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Abstract MicroRNAs are one class of small single-
stranded RNA of about 22 nt serving as important negative
gene regulators. In animals, miRNAs mainly repress
protein translation by binding itself to the 3' UTR regions
of mRNAs with imperfect complementary pairing.
Although bioinformatics investigations have resulted in a
number of target prediction tools, all of these have a
common shortcoming—a high false positive rate. There-
fore, it is important to further filter the predicted targets. In
this paper, based on miRNA:target duplex, we construct a
second-order Hidden Markov Model, implement Baum-
Welch training algorithm and apply this model to further
process predicted targets. The model trains the classifier by
244 positive and 49 negative miRNA:target interaction
pairs and achieves a sensitivity of 72.54%, specificity of
55.10% and accuracy of 69.62% by 10-fold cross-
validation experiments. In order to further verify the
applicability of the algorithm, previously collected data-
sets, including 195 positive and 38 negative, are chosen to
test it, with consistent results. We believe that our method
will provide some guidance for experimental biologists,
especially in choosing miRNA targets for validation.

Keywords microRNA, target gene, experimentally sup-
ported targets, second-order Hidden Markov Model,
forward algorithm

1 Introduction

MicroRNAs (miRNAs) are one class of small single-
stranded RNA molecules of about 22 nt that are endogen-
ous and non-coding RNA serving as important negative
gene regulators. They mainly form RNA-induced Silen-
cing Complex (RISC) with related protein to repress
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translation in animals (Barciszewski and Erdmann, 2008;
Rossi et al., 2008). Previous studies have shown that
miRNAs play important roles in multiple biological and
metabolic processes, including developmental timing,
signal transduction, cell maintenance, cell differentiation
and so on. MiRNAs regulate gene expression at the post-
transcriptional level by directly cleaving targeted mRNA
or repressing translation (Zhang et al., 2006). Aberrant or
absent expression of miRNA is often closely associated
with diseases. For instance, some miRNAs may play a
“cancer gene” or “tumor suppressor gene” role in tumor
and cancer (Rossi et al., 2008).

MiRNAs bind to the 3' UTR of mRNA by partial or
near-precise pairing to form duplex structures and regulate
mRNA’s translation. At present, miRBase (Griffiths-jones
et al., 2006) has collected more than 9500 mature miRNAs
in 103 species, including animals, plants, and viruses
(miRBase Release 13.0, June 2009). The miRNA’s
function is heavily dependent on the formation of specific
duplex structure with its target genes by two modes. In the
first mode, miRNA bind to target 3' UTR of mRNA by
precise or near-precise pairing, leading to direct mRNA
cleavage and degradation through a mechanism involving
the RNA interference (RNAi) machinery. In the other
mode, the pairing of a miRNA to its target is usually less
perfect in animals, but still affects the mRNA’s stability,
regulating the target by translational repression (Yang et al.,
2008). Due to the lack of sensitive miRNA cloning
methods and high-throughput experimental methods for
identification of miRNA target genes, many bioinformatics
methods have been developed to achieve a large number of
target genes in prediction, such as miRanda, Pictar,
Targetscan (Enright et al., 2003; Lewis et al., 2003,
2005; John et al., 2004; Kiriakidou et al., 2004;
Rehmsmeier et al., 2004; Krek et al., 2005; Rusinov et al.,
2005; Saetrom et al., 2005; Huynh et al., 2006; Kim et al.,
2006; Thadanil et al., 2006; Yousef et al., 2007). Work in
computational prediction of miRNA targets revealed that



172 Front. Biol. 2010, 5(2): 171-179

each human miRNA could potentially target hundreds of
genes and at least 30% of the human genes could be
targeted by miRNAs (John et al., 2004; Krek et al., 2005;
Lewis et al., 2005; Yang et al., 2008).

