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Abstract—We designed a new SVM for microRNA identi-
fication, whose novelty consist in the fact that many of its
features incorporate the base-pairing probabilities provided by
McCaskill’s algorithm. Comparisons with other SVMs for mi-
croRNA identification prove that our SVM obtains competitive
results. One of the advantages of our approach is that it makes no
use of so-called normalised features which are based on sequence
shuffling, which is a sensitive issue from the biological point of
view. This also makes our approach much less time consuming.

I. I NTRODUCTION

MicroRNAs (miRNAs) are short RNA molecules that play
important gene regulatory roles. It is well known that most
miRNA precursors (pre-miRNAs) fold as hairpins. However,
many other RNA sequences in different genomes have a
similar structure. Several methods have been proposed for
miRNA recognition, among which support vector machines
(SVMs) are the best. Most of these SVMs rely on the accuracy
of RNA secondary structure prediction programs. We will
describe another approach, also using SVM, in which most
features are computed using the base-pair binding probabilities
provided by McCaskill’s algorithm [21], based on thermody-
namics principles. Such an approach seems promising because
it does not rely on a single, predicted secondary structure.We
prove this claim through direct comparisons with two other
SVMs, namely Triplet-SVM [32] and miPred [26], the last of
which has reported best results for pre-miRNA identification
up to our knowledge.

The plan of this paper is as follows: Section 2 presents the
biological background of the miRNA identification problem.
Section 3 introduces the reader to existing work in the area
of identifying new pre-miRNAs using machine learning tech-
niques, especially support vector machines. Section 4 defines
the features that we will use for building a new SVM, while
section 5 will give the main results we obtained on different
test datasets, and compare them with (some of) the best results
available in the literature. Section 6 reports the results that we
obtained when trying to find out whether another classifier,
Random Forests, is capable of delivering better results than
SVM when using the features presented in section 4. Section
7 draws the conclusions of our work and sketches some
improvements that we plan to do in the coming future.

∗Joint first authors.

II. BACKGROUND

MicroRNAs (miRNAs) are non-coding RNA molecules that
regulate gene expression at post-transcriptional level. First,
miRNAs are transcribed from DNA asprimary miRNAs.
Then the Microprocessor complex, containing the nuclease
Drosha, interacting with a primary miRNAs cuts it down to a
short hairpin, or stem-loop structure, that is calledprecursor
miRNA(pre-miRNA), and has 70−100 nucleotides. Later, pre-
miRNAs are processed tomature miRNAs(21-23 nucleotides)
in the cytoplasm, by interaction with the Dicer enzyme.
Figure 1 illustrates the structure of human precursory miRNA
mir-16. It has been proved to be deleted or downregulated
in more than two thirds of cases of chronic lymphocytic
leukemia.

What led to miRNA discovery? In the early 1990s, plant
scientists were trying to alter flower colours in petunias.
Researchers introduced additional copies of a gene for a
key enzyme responsible for flower pigmentation (chalcone
synthase), thus aiming to obtain darker pink or violet petu-
nias. Surprisingly, less pigmented, partially or fully white
flowers were produced [24]. This indicated that the genes
(both endogenes and transgenes) responsible for coding that
enzyme were downregulated in the altered flowers, but no
further explanation could be provided. Several years later,
Andrew Z. Fire and Craig C. Mello published a paper in
Nature [11], showing how a gene silencing effect can be
obtained by injecting short fragments of double stranded
RNA into a model organism, C. elegans. This gene silencing
mechanism was named RNA-mediated interference, or simply
RNA interference (RNAi). It easily explains the un-colouring
effect on petunias in the above reported experiment: certain
short RNAs (for instance miRNAs) produced by the plant itself
suppressed the genes responsible for flower pigmentation, by
intereacting with the messenger RNA produced by these genes.
It is now known that RNAi happens in many organisms. The
current version (11.0) of miRBase [14], the database that
registers all known miRNAs, contains 6396 pre-miRNAs and
6211 mature miRNAs from many species.

