction sites.

16.3.2 miRNA Prediction Using Kernel Methods

To date, most studies have used RBF kernel function to perform a quadratic classifi-
cation with specific feature sets uniquely defined in each study (Table 16.2). Also, they
mainly focused on only prediction of miRNA precursors. For example, Xue et al. [34]
defined 32 local structure units (triplet structures and one base combination) on the
stem-loop structure ofmiRNAprecursor (Fig. 16.2) and implemented a SVMclassifier
with RBF kernel functions to classify pseudo/real miRNA precursors on the feature
space consisting the local structure units. Themethods showed about 91%accuracy on
average over 12 species including human, but the simple feature set seemed to be
improved to fully reflect conserved motifs on structure and sequence of miRNA
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precursors. On the contrary, Sewer et al. [33] introduced various types of features
(compositional and secondary structure properties) over miRNA precursors and
learned a SVM classifier with the RBF kernel functions to classify novel miRNA
precursors and clustered miRNAs (Table 16.2). Recently, Hertel and Sladler [35]
introduced 12 heterogeneous features consisting of structure, sequence composition,
thermodynamic parameters, and conservation level and used RBF kernels to predict
miRNA precursors conserved hairpin candidates extracted by the program RNAz
(Table 16.2).

Though aboveRBF kernel functions are suitable to apply a feature set consisting of
real values, we are required to prudently choose kernel functions by considering the
characteristics of each feature to develop more efficient classifiers. For example,
sequence composition and conservation can be suitable for using string kernels rather
thanRBF kernels formore comprehensive prediction. The features applied tomiRNA
prediction can be divided to two types, that is, content-based features and position-
based features. Content-based features mainly consider compositions or character-
istics of sequence and structure such as free energy, GC ratio, entropy, k-spectrum,
stem length, loop size, and bulge size.On the contrary, position-based features include
base or base pair (bp) preferences of each position and position weighted matrix, and
Markov probabilities. However, all previous kernel functions used only content-based
features and have not considered position-based features. Thus, they mainly focused
on only the prediction of mature miRNAs. The definition of the position-based
features will be a shortcut to make the comprehensive results.

16.3.3 Target Prediction Using RBF Kernel Methods with a Biologically
Relevant Data Set

Several experiments to confirm miRNA–target interaction have been performed for
only a few miRNAs. Moreover, there is no database where such annotated data are
organized well. Thus, we need to manually collect the training data set over various

Figure 16.2 The Xue et al.’s triplet elements as a feature set. They represent the local structure–

sequence features of the hairpin using the triplet elements. The triplet elements consist of three

consecutive substructure (i.e., “(” or “.”) and a nucleotide at themiddle position. Thus, there are all

32 possible triplet elements whose numbers are counted along a hairpin sequence, forming 32-

dimensional vector. The frequency is then normalized to be input vector for kernel function.
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species from the literature. We gained the training data set from the literature,
containing 235 examples including 152 true positives and 83 true negatives.However,
there are too few negative examples to build an effective classifier.More negative data
are needed because these usually contribute to the specificity of a classifiermuchmore
significantly than positive data. However, randomly generated negative examples are
useless because such sequences are too much different with true positives or
sometimes can be true examples. Instead, we inferred 163 negative examples as
described below. For the inferred negative examples, we noted that deletion of target
sites on the target mRNA sequence can give a large number of negative examples. For
example, in a report [46], let-7 miRNA could not repress expression after deleting the
target sites of let-7 miRNA on lin-41. That is, the remaining region on the lin-41 30

UTR will now not work with let-7 miRNA. Thus, all the other remaining sites with
favorable seed pairings can be apposite to negative examples. In practice, we collected
examples with more than 4-mer matches at their seed part and discarded the rest to
improve the quality of the data set. As a result, we gained 163 inferred negative
examples: 50 from lin-41 and 113 from LIN-28. Finally, the final size of the data set
was 398 (152 positives, 246 negatives).

