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Abstract—We designed a new SVM for microRNA identi- Il. BACKGROUND
fication, whose novelty consist in the fact that many of its

features. incorporf’ite the base-pairing probabilities provided i)y MicroRNAs (miRNAs) are non-coding RNA molecules that
McCaskill's algorithm. Comparisons with other SVMs for mi- e jate gene expression at post-transcriptional leviest, F
croRNA identification prove that our SVM obtains competitive h . . .
results. One of the advantages of our approach is that it makes no MIRNAs are transcribed from DNA aprimary MIRNAS
use of so-called normalised features which are based on sequencd hen the Microprocessor complex, containing the nuclease
shuffling, which is a sensitive issue from the biological point of Drosha, interacting with a primary miRNAs cuts it down to a
view. This also makes our approach much less time consuming. short hairpin, or stem-loop structure, that is calf@ecursor
mMiRNA(pre-miRNA), and has 70100 nucleotides. Later, pre-
. INTRODUCTION miRNAs are processed tmature miRNA$21-23 nucleotides)
in the cytoplasm, by interaction with the Dicer enzyme.
MicroRNAs (miRNASs) are short RNA molecules that playFigure 1 illustrates the structure of human precursory niRN
important gene regulatory roles. It is well known that moshir-16. It has been proved to be deleted or downregulated
MiRNA precursors (pre-miRNAs) fold as hairpins. Howevein more than two thirds of cases of chronic lymphocytic
many other RNA sequences in different genomes haveleakemia.
similar structure. Several methods have been proposed fokwhat led to miRNA discovery? In the early 1990s, plant
miRNA recognition, among which support vector machinescientists were trying to alter flower colours in petunias.
(SVMs) are the best. Most of these SVMs rely on the accuraResearchers introduced additional copies of a gene for a
of RNA secondary structure prediction programs. We wikey enzyme responsible for flower pigmentation (chalcone
describe another approach, also using SVM, in which masfnthase), thus aiming to obtain darker pink or violet petu-
features are computed using the base-pair binding protiedil nias. Surprisingly, less pigmented, partially or fully wehi
provided by McCaskill's algorithm [21], based on thermodyflowers were produced [24]. This indicated that the genes
namics principles. Such an approach seems promising beca@®th endogenes and transgenes) responsible for coding tha
it does not rely on a single, predicted secondary strucitee. enzyme were downregulated in the altered flowers, but no
prove this claim through direct comparisons with two othefurther explanation could be provided. Several years later
SVMs, namely Triplet-SVM [32] and miPred [26], the last ofAndrew Z. Fire and Craig C. Mello published a paper in
which has reported best results for pre-miRNA identificatioNature [11], showing how a gene silencing effect can be
up to our knowledge. obtained by injecting short fragments of double stranded
The plan of this paper is as follows: Section 2 presents tRNA into a model organism, C. elegans. This gene silencing
biological background of the miRNA identification problemmechanism was named RNA-mediated interference, or simply
Section 3 introduces the reader to existing work in the ar&@NA interference (RNAI). It easily explains the un-colmgi
of identifying new pre-miRNAs using machine learning techeffect on petunias in the above reported experiment: certai
nigues, especially support vector machines. Section 4 efefishort RNAs (for instance miRNAs) produced by the plant ftsel
the features that we will use for building a new SVM, whilesuppressed the genes responsible for flower pigmentatjon, b
section 5 will give the main results we obtained on differenhtereacting with the messenger RNA produced by these genes
test datasets, and compare them with (some of) the bestgesitlis now known that RNAi happens in many organisms. The
available in the literature. Section 6 reports the reshlé$ tve current version (11.0) of miRBase [14], the database that
obtained when trying to find out whether another classifieegisters all known miRNAs, contains 6396 pre-miRNAs and
Random Forests, is capable of delivering better results th@211 mature miRNAs from many species.
SVM when using the features presented in section 4. Sectionyhat makes the discovery of miRNAs very interesting and
7 draws the conclusions of our work and sketches sorngeful is that laboratory-made miRNAs can be injected into
improvements that we plan to do in the coming future.  cells, thus triggering gene suppression, and thereforbliega
inferences on targeted gene functions. This opens a new, ver
*Joint first authors. promising way for research in disease treatment and drug



, sUU c and Triplet-SVM [32] proved very inspiring. MiRbelds
S?T????AGLIJ??CTT?TT??%? fTAT?TTTTT?C asau?¥a authors have shown that their SVM-based predictions were
CAGUUG  AUG, AGUCGUCGUG CA UUAUGACC UCUA,, A" really valuable to biologists: it turned out through laltors
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 wofd® o
consecutive nucleotides in the pre-miRNA sequence. These
patterns gather informations from the first and secondary
design [10]. For their discovery, Fire and Mello were awdrdestructure levels of the sequence.
the Nobel Prize in Physiology and Medicine in 2006. Two other systems were basically derived from Triplet-