MiRNA target duplexes have certain disciplines which
can be summarized from experimentally supported
miRNA:target duplexes. Although computational predic-
tion methods of miRNA target genes are different from
each other, they are mainly based on five major
characteristic properties: (1) miRNAs have good comple-
mentarity to their target mRNAs; (2) the miRNA:target
duplex has a higher negative folding free energy; (3) the
capacity of binding to the target genes at 5' end of miRNA
is stronger than the 3' end; (4) the miRNA:target duplex
structure should not contain complex secondary structure;
(5) miRNA:mRNA interactions are highly conserved from
species to species, particularly within the same kingdom.
In addition to the five basic principles above, different
prediction methods will limit and optimize their algorithms
in accordance with their respective laws (Zhang et al.,
2006; Xia et al., 2009). Kiriakidou et al. (2004) compared
some published methods for mammalian miRNA targets
prediction and found that the overlap of identical
predictions from the different computational approaches
varied between 10% and 50% for a common set of 79
miRNA. This indicates that false positive predictions could
account for a large percentage of all the predicted miRNA
target genes. Therefore, it is very necessary to filter the
prediction targets by a post-processing step (Yang et al.,
2008).

In this paper, we present a machine-learning algorithm
based on second-order Hidden Markov Model (HMM2)
that can be used as a post-processing method for filtering
the predicted targets by other prediction programs, such as
miRanda, Pictar and Targetscan. This method not only
reduces the number of prediction targets, but also
decreases the false positive rate. The prediction algorithm
is trained with the experimentally supported animal
miRNA targets found in TarBase (Sethupathy et al.,
2006), containing 244 positive and 49 negative miRNA:
target interaction pairs. Each miRNA:target duplex is
mapped into states transition and symbols emission of
Hidden Markov Model (HMM). Three states are defined,
including match, mismatch, and insertion. Under each
state, there are five symbols emission such as A, U, C, G,
and — (gap). Here we adopt the 10-fold cross-validation
method and use second-order Hidden Markov Model to
train the optimal state transition matrix and the symbol
emission matrix, achieving a sensitivity of 72.54% and
specificity of 55.10%. In order to further validate the
applicability of our algorithm, we also use 195 positive and
38 negative data collected by Yang (Yang et al., 2008) to
test the model by the 10-fold cross-validation method,
obtaining a sensitivity of 83.08% and specificity of 60.53%,
which is consistent with Yang’s (Yang et al., 2008).

2 Materials and methods
2.1 Data

The experimentally supported miRNA:target interactions
are downloaded from the TarBase version 5.0 (Sethupathy
et al., 2006), including translationally repressed targets and
cleaved ones. Only miRNA:target interactions with
reported binding duplexes are extracted from worm, fruit
fly, zebrafish, rat, mouse, and human. By removing
duplicated entries as well as entries with incomplete
binding diagrams, a result containing 244 positive and 22
negative miRNA:target duplex sequences is obtained. As
the number of negative data is small and highly different
from positive data, we go on searching for the target sites
of those known negative interactions without duplexes
being reported. Therefore, we can increase 17 negative
data from Yang’s paper predicted by PicTar and RNAhy-
brid software (Yang et al., 2008). In addition, we also add
10 negative data that have been validated negative
interactions but without miRNA:target duplexes from six
papers (Landais et al., 2007; Skalsky et al., 2007; Duursma
et al., 2008; Hébert et al., 2008; Luo et al., 2008; Sengupta
et al., 2008). Five of the experimentally validated negative
interactions are from Hébert’s (Hébert et al., 2008) and
Sengupta’s (Sengupta et al., 2008) paper and duplexes
were predicted by Pictar. The other five negative data are
from Luo’s (Luo et al., 2008), Duursma’s (Duursma et al.,
2008), Landais’s (Landais et al., 2007), and Skalsky’s
(Skalsky et al., 2007) papers, using RNA22 (Huynh et al.,
20006) to predict the binding sites. At last, there are a total
of 49 negative samples. All the targets of 244 positive and
49 negative data come from the prediction of the miRNA
listed in Table 1.

2.2 HMM construction

The miRNA:target interaction is a pair of matching
sequences. We define the pair sequences beginning at 3'
end and terminating at 5' end of the miRNA (Fig. 1a).
Taking miRNA sequences as the reference, the miRNA:
target duplex is divided into the seed and non-seed area.
The seed area are the 8 bases in the front of miRNA 5' end,
needing at least six base pairings and including G = U base
pairing. In non-seed area, HMM is constructed and hidden
states are defined as (1) match state (AU/UA/CG/ GC/GU/
UG), (2) mismatch state (AC/CA/AG/GA/UC/CU/A-/U-/
C-/G-), and (3) insertion state (-A/-T/-C/-G). The possible
transitions between the three states are shown in Fig.1c.
Under the definition of hidden states, corresponding target
sequences are regarded as symbol emission sequences and
contain five possible symbols, such as A, U, C, G, -( gap),
in each state (Fig.1a and b). Thus, an HMM is constructed
containing the necessary hidden state and symbol emis-
sion.
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Table 1 List of miRNAs appeared in the training sets