For the target prediction using kernel method, features are categorized into three
elements: structural features, thermodynamic features, and position-based features.
All features are designed on the RNA secondary structure prediction results produced
by the RNAfold program in the Vienna RNA Package [47] (Table 16.2). The general
scheme of miRNAs and their interactions with target mRNAs are illustrated in
Fig. 16.3a [36]. There are 41 different features, as shown in Fig. 16.3b. The RNAfold
program requires a single linear RNA sequence as input, so the 30 end of the target
mRNA sequence and the 50 end of miRNA sequence are connected by a linker
sequence, “LLLLLL.” The “L” denotes that it is not an RNA nucleotide, and thus it
does not match with any nucleotide and so prevent mRNA and miRNA nucleotides
from binding with sequence-specific linker sequences [29]. Thus, the RNAfold
program produces an RNA secondary structure alignment with a linker sequence,
exemplified in Fig. 16.3a. The positions in the alignment are numbered from the 50-
most position of the seed region. Alignments are extended until the 20th position and
the rest positions are discarded.

For structural and thermodynamic features, we divided the secondary alignment
into threeparts consistingof the50 part (seedpart), the30 part, and the total alignment as
shown in Fig. 16.3. Each count value of matches, mismatches, G:C matches, A:U
matches, G:Umatches, and othermismatches from the three parts was considered as a
structural feature. The free energy values of the 50 part, the 30 part, and the total
miRNA:mRNA alignment structure are thermodynamic features that are also calcu-
lated by RNAfold. Here, the sequence “AAAGGGLLLLLLCCCUUU”was used as a
linker sequence to ensure that each part of the subsequencewas paired. The sequences
“AAAGGG” and “CCCUUU”were designed to prevent any unexpected alignment of
the short matches. Although such linkers may change the original signal, the
thermodynamic effect of the linker sequence will be the same for all short matches.

Position-based features are important because they imitate the shape and mecha-
nism of the seed pairing. Doench et al. [48] and Brennecke et al. [49] focused on the

348 SUPERVISED LEARNING METHODS FOR MicroRNA STUDIES



sequence specificity of miRNA:mRNA interaction. They found that a single point
mutation could inhibit the miRNA’s function depending on its position. In contrast to
the earlier belief, their research revealed that exampleswith favorable thermodynamic
free energy might not regulate expression. Therefore, it needs to investigate the
binding mechanism. Position-based features corresponded to point mutations in the
above twoexperiments. Each position had one of the four nominal values consisting of
a G:C match, an A:U match, a G:U match, and a mismatch.

With the prepared feature set, the quadratic kernel value k(xi, xj) is computed using
RBF as follows:

kðxi; xjÞ ¼ expð� gjjxi � xjjj2Þ;

where the parameter g determines the similarity level of the features so that the
classifier becomes optimal.

To select an efficient model, we evaluated the classifier with a completely
independent test data set. For this, we repeatedly performed three steps as follows.
First, we divided the data equally into training and test sets through random sampling

Figure 16.3 (a) General scheme of miRNA:mRNA interactions. The interaction between a

miRNA and a target gene consists of seed region and 30 part according to base pairing degree.

In the structureof the interaction,wecanconsider distinct featuressuchasbulge,match/mismatch,

andG:Upair. (b)Three categories of SVM features. As themiRNAprediction problem, the features

can be classified into two types: content-based and position-based features. There are structural

features and thermodynamic features in the content-based features that are mostly the number

match/mismatch or free energy values. The position-based features consist of the frequencies of

specific base pairs at each position.
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(without replacement). Then we performed 10-fold cross-validation with the training
data to train a classifier and to optimize parameters. Finally, we evaluated the
optimized SVM classifier with the remaining test data (which must be completely
independent). We performed 10 repeated evaluations as above and averaged the
results. For the adjustment of the twoparameters, C and g, we searched for a parameter
set that maximized the accuracy of upper 10-fold cross-validation using

arg max
C;g

AðC; gÞ;

where C ranges from 1 to 200 in steps of 1.0, and g ranges from 0.01 to 2.0 in steps of
0.01.

The discriminative power of a method can be described using receiver operating
characteristic (ROC) analysis, which is a plot of the true positive rate against the false
positive rate for the different possible cutoffs of a diagnostic test. ROCanalysis reveals
all possible trade-offs between sensitivity and specificity. For this, we measured the
performance of classifiers across 24 cutoff points in the evaluation step (�4,�3,�2,
�1.8,�1.6,�1.4,�1.2,�1,�0.8,�0.6,�0.4,�0.2, 0, 0.2, 0.4, 0.6, 0.8, 1, 1.2, 1.4,
1.6, 1.8, 2, 3). The ROC was plotted with the specificity and the sensitivity averaged
from the results of 10 repeated evaluations.