What makes the discovery of miRNAs very interesting and
useful is that laboratory-made miRNAs can be injected into
cells, thus triggering gene suppression, and therefore enabling
inferences on targeted gene functions. This opens a new, very
promising way for research in disease treatment and drug



A

U

G

C

C

G

A

U

G

C

C

G

A

U

C

G
U

G

C

U

A

A
AA

UU

U

A

A

U

U

G

U

A

G

C

G

C

CGUUAA

U

GA

U

U

A

U

UU

CU

AA

A
A

G

UC

A
AC

GU

G

CA

UU

GC

G

AGU

A

G

U
A

G

C

G
I I I I I I II I I I I I I I I I I II I I I I I I I I I I I I I

U

A
A

C

5’

3’

Fig. 1. The stem-loop structure of human precursory miRNA mir-16. The
mature miRNA is shaded.

design [10]. For their discovery, Fire and Mello were awarded
the Nobel Prize in Physiology and Medicine in 2006.

Bioinformatic methods can be successfully used for the
identification of new microRNA genes in genomes. The
miRNA identification problem is usually defined over pre-
miRNAs because, since their length is larger than that of
mature miRNAs, and therefore more information can be
extracted from their sequences. Because pre-miRNAs usually
have a stem-loop structure, but many other RNA sequences in
different genomes have a similar structure, the real challenge
is to differentiate real pre-miRNAs from other hairpin-shaped
RNA sequences, whic are usually called pseudo pre-miRNAs.

III. R ELATED WORK

The first bioinformatic attempts to miRNA identification
used sequence alignment systems like BLASTN [2]. Because
miRNAs often have non-conserved sequences, and instead
they tend to conserve their secondary structure, this approach
is not very promising, therefore the focus turned on using
machine learning techniques, with a clear preference toward
support vector machines, a powerful classification tool [8][9].1
2 For classification using SVM, a feature vector is extracted
from the sequence. The selected features are usually statis-
tical, structural, topological and thermodynamical. An RNA
secondary structure prediction program, for instanceRNAfold
form the RNA Vienna package [17], is used and then many
features are computed using the model predicted by this
program. As stated in [22], this approach is limited by the
secondary structure prediction accuracy. Therefore, relying on
a probabilistic model is expected to be better than building
features based on a single predicted structure. In this workwe
will follow this lead.

In the remaining part of this section we will briefly review
the SVMs that have been created up to day for miRNA
identification, and then starting with the next section we will
develop our approach.

Since 2005 an impressive number of SVM-systems were
built, aiming to get better and better results in recognizing
miRNAs. The first two of these systems, miR-abela [29]

1Some of the precursors of ML-based systems for miRNA identification
were: miRScan [20] that worked on theC. elegansandH. sapiensgenomes,
miRseeker [19] onD. melanogaster, and miRfinder [4] onA. thalianaandO.
sativa.

2Examples of non-SVM machine learning systems for miRNA identification
are BayesMiRNAfind [33] which is based on the naive Bayes classifier, and
proMIR [23] that uses a Hidden Markov Model. [30] uses thek-NN clustering
algorithm to learn how to distinguish between different categories of non-
coding RNAs, while [31] introduces MiRank, a system that uses a ranking
algorithm based on random walks, a stochastic process defined on weighted
finite state graphs.

and Triplet-SVM [32] proved very inspiring. MiR-abela’s
authors have shown that their SVM-based predictions were
really valuable to biologists: it turned out through laboratory
work that about 30% of the proposed candidates were real
pre-miRNAs. Triplet-SVM was instead remarkable due to its
simplicity: the features employed are patterns over words of 3
consecutive nucleotides in the pre-miRNA sequence. These
patterns gather informations from the first and secondary
structure levels of the sequence.

Two other systems were basically derived from Triplet-
SVM’s approach: MiPred [26], and miREncoding [34].
MiPred, added a couple of thermodynamical features (min-
imum free energy MFE, and the so-called P-value [12]),
and then succeeded to get better results by replacing SVM
with Random Forests, an ensemble learning technique using
decision trees. MiREncoding added several new features and
tried to improve SVM’s classification performances by using
DFL, a feature selection algorithm.

Another SVM, RNAmicro [16], tried to explore similarities
provided by multiple alignments of related miRNAs. [15]
describes an SVM, called Microprocessor, that identifies the
Drosha cutting site in the extended primary miRNA sequence,
and then uses informations regarding this site to improve
the performance of another SVM in charge with pre-miRNA
recognition.