miRNA species
positive set let-7, lin-4, Isy-6, miR-273, miR-61, miR-84 worm
bantam, let-7, miR-1, miR-11, miR-2, miR-278, miR-2a-1, miR-4, miR-7, miR-79 fruit fly
let-7 zebrafish
miR-9 rat
miR-125b, miR-134, miR-181a, miR-206, miR-7b mouse

let-7, let-7b, let-7e, miR-1, miR-101, miR-

103-1, miR-10a, miR-122, miR-125a, miR-125b, miR-127, miR-130, miR-132, human

miR-133, miR-136, miR-140, miR-141, miR-143, miR-145, miR-15, miR-155, miR-16, miR-17-5p, miR-181, miR-189,
miR-192, miR-196, miR-199b, miR-19a, miR-1b, miR-20, miR-206, miR-21,miR-221, miR-222, miR-223, miR-23, miR-
23a, miR-24, miR-26, miR-27b, miR-29, miR-32, miR-34, miR-375, miR-376a-5p, HSV1-miR-LAT, Edited-miR-376a-5p,
miR-431, miR-433-3p, miR-433-5p, miR-434-3p, miR-434-5p, miR-98

negative set let-7 worm
mir-276b, mir-278, mir-286, mir-287, mir-288, mir-303, mir-316, mir-317, mir-318 fruit fly
mouse

mir-124, miR-34, mir-375

let-7b, let-7e, miR-15, miR-16, miR-24, miR-103, miR-141, miR-145, miR-1, miR-19a, miR-34, miR-133, miR124a, human
miR-148, miR15a, miR-19b, miR-29¢, miR-92-2, miR-155

duplex:

(a) target: 5’
miRNA: 3’
state:

()

—----GCACAGCCUAUUGAACUACCUCA 3
s | ] L[] ] [=ssms LITTTTT
UUGGUGUGUUGGAU ===== GAUGGAGU &
NNNNMMMMMMMMMMT T T T ITMMMMMMMM

non-seed seed

(©)

<hidden states>:

I: insertion state: -A/U/-C/-G

<symbols emission=>:
A,U,C, G, —(gap)

M: match state: AU/UA/CG/GC/GU/UG

N: unmatch state: AC/CA /AG/GA/UC
/ CU/A-/U-/C-/G-

Fig. 1 MiRNA:target duplex and the definition of Hidden Markov Model (HMM). (a) MiRNA:target duplex and hidden states. (b) The
definition of hidden states and symbols emission in HMM. (c) The three-hidden-state finite state automaton.

2.3 Implementation of HMM2 algorithm

Du and Shi (2001, 2004, 2007) have formulated and

N
ZCP wa (ij.k)

=1

. . a; = I<i,jsSN
proved HMM2’s Baum-Welch reevaluation algorithm of N N W)
multiple observations in theory, and the computational ZC P(O Zzg (i:k)
formulas are as follows: J=1 k=l
(2.3.2)
w ) N "
Z]cwmo |A>le;§ (i) Y -
I I<i<N > PO 6" (k)
3 e, P(0™2) ay =" L <ij,k<N
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2.3.1) w=1 =2 k=1

(2.3.3)
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(2.3.4)

In the formulas, 7; is the initial state vector; @;; is the
first-order state transition matrix; a;; stands for the second-

order state transition matrix; b;(/) stands for the symbol
emission matrix; A represents HMM2 containing the

parameters above; c,, represents the value of weight; §§W)
(i,/,k) denotes the conditional probability when the time is
t—1, t. t+1 and the corresponding state is i, j. &,
under known HMM2 4 and symbols emission sequence
O ) conditions. The definition is

fEW)OJak) = P(St—l =108 = JSip1 = k|0<W)»A)

N C = Bk(OH»l)ﬁH»l(j’k)
= at(l,])aljkp(o(—%
2<tsT—-1, 1<ijk<N (2.3.5)

Among them, o1, )= P(oy," * -,0, S;_1=1, S/~j| A) stands
for forward variable in Forward Algorithm of HMM2 (Shi
et al,, 2001). B.(iy) = P(os1, " ,07lsi 1 = 1,8, = J,A)
represents backward variable in Backward Algorithm of
HMM2 (Shi et al., 2001).