TheROC result is presented in Fig. 16.4 [36]. Because the previousmethods did not
have cutoffs, their ROCcurveswere not represented. Instead, their performanceswere

Figure 16.4 The ROC curves of classifiers created on three combinations of features: an entire

set (-*-), position-based features only (-*-), and without position-based features (-þ-). The dark

circle denotes the performance of TargetScan, the dark rectangle shows the performance of

RNAhybrid, and the plus symbol shows the performance of miRanda.
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indicated as rectangles on the graph and compared specificities were based on their
sensitivity.Overall, the kernel-basedmethod gave amore stable performance than that
of miRanda and RNAhybrid, but a slightly lower specificity (0.93) at a sensitivity of
0.63 than TargetScan (0.94). The higher specificity of TargetScan seems to arise from
its strong constraint on the seed region. As it requires six continuous pairings on
positions2–7of the seed region, this constraintmade it predictmanyof theexamples in
ourdata set asnegative.However, the limitationofTargetScan is that its best sensitivity
was 0.63. Indeed, TargetScan seems to be rather conservative and is less flexible than
our classifier, which can predict with optional accuracy across a broad range of
specificity and sensitivity. Unlike other methods, the kernel-based classifier is
trainable and can be improved continuously if we can obtain more biologically
relevant data.

16.4 GRAPHICAL MODELS FOR miRNA ANALYSIS

16.4.1 Learning with Graphical Models

Kernelmachines are averyefficientmethod for learning the input–outputmapping in a
training set to predict the target class of a new input data. However, the resulting
models are not easy for the biologists (or humans in general) to elucidate the
underlying structure. For computational biologists, it is sometimes very important
to understand the underlying relationships between the variables. Graphical models
(or probabilistic graphicalmodels) are a class of learningmodels useful for identifying
the structural relationships between various features or variables.

Formally, a graphical model consists of nodes, defined as attributes (or random
variables), and edges, representing conditional relations between nodes. Depending
on the types of edges, a graphical model can be directed or undirected. Markov
networks and Boltzmann machines are typical examples of undirected graphical
models and allow the cyclic structure. Bayesian networks are an example of directed
graph having a directed acyclic graph (DAG) structure. Graphical models can be
applied to both prediction and description tasks. The possibility of visualization
inherent in the graphical models is especially interesting for biological applications
where comprehensibility and explainability of the discovered results are important. In
the rest of this section, we give a very brief description of the Bayesian networks and
the hidden Markov model. The following subsections present some case studies for
their use in miRNA research.

ABayesian network represents the joint probability distribution by specifying a set
of conditional independence assumption, together with sets of local conditional
probabilities. There are two types of information in the Bayesian network. The first
one is conditional edges and the second one is conditional probability tables assigned
to all nodes. If there is a direct edge fromY toX,we sayY is a parent ofX andX is a child
of Y. The conditional probability table describes the probability distribution for that
variable given the value of its parents. If for each variable Xi{Xi|1� i� n}, the set of
parent variables is denoted by Pa(Xi) then the joint distribution of the variables is the
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product of the local distributions:

PðX1; . . . ;XnÞ ¼
Yn
i¼1

PðXijPaðXiÞÞ:

Here, if Xt has no parents, its local probability distribution is said to be unconditional,
otherwise it is conditional. If all Xt have no parents excluding a class parent, the
Bayesian network becomes the simple naı€ve Bayes classifier:

PðX1; . . . ;XnÞ ¼
Yn
i¼1

PðXijCÞ;

where C is a class node (the top node).
A Bayesian network can be automatically constructed from data by structural

learning and parametric learning. Structural learning finds an optimal network
structure (determining parents and descendents) given a training data set. For this,
exhaustive algorithms like K2 or global search algorithms like Markov chain
Monte Carlo are usually used. Parametric learning constructs all local conditional
probability tables at each node given the parent nodes. To find the best model
parameters, we search for an optimal parameter set maximizing the posterior or
likelihood.