Recently, an new SVM called miPred [26] produced what
seems to be the best results up to date, by making extensive
use of thermodynamical features.3 Despite its performances,
miPred faces a two-fold criticism: it uses so-called normalised
features, which are computed on a large number of shuffled
versions of the given pre-miRNAs. This approach is not
very welcome by biologists due to its lack of biological
meaning. At the same time, working with normalised features
is computationally very time consuming.4 One of our aims
when we started this work was to produce results comparable
to those of miPred, without using normalised features.

IV. OUR SVM

We propose a support vector machine built mainly upon
features using the base-pair binding probabilities provided by
McCaskill’s algorithm [21], supplemented with some other,
simple features. The first subsection will give the formal
definition of base-pairing probabilities as introduced in [12],
while the subsequent subsections will present our SVM’s
features.

A. Base-pairing probabilities

Given an RNA sequence,pij , the probability that the
nucleotidesi and j form a base-pair is defined as follows:

pij =
∑

Sα∈S

P (Sα) δα
ij

3The reader should not confuse the two miRNA identification systems that
have very similar names: MiPred, cited above, and miPred.

4Supplementary materials published on the web for miPred [26] says that
it uses 10,000 shuffled versions for each (real or pseudo) pre-miRNA. It is
therefore expected that computing the features for our SVM, when using 100
pivots (see section 4.2) will be around 100 times faster.



whereS is the set of all possible secondary structures for the
given sequence, andδα

ij is 1 if the nucleotidesi andj form a
base-pair in the structureSα and0 otherwise. The probability
of the structureSα ∈ S follows a Boltzmann distribution:

P (Sα) =
e−MFEα/(R·T )

Z

with

Z =
∑

Sα∈S
e−MFEα/(R·T ),

R = 8.31451 J mol−1K−1 (a molar gas constant), and
T = 310.15K (37◦ C).

The probabilitiespij are efficiently computed using Mc-
Caskill’s algorithm [21].

B. A base-pairing profile similarity measure, and related
features

We used the idea described in [22] for computing a similar-
ity measure for two RNA sequences based on their pattern of
base-pairing formation. To compute this similarity score,two
steps are needed: first, a base-pair profile is calculated foreach
of the two sequences, and then the similarity score is obtained
using the global alignment algorithm Needleman-Wunsch [25]
with a modified match score and without gap penalties.

Given a pre-miRNA sequence, we apply McCaskill’s al-
gorithm, and then for every nucleotidei we compute the
probability of i forming a base pairing upstream, downstream,
or not forming a base pairing at all. Thus, we obtain aprofile
for the given sequence, under the form of anL× 3 matrix as
follows:

PF[i, 0] =
∑

j>i

pij

PF[i, 1] =
∑

j<i

pij

PF[i, 2] = 1 − PF[i, 0] − PF[i, 1]

The global alignment of two computed profiles is calculated
using the Needleman-Wunsch algorithm. We use zero gap
penalties, and as match score the inner product of the two
profile vectors associated to the corresponding positions in the
input sequences. Here is the recurrence relation:

S[i, j] = max







S[i − 1, j]
S[i, j − 1]

S[i − 1, j − 1] +
∑2

k=0 PF[i, k] · PF[j, k]

The result is the best alignment score of the profiles computed
for the given pair of RNA sequences.

Now, we will show how this similarity measure will be
used to compute a number ofprofile-based featuresfor our
SVM. First, we will construct a set of RNA sequences that
we call pivot sequences. Then, the alignment scores of a
given (training or testing) pre-miRNA with all the pivot
sequences will be included in the pre-miRNA’s feature vector.
We conjecture that the way in which the pre-miRNA base-
pairing profiles align to the profiles of pivot sequences can
be successfully used as a discriminative factor in classifying

real vs. pseudo pre-miRNAs. In the developing phase of our
system, we used pseudo-miRNAs and pre-miRNAs as pivots,
but we saw that the prediction accuracy didn’t significantly
change when we used randomly generated sequences. Also,
we noticed that about 50−200 pivot sequences were needed
to achieve best performance. The length of the used pivot
sequences seemed to affect the result. In practice we noticed
that sequences of 45-65 nucleotides were most appropriate.

C. Local contiguous structure-sequence probabilistic features

The Triplet-SVM [32] classifier used quite successfully a
set of 32 local sequence features for pre-miRNA identification.
It employed theRNAfold function in the Vienna RNA pack-
age [17] for the secondary structure prediction. Then features
were computed by counting certain patterns on triplets of
nucleotides in the given pre-miRNA sequence. We used the
patterns proposed there, but instead of relying on the structure
predicted byRNAfold, we worked with probabilities provided
by the McCaskill algorithm.