If directly use formulas (2.3.1)—(2.3.5) to implement the
algorithm, the result is numerically unstable. Especially
with the length 7 of sequence increasing, the forward
variable a,(i, j) and backward variable (i, j) will become
smaller and smaller in implementing the Forward Algo-
rithm or Backward Algorithm to calculate the probability
score P(O™)|2) of symbol emission sequences. They are
possibly swallowed zero by a computer, resulting in not
training model. In order to solve the problem of unstable
training, we normalize the forward variable a/i, j) and
backward variable f(i, j) by each step. In the program, the
Forward Algorithm is modified as:

Step 1 Initialization:

oy (if) = m;b;(01)a;b;(0,) IsijsN
S(2) = sum(ay(: , 1))
a3 (if) = a(i)/S(2) 1<i,j<N

Step 2 Iterative computation:

N
o1 (k) = Zat, (if)agbi(o1) 1<jk<N

i=1
S(t+1) = sum(o,, (2, 2)),
o1 (k) = a1 (k) /S(t+ 1)

Step 3 Calculating the probability score of sequence:

P(O™|2) = 8(2)S(3)- - S(T)

or

log [P(O™[2)] = log [S(2)] + log [S(3)] + - - - log [S(T)]

Do the corresponding change with the Backward
Algorithm. First, g(i, j)(t=T-1,---,2) is calculated by
original iterative algorithm of HMM2, and then further
process is done by every step, which is ] (i) =
B: (ij)/S(t+ 1). So the probability score of sequence is

also P(O™)|2) = 8(2)8(3) - - - S(T).
Now, here
fgw)(l,],k) _ OC; (izj)azj'kgk(ot+l)ﬁ;+l O?k) (236)

S(t+1)

Formula (2.3.6) can overcome numerically unstable
problem of «,(i,j) and §,(i,j), 2<t<T in algorithm imple-
mentation. Thus the algorithm will be fit for more and
longer sequences to train the optimal model.

2.4 HMM2 training method

In order to predict potential miRNA target sites from a set
of candidate sequences that are obtained from other predic-
tion softwares, such as miRanda, Pictar, and Targetscan,
we implement the algorithm and build two second-order
HMM modules respectively based on positive and
negative data. One is called the True Target Binding Site
Module and the other is called the False Target Binding
Site Module. Let A stand for the True Target Binding Site
Module trained by the positive training set and A% stand for
the False Target Binding Site Module trained by the
negative training set. Once A and A? are trained, we need
to calculate the probability score of the candidate sequence
respectively. Let O denote a miRNA’s candidate target
sequence. Assume that O is the true miRNA target, setting
symbol variable Y = 1; otherwise, Y=0. Let P(O|Y =1, A?)
represent the prior probability of candidate target sequence
that will be a true miRNA target site and P(O|Y =0, A?)
stand for the prior probability of candidate target sequence
that will be a false miRNA target site (Nam et al., 2005; Xu
et al., 2005). Both the prior probabilities are calculated by
the modified Forward Algorithm that we present in this
paper. Thus the posterior probability of the candidate target
sequence being or not being a miRNA target site can be
calculated by Bayes’s theorem.

P(O]Y = 1LANP(Y = 1)

P(Y =110 = B0

2.4.1)

P(O]Y = 0AY)P(Y = 0)

P(Y = 00,4 = P0)

(2.4.2)
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where,
P(0) = P(O|Y = 1,A\P(Y = 1) + P(O|Y

= 0,A"P(Y = 0).

Here, we choose P(Y=1)=P(Y=0)=0.5.

If P(Y=1]|0, A?)=P(Y=0|0, 1Y), then we can assert
that the sequence O will be a potential miRNA target site;
otherwise, O will be not. Fig. 2 gives out the flowchart of
the whole prediction process.