Another class of popular probabilistic graphical models is hidden Markov models
(HMMs). They are considered to be a simplest dynamic Bayesian network located
betweenMarkov networks and Bayesian networks. The HMMs are based on directed
graphs and also allow cyclic structure. It usually has been applied to sequential pattern
recognition problems such as speech recognition. If we have a series data D¼ {Xi|0
i� L} and specific states S¼ {si|0� i� L}, the joint probability of an observed data
set D and given states S is given as

PðD; SÞ ¼ aos1
YL
i¼1

esiðxiÞasisiþ 1 ;

where aos1 is the probability of state si in the initiation and asisiþ 1 is the transition
probability from state si to siþ1. esiðxiÞ is an emission probability where data xi are
emitted at the state si. Hidden Markov models are used to predict the sequential data,
which is distinguished from other graphical models.

16.4.2 miRNA Prediction Using HMMs

One of the first graphical models ever used for miRNA prediction is the probabilistic
colearning model [38] (Table 16.2). This model is based on the paired HMM to
implement a generalmiRNApredictionmethod identifying close homologs aswell as
distant homologs. The probabilistic colearning model combines both sequential and
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structural characteristics of miRNA genes in a probabilistic framework, and simulta-
neously decides if an miRNA gene and a region of mature miRNA are present by
detecting the signals for the site cleaved by Drosha.

An miRNA precursor can be represented as a pairwise sequence. It forms an
extended stem–loop structure, and this structure can be formulated as a sequence of
matched base pairs (Fig. 16.5a). The pairwise sequence starts from the nonlooped end
of the miRNA precursor. Each position of the pairwise sequence has two properties,
that is, structural states (match/mismatch/deletion/insertion) and hidden states (infor-
mation for thematuremiRNAregion). In the structural states, eachmatch state,M, can
emit A–U, U–A, G–C, C–G, U–G, or G–U as an emission symbol. Deletion states, D,
can emit *–A, *–U, *–G, or *–C. Insertion states, I, can emit A–*, U–*, G–*, or
C–*. Mismatch states, N, can emit one of the remaining combinations. The
possible transitions among the four structural states are shown in Fig. 16.5b. Each
emission is represented as a corresponding character in alphabetical order. In the
hidden states, Tmeans a true state, namely, a region of maturemiRNA, and Fmeans a
false state, the precursor region outside mature miRNA sequences (Fig. 16.5). The
probabilities of hidden states in this sequence–structure colearning model are esti-
mated from the distribution of all four structural states in pairwise sequences of
training data set.

First, we estimate the probability of the pairwise sequence of miRNA precursors.
To derive the probability of the pairwise sequence of the structural states and the

Figure 16.5 Pairwise representation of the stem-loop structures and state sequences of miRNA

precursors, where the state of each pair includes structural information and mature miRNA region

information (hidden states). (a) The structure of the miRNA precursor. (b) The transition and

emission scheme of the structural states and the hidden states for pairwise sequence in the dotted

rectangle shown in (a). T0M, TDM, TMN, and TMI are transition probabilities. EM(GU), ED(-C),

EM(GC), EN(UU), EM(GU), and EI(U-) are emission probabilities. (c). The four-state finite state

automaton. Finally, the probability of the pairwise sequence is assigned by multiplication of the

transition probabilities and the emission probabilities. Source: Ref. [38].
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symbols, we use two parameters: a transition probability and an emission probability
as Fig. 16.5b. For the transition probability, let us call the state sequence a path p. The
probability of a state depends only on the previous state. Ifpi denotes the ith state in the
path, the transition probability is defined as

Tkl ¼ Pðpi ¼ ljpi�1 ¼ kÞ;

where the transition is from state pi�1¼ k to state pi¼ l. The probability of starting in
state k can be defined as T0k. Let xi denote the symbol emitted from the ith state. Then,
the emission probability of observing symbol b in state k is defined as

EkðbÞ ¼ Pðxi ¼ bjpi ¼ kÞ:

Using the transition and emission probabilities, we can estimate the probability
P(x) that sequence x is generated by the probabilistic colearning model. It is easy to
define the joint probability of an observed sequencex and a structural state sequencep:

Pðx; pÞ ¼ T0p1
YL
i¼1

EpiðxiÞTpipiþ 1 ;

where L is the window size. If we are to choose just a optimal path for our prediction,
that one, p*, with the highest probability should be chosen as follows:

p* ¼ arg max
p

Pðx; pÞ:

Here, p* will be an optimal model of miRNA precursor. If we have a pairwise
sequence, we search for the maximum P(x, p) value by using a sliding window,
the size of which is 22 base pairs—the mean length of the mature miRNAs in the
pairwise representation. If thevalue is higher than a threshold selected in advance, then
we classify the given candidate as an miRNA precursor. The probabilistic colearning
model showed 96% specificity and 73% sensitivity in a generalization test. Next, in
order to apply the prediction of mature miRNA to our probabilistic model, we
introduced two hidden states indicating whether the position is a mature miRNA
region (Fig. 16.5). The probabilities that state that the ith position is true or false are
computed as

PtðiÞ ¼ maxfPtði� 1Þ � Tti� 1ti ;Pf ði� 1Þ � Tui� 1tig �EtiðxiÞ;
Pf ðiÞ ¼ maxfPtði� 1Þ � Tti� 1ui ;Pf ði� 1Þ � Tui� 1uig �EuiðxiÞ;

where ti means that the ith state is true and ui means that the ith state is false. The
initial condition is Pt(1)¼ 0 and Pf (1)¼ 1. Using only the true and the false
probabilities, we cannot exactly determine mature miRNA regions, because the
transition probability around the cleavage site of miRNA is low. Thus, we focus on
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the transition probability of false states and compute S(i) as

SðiÞ ¼ Ptði� 1Þ � Tut
Ptði� 1Þ � Tut þPf ði� 1ÞTuu

Themean error ofmaturemiRNApredictionwas 2.0 nt. Themain reason of the error
is that inaccuracy of the cleavage of the miRNA precursor by Dicer bears an error of
one nucleotide and from overhanging ends of two nucleotides at the 30 end. In
addition, there are several instances of incompatible data for the locations of mature
miRNAs in the miRNA database. It may result in some errors in mature miRNA
region prediction. When these limitations are considered, the result indicates that
our algorithm gives meaningful results but should bemore improved by considering
such noises.

16.4.3 miRNA Prediction Using Naı̈ve Bayes and Bayesian Networks

Another probabilistic graphicalmethod used formiRNAprediction is the naiveBayes
classifier, which assumes the independence of features. Recently, Yousef et al. [40]
used a naı€veBayes classifierwith nine kinds of feature, such as sequence composition,
structural features, and free energy to predict pre-miRNAs and mature miRNAs
(Table 16.2). The naı€ve Bayes classifier outperformed the HMMs in the prediction of
miRNA precursors but not in the prediction of mature miRNAs. In the case of mature
prediction, we can expect that positional-based features will be important, and they
have conditional relations to each other if we consider the miRNA processing
mechanism by Drosha/DGCR8 and Dicer. Therefore, a generative model, for ex-
ample, Bayesian networks, considering the dependency of positional-based features,
such as positional weight matrix and first-order Markov probability, will be more
suitable to predict miRNA precursor and mature miRNA.

For the prediction of miRNA precursors using Baysian networks, we used 321
positive data items (precursors) retrieved from the database miRBase release 8.1 [5]
and 1459 negative data set extracted from 30UTR with several structural criteria.
For the prediction of mature miRNA, we used 455 mature miRNA sequences
retrieved from the miRBase and 2450 negative data set (all positions excluding true
mature positions). We next extracted the heterogeneous feature set including
positional-based feature set over stem-loop structure of miRNA precursor on the
basis of the stem end of mature miRNA (Table 16.3). We constructed 125 and 135
feature sets for the prediction of precursor and mature miRNA, respectively.
However, comparing to the number of data set, much number of features
makes it intractable to find the optimal structure of Bayesian network because the
number of possible structure exponentially increases according to the number of
variables. In this case, we usually reduce the dimension of features using several
ways to circumvent such a problem. Here, we used a feature selection method,
information gain for that, and we finally we select 25 and 28 representative features,
respectively.
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For the structure learning of Bayesian network, we performedwell-defined greedy
search algorithm, K2 [50], in combination with the Bayesian Dirichlet (BD) scoring
metric. K2 algorithm iteratively searches for the best parents of each node (variable)
until the BD score does not increasewhen adding a parent. Thus, we found an optimal
Bayesian network for the precursor andmaturemiRNAusing 10-fold cross-validation
with the upper data set (Fig. 16.6). The result of precursor prediction was comparable
to other methods (Table 16.4). In the results of mature miRNA prediction, the
efficiency of the Bayesian method outperformed previous methods (data not shown).
Also, the dependent relations of the positional-based features were consistent the
results of biochemical study for proving the processingmechanism [7]. It says that the
Bayesian network approach can make more comprehensive models, and it is more
efficient method than previous methods in the mature miRNA prediction. Moreover,
the learned Bayesian model can be used to reconstruct rational miRNA precursors,
which will be very useful tool to design new drug or to develop gene knockdown
system, more effective and stable than siRNA system.