In the secondary structure of RNAs, each nucleotide is either
paired or unpaired. LetPNP[i] = PF[i, 2] store the probability
that base on positioni is unpaired. For any 3 consecutive
nucleotides there are8 = 23 possible structure patterns: ‘ppp’,
‘pp.’, ‘p.’, ‘p..’, ‘.pp’, ‘.p.’, ‘..p’, and ‘...’. Here, ‘p ’ denotes a
paired nucleotide, and ‘.’ an unpaired one. Further on, if we
consider the middle nucleotide (A,C,G or U ) in a triplet, there
will be 32 = 8×4 possible combinations. Given a pre-miRNA,
we will compute the probability of every such combination
occurring inside the sequence.

First, we compute a two-dimensional matrixPt[2..(L −
1), 1..8] where Pt[i, j] stores the probability that the triplet
centered of thei-th nucleotide has the patternj. Making
an obvious independence assumption,Pt(i, j) can be easily
computed by multiplying the probabilities that correspond
to the three positions inside that pattern. For example, the
probability computed for the pattern ‘p.p’ for somei is
(1−PNP[i−1]) · PNP[i] · (1−PNP[i + 1]).

After having computed the matrixPt, it is easy to calculate
the two-dimensional matrixPn[1..4, 1..8] where Pn[a, j] de-
notes the probability that nucleotidea appears in the middle
position of occurrences of patternj. For this, the following
formula is used:

Pn[a, j] = (
∑

S[i]=a

Pt[i, j] ) / (cnt(a)/L)

whereS[1..L] is the current sequence andcnt(a) denotes the
number of nucleotides of typea in the sequence. ThePn[a, j]
values are included in the feature vector we associate to a
given pre-miRNA sequence. These 32 features are a natural
generalisation to the local contiguous structure-sequence fea-
tures defined for Triplet-SVM, now using base-pair binding
probabilities.

D. Other features using base-pairing probabilities

For every distinct pair of nucleotides(a, a) (12 combina-
tions) we also computed the sum of the base-pair probabilities



for all the corresponding positions in the sequence. We used
the following formula:

∑

S[i]=a,S[j]=b

pij .

The overall non base-pairing probabilitywas included in the
feature vector. This value is given by:

L
∑

i=1

PNP[i]/L.

We also computed the non base-pairing probability for every
nucleotidea ∈ {A,C,G,U} in the following way:

∑

S[i]=a

PNP[i]/cnt(a).

The output ofmean bp dist function in the Vienna RNA
package was also used as a feature. This value represents
the mean base pair distance in the equilibrium state of a
given RNA, which constitutes a measure of the structural
diversity. It is also computed using the probabilities obtained
with McCaskill’s algorithm.

E. Other features

As features not based on McCaskill’s probabilities we first
added the foldingminimum free energy. This was obtained
using thefold function in the Vienna RNA package, which
is based on Zuker’s algorithm [35]. Then, we added the
average frequenciesof A,C,G andU in the current sequence,
calculated ascnt(a)/L, for each nucleotidea. Finally, the
average dinucleotide frequencies(16 combinations) were also
included in the feature vector.

V. DATASETS AND MAIN RESULTS

The objective of this section is to evaluate the set of features
presented in the previous section, by comparing the results
it provides when using the SVM classifier with the results
reported in the literature for Triplet-SVM and miPred. In order
to make as fair comparisons as possible, we first trained our
SVM on the same dataset as Triplet-SVM (TR-C, see below),
and then retrained our SVM on the training dataset for miPred
(TR-H).

As SVM implementation, we used the LibSVM package [7]
version 2.84. The penalty parameterC and the RBF kernel
parameterγ were selected using the grid search implemented
by a Python script provided with LibSVM. The scaling was
performed using the default parameters (-1, 1).