2.5 Model evaluation

The effect of the model is very crucial to assessing whether
the mode can be applied in the real world. For a sample
containing positive and negative sets, the predicted results
include the following four types: correct prediction of the
number of positive samples TP and negative samples TN,
the number of false positive samples FP and false negative
samples FN of prediction. Based on these values, the
sensitivity (Se), specificity (Sp) and classified accuracy
(ACC) of the model can be calculated,

175

Se = TP/(TP + FN)
Sp = TN/(TN + FP)
ACC = (TP 4+ TN)/(TP + TN + FP + FN)

2.5.1)

3 Results and discussion

The HMM2 algorithms are implemented based on the
Matlab platform. First, we use all the 244 positive and 49
negative data to train and test the model with the 10-fold
cross-validation method, achieving a sensitivity of 72.54%
(177 out of 244), specificity of 55.10% (27 out of 49), and
accuracy of 69.62%. The detailed prediction results are
displayed in Table 2.

The less negative and unbalanced data may influence the
specificity. Therefore, we also randomly select 30, 50, 75,
100, 150, 200 and 230 pairs from all the positive miRNA:
target data respectively and train them combining with 49
negative data through the 10-fold cross-validation method.
When positive data is taken as 30, 50, 75, which approach
the negative data, a higher specificity of 77.55% is

input miRNA: target training
sequences of positive and negative

| train each parameter of HMM2 l

input candidate miRNA
target sequence O

| get optimal parameter 1, 1% |

!

Assume O is target, P(O]Y =1, ")

Assume O is not target, P(O]Y =0, A1)

Calculate posterior probability P(¥=1|0,A?), P(¥Y=0/0, ")

P(Y=1|0, 1) = P(Y=0|0, i)

Assert O is the miRNA potential. |

| Assert O is not the miRNA target.

Fig. 2 Flowchart of HMM2 training and recognizing miRNA target
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achieved. It is better than Yang’s (Yang et al., 2008) result
of 73.68% using the SVM method. The predicted results
also show that there is a gradual growth in sensitivity
(60%—72.54%) and decline in specificity (77.55%—55.1%)
with the increase of the positive pairs, illustrating that
lower prediction percentage of specialty may attribute to
the lack of negative miRNA:target. Further detailed results
are given in Table 3.

In order to further validate the applicability of the
algorithm, we also use 195 positive and 38 negative data
collected by Yang (Yang et al., 2008) to test through the
10-fold cross-validation method, obtaining a sensitivity of
83.08% (162 out of 195), specificity of 60.53% (23 out of
38) and accuracy of 79.40% (Table 4). The results are
consistent with Yang’s (Yang et al., 2008) (i.e., a
sensitivity of 83.59% (163 out of 195), specificity of
73.68% (28 out of 38) and accuracy of 81.79% by the
SVM method), which shows our method is effective.
However, when the positive data approach the negative,
HMM2 method can get a better specificity of 77.55%.

At present, the methods of predicting miRNA targets are
based on similar characteristics of base pairing derived
from experimentally supported miRNA:target duplexes
and improved with the validated data increasing. Although
these methods are fundamentally similar, each of them has
merits and faults and the predictions are not in common,
due to the small experimentally supported data and

Table 2 Prediction results of 244 positive and 49 negative

incomplete statistic characteristics on miRNA:target. In
addition, these prediction methods usually predict hun-
dreds of target sites for a given miRNA, which indicates
that the false positive predictions could account for a large
percentage among all predicted targets. Using the known
miRNA:target interaction pairs, HMM2 classifiers can
obtain the new characteristics of true targets comparing
with the negative by machine-learning. Such as, in true
targets, miRNA 3' end may be easier to emerge the insert
state as a beginning base; the consecutive states transition
of insert-match-mismatch (insert-match-mismatch indi-
cates that the states transition is from insert state to
match and then transfers to the mismatch state like the
second-order Markov chain), match-insert-insert and
match-match-insert could be more probable to occur in
non-seed area of the true miRNA :target pairs; the base of G
may be most likely to appear in true target genes and so on.

The method of HMM2 should not be considered as a
general way to predict miRNA target by searching 3' UTR
sequences directly, but a post-processing filter for the
miRNA:target duplex produced by other computational
methods, such as miRanda, Pictar, and Targetscan.
Because HMM?2 classifiers are trained on validated
miRNA:target interactions, both positive and negative
duplexes include the strong seed complementarities at
5’end of miRNA and high binding energy of secondary
structure. So the candidate target sequence, without

positive set

negative set

TP FN Se/%

FP Sp/% ACC/%

177 67 72.54

22 55.10 69.62

TP stands for correctly predicted positive miRNA:target pairs; FN stands for wrongly predicted positive miRNA:target pairs; TN stands for correctly predicted negative
miRNA:target pairs; FP stands for wrongly predicted negative miRNA:target pairs. Se: the sensitivity; Sp: specificity; ACC: classified accuracy.