Table 16.3 The feature set for mature miRNA prediction using Bayesian network

No Name Description

1 PWM Position weighted matrix
2 MCP Markov chain probability
3 Spectrum (2 bp) The distribution and frequency of two bases in each miRNA
4 Spectrum (3 bp) The distribution and frequency of three bases in each miRNA
5 Bulge count The number of bulges predicted by mfold in miRNA
6 Energy profile Sequence of energy values in each base of miRNA
7 GC ratio The ratio of GC/AT

Figure 16.6 The results of prediction ofmaturemiRNAsby usingBayesian networks: the number

of total featuresare135.After feature selectionusing informationgain, only 25 featuresare used for

construction of the Bayesian network.
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16.4.4 Target Prediction Using Bayesian Networks

Although many target genes of miRNAs are predicted by various computational
methods including a supervised learning method, identification of target genes
considering expression profiles of miRNA and target genes is necessary to obtain
functional miRNA targets. Huang et al. [41] proposed the Bayesian model and
learning algorithm that account for their patterns (Table 16.2). The flow chart of the
learning method is described in Fig. 16.7.

Table 16.4 The 10-fold cross-validation results of miRNA precursor prediction
and the comparison with other methods

Accuracy Sensitivity Specificity

Naı€ve Bayes 0.9836 0.9840 0.9836
Naı€ve Bayesa 0.9904 0.9904 0.9904
Adaboost 0.9955 0.9744 1.0000
SVM 0.9983 0.9936 0.9993
SVMa 0.9955 0.9968 0.9952
Bayesian neta 0.9994 0.9968 1.0000

aAfter feature selection.

Figure 16.7 The Bayesian network model for the prediction of functional miRNA target. Source:

Ref. [41].
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Theymodeled the probability of expression patternX of a set of g genes using target
prediction matrix C, miRNA expression pattern Z, and parameter set Y¼ {m,S,p,a}
including prior probabilities.

PðXjC; Z;YÞ ¼
X
s

ð
G

ð
L
PðX; S;G;LjC; Z;YÞdLdG

PðX; S;G;LjC; Z;YÞ ¼ PðSjC;YÞPðGjYÞPðLjYÞ
Y
g

PðxgjZ; S;G;L;YÞ;

whereG is the diagonal matrix of the tissue scaling parameters,L is a set of regulatory
weights that determines the relative amount of down regulation incurred bymiRNAs.
xg denotes the expression pattern of gth gene. S is a set of sgk latent variables, a random
variable to be assigned to each interaction between kth miRNA and gth target gene. If
sgk is equal to 1, it means that the interaction is true. Finally, the posterior probabilities
of S given that X,Z,C,Y should be estimated to predict functional miRNA target as
follows:

PðSjX;C; Z;YÞ /
ð
G

ð
L
PðX; S;G;LjC; Z;YÞdLdG:

However, considering the complex combinatorial nature of miRNA–target gene
regulation, its computing is nearly intractable. Thus, they approximated the probabil-
ity of each component using expectation-maximization (EM) method incorporating
Kullback–Liebler (KL) divergence measure [41].

16.5 EVOLUTIONARY ALGORITHMS FOR miRNA ANALYSIS

16.5.1 Evolutionary Computation

Evolutionary algorithms (EA) or evolutionary computation has been broadly applied
to various optimization problems in biological fields [51–56]. Specific examples of
evolutionary algorithms include evolution strategies (ES), evolutionary programming
(EP), genetic algorithms (GA), and genetic programming (GP). EAs provide a
learning method motivated by an analogy to biological evolution. An evolutionary
algorithm iterativelygenerates newoffspring hypotheses bymutation and crossover of
the previous parents hypotheses of good quality. In each step, EA maintains a
population consisting of hypotheses and evaluates them with a specific fitness
function. A new population for the next generation is probabilistically generated
according to some evaluation scores.