A. Comparison with Triplet-SVM

To train the Triplet-SVM classifier [32], its authors built a
dataset called TR-C. As positive examples, 163 pre-miRNAs
have been randomly selected from the 193 human pre-miRNAs
in miRBase version 5.0. As negative examples, 168 pre-
miRNA-like hairpins with a similar stem-loop structure to real
pre-miRNAs have been randomly selected from CODING,
a set of 8494 sequences chosen by Triplet-SVM’s authors
from the NCBI RefSeq database [27]. On the TR-C training

TABLE I
COMPARISON OF OUR SYSTEM WITHTRIPLET-SVM. THE RESULTS FOR

TRIPLET-SVM ARE TAKEN FROM [32]. IN PARANTHESIS: THE RATIO OF

CORRECTLY CLASSIFIED INSTANCES.

Test Our Triplet-SVM
accuracy(%) acc.(%)

TE-C: Human pre-miRNAs 96.6 (29/30) 93.3
TE-C: Pseudo pre-miRNAs 96.5 (965/1000) 88.1
UPDATED 92.3 (36/39) 92.3
CROSS-SPECIES 95.4 (554/581) 90.9
CONSERVED-HAIRPIN 93.5 (2287/2444) 89.0

dataset, when doing 5-fold cross validation our SVM obtained
a prediction accuracy of 96.07% following the grid parameter
search.

For the test phase, the authors of Triplet-SVM built four
datasets:

− The TE-C dataset included the 30 remaining human pre-
miRNAs from miRBase version 5.0, and 1000 pseudo pre-
miRNAs randomly selected from the CODING set, excluding
those already allocated to the TR-C training set.
− The UPDATED dataset was made of 39 human pre-
miRNAs, reported after the release of miRBase 5.0 and up
to the time when Triplet-SVM was completed.
− The CROSS-SPECIES dataset consists of 581 pre-miRNAs
from 11 species in miRBase 5.0, different from human.
− The CONSERVED-HAIRPIN dataset was built by extract-
ing 2444 hairpins from the human chromosome 19, between
positions 56000001 and 57000000, obtained from the UCSC
database (hg17, May 2004) [18]. Of all these hairpins, 3 are
real pre-miRNAs, while the others are pseudo pre-miRNAs.

Table I shows the results we obtained on the above four
test datasets, compared to Triplet-SVM, after both SVMs
were trained on the same dataset, TR-C. For the profile, we
included 50 pivots, which are randomly generated sequences
of 45-65 nucleotides. One can see that our SVM has a better
accuracy than Triplet-SVM on all these four datasets. Detailed
comparisons on the different species in the CROSS-SPECIES
dataset are shown in Table II. These good results encouraged
us to do further comparisons, this time with the miPred SVM.

B. Comparison with miPred

For miPred [26], the training set (called TR-H) included 200
human pre-miRNAs randomly selected from miRBase 8.2, and
400 pseudo-miRNAs from the CODING set, built by Triplet-
SVM’s authors.

In order to test their classifier, the authors of miPred built
four datasets: TE-H, IE-NH, IE-NC and IE-M:

− TE-H and IE-NH were designed similarly to the datasets
TE-C and respectively CROSS-SPECIES used for testing
Triplet-SVM: TE-H included the 123 human pre-miRNAs
remaining from miRBase 8.2 after 200 such pre-miRNAs have
been allocated for training (TR-H), while IE-NH contains 1918
pre-miRNAs from 40 non-human species from miRBAse 8.2.



TABLE II
DETAILED COMPARISON OF OUR SYSTEM WITHTRIPLET-SVM:

ACCURACY ON THE CROSS-SPECIESDATASET. THE RESULTS FOR

TRIPLET-SVM ARE TAKEN FROM [32]. IN PARANTHESIS: THE RATIO OF

CORRECTLY CLASSIFIED INSTANCES.

Test Our Triplet-SVM
accuracy(%) accuracy(%)

Mus musculusi 97.2 (35/36) 94.4
Rattus norvegicus 84.0 (21/25) 80.0
Callus Gallus 100.0(13/13) 84.6
Dnio Rerio 83.3 (5/6) 66.7
Caenorhabditis briggsae 100.0(73/73) 95.9
Caenorhabditis elegans 92.7 (102/110) 86.4
Drosophila pseudoobscura 94.3 (67/71) 90.1
Drosophila melanogaster 95.7 (68/71) 91.5
Oryza sativa 96.8 (93/96) 94.8
Arabidopsis thaliana 97.3 (73/75) 92.0
Epstein Barr Virus 80.0 (4/5) 100.0
Total 95.35(554/581) 90.9

Both datasets included twice more negative examples than
positives, randomly selected from the CODING set.
− IE-NC consists of 12387 non-coding RNAs (other than
miRNAs) from the Rfam 7.0 database [13], and IE-M is made
of 31 messenger RNAs selected from GenBank [3].