Table 3 Prediction results of among different positive data and 49 negative

positive set

negative set

number of positive

TP FN Se/% N FP Sp/% ACC/%
30 18 12 60.00 38 11 77.55 70.89
50 32 18 64.00 38 11 77.55 70.71
75 49 26 65.33 35 14 71.43 67.74
100 68 32 68.00 32 17 65.31 67.11
150 106 42 70.70 28 21 57.14 67.73
200 144 56 72.00 28 21 57.14 69.08
230 166 64 72.17 28 21 57.14 69.53

TP stands for correctly predicted positive miRNA:target pairs; FN stands for wrongly predicted positive miRNA:target pairs; TN stands for correctly predicted negative
miRNA:target pairs; FP stands for wrongly predicted negative miRNA:target pairs. Se: the sensitivity; Sp: specificity; ACC: classified accuracy.

Table 4 Prediction results of 195 positive and 38 negative

positive set

negative set

TP FN
162 33

Se/% TN FP
83.08 23 15

ACC/%
79.40

Sp/%
60.53

TP stands for correctly predicted positive miRNA:target pairs; FN stands for wrongly predicted positive miRNA:target pairs; TN stands for correctly predicted negative
miRNA:target pairs; FP stands for wrongly predicted negative miRNA:target pairs. Se: the sensitivity; Sp: specificity; ACC: classified accuracy.
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prescreening by those seed-sensitive programs and not
having high free energy, is not fit for this method.

To show how HMM?2 method is applied to judge
miRNA target genes in reality, Table 5 lists a comparative
result between HMM2 method and other three types of
most often used softwares, Pictar, miRanda, and Targets-
can. Like MiRTif (Yang et al., 2008), we also choose hsa-
mir-224 as the example. This miRNA plays the most
importantly up-regulatory role in hepatocellular carcinoma
patients (Wang et al., 2008). There are only eight predicted
candidate target genes in Table 5. The table also includes
information on the function annotation, the ranking of the
corresponding prediction software, MiRTif score (Yang et
al., 2008) and the possibility under True Target Binding
Site Module, respectively. Among the predictions, apop-
tosis inhibitor-5 (APIS) was experimentally validated as
miRNA-224 specific target (Wang et al.,, 2008). Our
method also confirms the APIS to be the target genes with a
highest probability of 0.9230, which is more efficient than
MiRTif. We believe that the discriminant scores of HMM?2
and MIRTif will provide experimental biologists a new
insight or proposal, especially at the time of choosing
miRNA targets for validation.

The HMM, which has the fundamentals of statistical
theory and efficient learning algorithm, has been devel-
oped in recent decades as a double stochastic process. By
introducing the local learning probability, HMM permits to
compensate for the insertion and deletion state in a uniform
way, and can be attained from the original data by learning
directly. Current HMM has been widely applied in
bioinformatics research, such as the modeling of DNA
coding area, multiple sequence alignment, and protein
super-family (Churchill et al., 1989; Rabiner et al., 1989;
Gough et al., 2002). Borodovsky et al. (1986) discovered
that coding and non-coding sequences follow Markov

chain properties. So second-order Hidden Markov Model
is considered in this paper to process miRNA and its
targets, which is the first time to be applied in miRNA
target prediction, obtaining good results.

Although HMM has achieved success in many aspects,
there still remains two problems. Firstly, it often contains
many structureless parameters. When only small data are
available, lacking sufficient information may turn out to be
a serious problem. Secondly, first-order or second-order
HMM is limited by the properties of Markov, which cannot
reveal the dependent relation of farther distance. For these
two limitations, the lack of experimentally validated
miRNA:target currently may lead to getting less optimal
target sequence characteristics, affecting the accuracy of
the prediction. We believe that, with the increase of
validated data and by combining with higher order HMM,
our method will achieve a better predicted result.

In addition, all the programs of our method have been
implemented based on the Maltab platform and formed a
program package. If needed, we can provide all of them,
and at the same time, they can also be downloaded from
http://project.kernelstudio.org/share/miRTarHMM?2/.
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