Genetic programming is an evolutionary algorithm often used as an automated
method for discovering computer programs called genetic programs. Typically,
genetic programs are tree structured, representing parse trees of computer programs.
A genetic tree consists of elements from a function set and a terminal set. The function
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symbols appear as internal nodes. Terminal symbols are used to denote actions taken
by the program. Genetic programming does this by genetically breeding a population
of genetic programs using the principles of Darwinian natural selection and biologi-
cally inspired genetic operations. Genetic programming uses crossover and mutation
as the variation operators, which change candidate solutions into new candidate
solutions.

In the miRNA studies, the applications of genetic programming have been
introduced to learn the common structure of miRNA precursors [42] and predict
target genes [43] (Table 16.2).

16.5.2 Prediction of miRNA Precursors Using Parameterized Genetic
Programming

This section describes the parameterized genetic programming (PGP)method to learn
an optimal common structure of miRNA precursors [42] (Table 16.2). PGP is a new
type of genetic programmingwhere genetic programs are augmentedwith parameters
and thus natural for searching of RNAcommon-structural descriptors (CSDs) without
aligning the sequences. Alignment needs much computational time and causes the
unwanted biases. In addition, structural alignment is a computationally intractable
problem. PGP evolves CSDs based on a training data set through grammatical tree-
structure encoding the parameterized rules for structural description. The definition of
the rules made it possible to optimize the CSDs via genetic operators used in genetic
programming.More important, theoptimizedCSDscanbeusedas classifiers to search
for new RNAs in a database using the program RNAmotif [57].

We adopt a structural descriptor [57] for a GP tree using context-free grammar.
An example of structural descriptor created by the given grammar is shown in
Fig. 16.8. Here, R denotes a root node of a tree-structured program and consecu-
tively generates n functions of F1 and F2 with the user-defined proportion. The
nonterminal F1 consecutively generates a parameter set, P1, and m functions of F1
and F2 with the user-defined proportion, and emits structural symbols, “h5” and
“h3” to both sides. “h5”–“h3” denote 50 and 30 side strand of a helix structure and
should be paired always (Fig. 16.8b). Then, the terminal nodeF2 generates the other
parameter set, P2, and emits a structural symbol “ss”, which means a single strand.
Parameters have a numeric value or a 7-mer sequence, an average length of
structural symbols such as “h5”–“h3” and “ss.” Finally, the structural descriptors
are converted to tree-structured programs with parameters at each node. Thus, we
refer to this as the parameterized tree-structured program (PTS), describing the
structural descriptor of RNAs. Figure 16.8c shows an example of the parameterized
tree-structured program. This PTS represents the structural descriptor (Fig. 16.8b)
of Gln-tRNA (Fig. 16.8a).

ThePGPevolves thePTS for the optimization ofCSDs,which are used to search for
arbitrary ncRNAs in the programRNAmotif [57]. It consists of two learning steps: the
structure learning step and the sequence learning step. In the structure learning step,
PGP evolves the structure and structural parameters of PTSs. In the sequence learning
step, it optimizes the sequence and sequential parameters of the PTSs.
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Using the PGP method, we evaluated the efficiency in the prediction of miRNA
precursors and compared ourmethod toother predictionmethods. For the comparison,
we used HMMer, based on profile hidden Markov model of multiple sequences [58].
For the pre-miRNA, PGP outperformed the HMMer as shown in Table 16.5. It is
because the efficiency of theHMMer depends onmultiple sequence alignment, but the

Figure 16.8 (a) The secondary structure of Gln-tRNA. The structure consists of three loops (L1,

L2, and L3), four stems (helix, H1–H4), two bulges (S1, S2) and a flanking sequence (S3). (b) An
example of Gln-tRNA structural descriptor. The pair of h5–h3 denotes a helix structure and “ss”

(single strand) denotes a single strand, bulge, or loop. Helixes and single strands include structural

parameters, such as the length of helix (len), the maximal and minimal length of helix (minlen,

maxlen), and the number of pair (mispair), and sequential parameters, such as mismatch of

sequence (mismatch) and sequence (seq). (c) An example of the PTS with parameterized nodes

F1 and F2. All F1 and F2 consist of leaf nodes (h5 h3, or ss), and parameters nodes (P1 or P2)

including several parameters. The child nodes of the root R of (a) conform to the first indentation of

(b) and the second depth of (a) conforms to the second indentation of (b).