We recreated these five datasets according to the above
specifications made by the authors of miPred, since they did
not provide the datasets themselves.

We re-trained our SVM on the TR-H dataset, similarly to
miPred, and then we run it on the above four test datasets.
Table III shows comparative results with miPred and Triplet-
SVM.5 We used 100 randomly generated pivots. Our SVM
not only outperformed again Triplet-SVM on all datasets,
but it also definitely outperformed miPred on the IE-NC and
IE-M datasets (82.75% vs. 68.68%, and respectively 100%
vs. 87.09% accuracy), while on IE-NH it loses 1.53% in
accuracy compared to miPred. On IE-NH, our SVM’s accuracy
is slightly better than that of miPred. Note that Triplet-SVM
misclassifies all 31 instances in the IE-M set, while our SVM
correctly classifies them all.

Our conclusion is that our SVM is a very serious contender
not only for Triplet-SVM, but also for miPred.

VI. SEARCHING FORFURTHER IMPROVEMENTS

The MiPred system [26] got better results by using the
Random Forests [6] classifier instead of SVM, with the same
features, namely, the Triplet-SVM features plus the folding
minimum free energy and the P-value [12]. We wanted to see
whether the same is true for our set of features. This section
briefly presents Random Forests (RF), and then it reports
on the tests we did using RF as classifier for our miRNA
identification problem.

5Because we re-created the miPred’s train and test datasets. it is quite
possible that there are slight differences between the published results and
those that would be obtained by running miPred and Triplet-SVM on the
re-created datasets.

TABLE III
COMPARISON OF OUR SYSTEM WITH MIPRED AND TRIPLET-SVM. THE

RESULTS FOR MIPRED AND TRIPLET-SVM ARE TAKEN FROM [26]. ONLY

ACCURACY IS GIVEN FORIE-NC AND IE-M SINCE THESE DATASETS ARE

MADE ONLY OF NON MIRNAS; IN SUCH A CASE, SPECIFICITY IS EQUAL TO

ACCURACY, AND SENSITIVITY IS UNDEFINED.

Our miPred Triplet-SVM
Test accuracy(%) accuracy(%) accuracy(%)

se.(%) sp.(%) se.(%) sp.(%) se.(%) sp.(%)
TE-H 93.77 93.50 87.96

87.80 96.74 84.55 97.97 73.15 93.57
IE-NH 94.11 95.64 86.15

90.35 95.99 92.08 97.42 86.15 96.27
IE-NC 82.75 68.68 78.37
IE-M 100 87.09 −

Random Forests is anensemble learningalgorithm that was
derived frombagging, also introduced by Leo Breiman [5].
Like boosting[28] too, these techniques use certain strategies
for aggregating some simpler classification algorithms. Inthe
sequel we will consider that the aggregated classifiers are
decision trees.

The main idea behindboosting is the following: decision
trees are constructed successively, and each time a new tree
is built, the data points that have been incorrectly predicted
by earlier trees are given some extra weight. The learner is
thus forced to successively concentrate on more and more
difficult cases. In the end, the classification of a given instance
is decided by a linear (weighted) combination of the votes
given by the decision trees.

In thebaggingapproach, whose name comes frombootstrap
aggregating, new trees do not depend on earlier trees. Each
tree is independently constructed using a bootstrap sample(i.e.
sampling with replacing) from the training dataset. Classifica-
tion of a test instance is done by taking a simple majority vote
among the decision trees.

The Random Forests algorithm extends bagging with and
additional layer of randomness, namely the random feature
selection: while in standard decision trees each node is split
using the best split among all variables, in RF each node
is split using the best among a subset of features randomly
chosen at that node. Thus, RF uses only two parameters: the
number of variables in the random subset at each node, and
the number of trees in the forest.

Although RF is a somehow counter-intuitive strategy, it
proved to be robust against overfitting, and it produced some
good results when compared to other machine learning tech-
niques including SVMs, neural networks, discriminate analy-
sis, etc. As implementation for RF, we used therandomForest
(version 4.5-25) package for the R language [1]. Feature
selection was done using theimportancefunction from the
R package, which is based on RF.

Table IV shows the accuracy results we obtained when
training RF and respectively an SVM on TR-C, which
was the Triplet-SVM’s training set, and did comparisons
on its test sets: TE-C, UPDATED, CROSS-SPECIES, and



TABLE IV
COMPARING THE PREDICTIVE ACCURACY(%) OF RF AND SVM ON TEST

DATASETS FROMTRIPLET-SVM, USING OUR FEATURES.

RF SVM
Test without with with

feature sel. feature sel. feature sel.
TE-C 61.1 93.2 94.4
UPDATED 94.9 89.7 97.4
CROSS-SPECIES 96.1 89.5 89.8
CONSERVED-HAIRPIN 92.6 89.6 91.0

TABLE V
COMPARING THE PREDICTIVE ACCURACY(%) OF RF AND SVM ON TEST

DATASETS FROM MIPRED, USING OUR FEATURES.

RF SVM
Test without with with

feature sel. feature sel. feature sel.
TE-H 92.14 92.14 91.86
IE-NH 93.82 92.72 91.87
IE-NC 63.46 63.30 88.31
IE-M 74.19 16.12 100

CONSERVED-HAIRPIN. Both classifiers used the features
we described in Section 4. Profile similarities were com-
puted on 50 pivots. RF produced a better results than our
SVM described in Section 5 on the UPDATED and CROSS-
SPECIES datasets: 94.9% vs. 92.3% and respectively 96.1%
vs. 94.5% accuracy (SVM’s results are from Table I). However,
on the TE-C dataset, RF registered a very serious decrease of
accuracy: 61.1% down from 96.5%. Another SVM, that used
features selected following the analysis of the decision trees
produced by RF on the full set of features, obtained a better
result only on the UPDATED dataset: 97.4% vs. 92.3%. We
note that feature selection did not improve the RF results on
any of the four Triplet-SVM’s test datasets.

We also performed a similar comparison between RF and
SVM on the test datasets designed by miPred’s authors: TE-
H, IE-NH, IE-NC, and IE-M, after having the both classifiers
trained on miPred’s training dataset, TR-H. Profile similarities
were computed on 125 pivots. Table V shows that unfor-
tunately RF did not produce better results than our SVM
described in Section 4, on any of these test datasets (see
SVM’s results in Table III). Instead, on the IE-NC and IE-
M datasets, RF registered heavy losses of accuracy: 63.46%
vs. 82.75%, and respectively 74.19% vs. 100%. The RF-
supported feature selection procedure did not help RF (and
neither SVM), to get any improvement. On the contrary, the
RF classifier retrained after feature selection produced very
bad results on the IE-M dataset: 16.12% vs 100%.

Our conclusion is that RF seems not to be a very good
candidate to replace SVM for pre-miRNA identification using
our set of features presented in Section 4.

VII. C ONCLUSIONS ANDFURTHER WORK

We showed that the base pairing probabilities provided
by McCaskill’s algorithm combined with some other, simple
statistical measures make a SVM classifier achieve high pre-
miRNA prediction accuracy rates, comparable to the best
published results up to our knowledge.

There is one issue that we need to address in the coming
future: how to better choose the pivot sequences? Until now
we performed several runs with different sets of randomly
chosen pivots. Here we reported the results obtained for the
set of pivots that produced the best overall accuracy on the
Triplet-SVM and respectively the miPred test datasets. On the
Triplet-SVM test datasets, our SVM produced no significant
differences in the reported accuracy, specificity and selectivity.
Unfortunately this did not held when using the miPred test
datasets. Even if the situation were not this delicate, one could
ask whether our SVM could get better results by “improving”
its (set of) pivots. Using genetic programming could be an
answer to this question. A second possibility would be to
choose “representative” pivots among the training sets. Here
clusterization might help, using a distance measure between
vectors of features presented in Section 4, excepting features
regarding the similarity with pivots. We plan to report soon
on this issue.

We will also make direct comparisons with a very re-
cent kNN-based classifier for non-coding RNAs that was
documented while we were working on this paper [30]. Its
reported results seem quite competitive, due to the use of
certain topological features. We will see whether those features
could be generalised using again the probabilities computed by
McCaskill’s algorithm. If so, we will check whether adopting
them into the feature set of our SVM would further improve
the quality of pre-miRNA prediction.
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