Table 16.5 Comparison of miRNA precursor
prediction methods using F-measure

F score miRNA precursor

HMMer 0.121
SVM 0.594
PGP 0.819
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pre-miRNAs have low similar sequences.We next comparedwith SVM implemented
by SMO algorithm and spectrum kernel [59]. We constructed 3-mer spectrum kernel
and performed fivefold cross-validation to estimate the accuracy. In the comparison,
SVMpresentedmuch lower efficiency thanPGPmethod (Table 16.5). These tendency
results from the point that HMMer and SVM are sequence-based search methods but
our method is simultaneously learning both structure and sequence.

16.5.3 miRNA Target Prediction Using Boosted Genetic Programming

Boosted genetic programming has been used in the studies for miRNA target
prediction and RNAi efficacy prediction in small RNA fields [43, 44]. For the target
prediction, they performed a supervised learning on a set of validated microRNA
targets in lower organisms to createweighted sequencemotifs that capture the binding
characteristics between microRNAs and their targets [43]. GP evolves the sequence
patterns from a population of candidate miRNA–target interaction patterns, and the
boosting algorithm guides GP’s search by adjusting the importance of each individual
in the training set. Then, the boosting algorithm assigns weights to the sequence
patterns based on the patterns’ performance in the corresponding training set.The final
classifier is the average of several such boosted GP classifiers. They showed that the
weighted sequence motif approach is favorable to using both the duplex stability and
the sequence complementarity steps [43].

16.6 SUMMARY AND OUTLOOK

We reviewed computational methods used for miRNA research with a special
emphasis on machine learning algorithms. Most of learning methods belong to the
class of supervised learning and themost studied areas includemiRNAprediction and
target gene prediction in various miRNAs. In particular, we give detailed descriptions
for the case studies based on the kernel methods (support vector machines), probabi-
listic graphical models (Bayesian networks and hidden Markov models), and evolu-
tionary algorithms (genetic programming). The effectiveness of these methods was
validated by various approaches including wet experiments, and their contributions
were successful in the domain of miRNA. However, there is still much room for the
improvement of the algorithms for the prediction of miRNA and its target gene
because the discoveries by the prediction methods are still not perfect and because
many miRNAs and their targets are still unknown.

There are still unexplored areas in miRNA research. For example, finding the
functionally coherent regulatory modules in the regulatory network of miRNAs
and target genes is an important issue for the functional study of miRNAs and
for analyzing the intrinsic characteristics in regulatory systems. This requires
superexponential time since the networks are of combinatorial nature. It is neces-
sary to develop efficient learning methods to avoid the time complexity problem.
Unsupervised learning methods, such as clustering algorithms, might help in this
regard. Also, the reconstruction of a grand regulatory network consisting of
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miRNAs and transcription factors will provide a key solution to fill the gap of
inconsistency between the RNA level and the protein level. Developing learning
methods handling dynamic or perturbed expression data is required in the domain.
In fact, large-scale miRNA microarray data are rapidly increasing to study the
function and systemic aspects of miRNAs in the field. Learning methods applied to
microarray data mining will also be useful in the field in understanding the
difference between miRNA and mRNA expression profile and their roles.

Recently, the success of RNAi systems has made great impact on various fields
including medical science and genetics. The techniques have been applied for drug
design and gene knockdown systems. Nevertheless, many researchers in the biomedi-
cal field expect more stable or tractable interference systems. Rational design of
artificial pre-miRNA or shRNA is promising as an alternative technique of RNAi
because the hairpin structure is more stable in cells, and its expression is easily
controlled through the reengineering of vector systems. A well-defined generative
model, such as Bayesian networks or hidden Markov models, constructed from a
known data set in the prediction of miRNAs can be used for the rational design of
artificial pre-/shRNAs.
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