Bioinformatic methods can be successfully used for tH8VM's approach: MiPred [26], and miREncoding [34].
identification of new microRNA genes in genomes. ThbliPred, added a couple of thermodynamical features (min-
miRNA identification problem is usually defined over preimum free energy MFE, and the so-called P-value [12]),
miRNAs because, since their length is larger than that afid then succeeded to get better results by replacing SVM
mature miRNAs, and therefore more information can b&ith Random Forests, an ensemble learning technique using
extracted from their sequences. Because pre-miRNAs ysualkecision trees. MiREncoding added several new features and
have a stem-loop structure, but many other RNA sequencedrird to improve SVM's classification performances by using
different genomes have a similar structure, the real chaéle DFL, a feature selection algorithm.
is to differentiate real pre-miRNAs from other hairpin-pkd Another SVM, RNAmicro [16], tried to explore similarities
RNA sequences, whic are usually called pseudo pre-miRNA®ovided by multiple alignments of related miRNAs. [15]
describes an SVM, called Microprocessor, that identifies th
Drosha cutting site in the extended primary miRNA sequence,

The first bioinformatic attempts to miRNA identificationand then uses informations regarding this site to improve
used sequence alignment systems like BLASTN [2]. Becaugf performance of another SVM in charge with pre-miRNA
miRNAs often have non-conserved sequences, and insteagognition.
they tend to conserve their secondary structure, this agpro Recently, an new SVM called miPred [26] produced what
is not very promising, therefore the focus turned on usingeems to be the best results up to date, by making extensive
machine learning techniques, with a clear preference thwarse of thermodynamical featuréespite its performances,
support vector machines, a powerful classification too[$8]  miPred faces a two-fold criticism: it uses so-called noisea
2 For classification using SVM, a feature vector is extractgdatures, which are computed on a large number of shuffled
from the sequence. The selected features are usually-stajisrsions of the given pre-miRNAs. This approach is not
tical, structural, topological and thermodynamical. An RN very welcome by biologists due to its lack of biological
secondary structure prediction program, for instaR&Afold meaning. At the same time, working with normalised features
form the RNA Vienna package [17], is used and then many computationally very time consumifigOne of our aims
features are computed using the model predicted by thigien we started this work was to produce results comparable
program. As stated in [22], this approach is limited by thg those of miPred, without using normalised features.
secondary structure prediction accuracy. Thereforejnglgn

> = ) - IV. OurR SVM

a probabilistic model is expected to be better than building . _ .
features based on a single predicted structure. In this werk e propose a support vector machine built mainly upon
will follow this lead. features using the base-pair binding probabilities predity

In the remaining part of this section we will briefly reviewMcCaskill's algorithm [21], supplemented with some other,
the SVMs that have been created up to day for mirRNgimple features. The first subsection will give the formal
identification, and then starting with the next section wé widefinition of base-pairing probabilities as introduced 2]}
develop our approach. while the subsequent subsections will present our SVM’'s

Since 2005 an impressive number of SVM-systems wel@atures.
built, aiming to get better and better results in recogmzinA, Base-pairing probabilities
mMiRNAs. The first two of these systems, méRela [29]
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Fig. 1. The stem-loop structure of human precursory miRNA mir-lite
mature miRNA is shaded.

IIl. RELATED WORK

Given an RNA sequencep;;, the probability that the
1Some of the precursors of ML-based systems for miRNA identiinat nucleotidesi and j form a base-pa|r is defined as follows:

were: miRScan [20] that worked on ti@& elegansandH. sapiensgenomes, o P(S.) 62
miRseeker [19] oD. melanogasterand miRfinder [4] orA. thalianaandO. bij = Z ( a) 7]
sativa SaES

2Examples of non-SVM machine learning systems for miRNA idefatiiim
are BayesMiRNAfind [33] which is based on the naive Bayessifias, and 3The reader should not confuse the two miRNA identificatiortesys that
proMIR [23] that uses a Hidden Markov Model. [30] uses kBN clustering have very similar names: MiPred, cited above, and miPred.
algorithm to learn how to distinguish between differentegaties of non- 4Supplementary materials published on the web for miPred [2& Haat
coding RNAs, while [31] introduces MiRank, a system thatsuaseranking it uses 10,000 shuffled versions for each (real or pseudojniRNA. It is
algorithm based on random walks, a stochastic process defimeveighted therefore expected that computing the features for our SViMenwsing 100
finite state graphs. pivots (see section 4.2) will be around 100 times faster.



wheresS is the set of all possible secondary structures for threal vs. pseudo pre-miRNAs. In the developing phase of our
given sequence, antf; is 1 if the nucleotides andj form a system, we used pseudo-miRNAs and pre-miRNAs as pivots,
base-pair in the structurg, and0 otherwise. The probability but we saw that the prediction accuracy didn't significantly
of the structureS,, € S follows a Boltzmann distribution: change when we used randomly generated sequences. Also,

o~MFE./(r-T) we noticed that about 56200 pivot sequences were needed
P(S,) = ——F—— to achieve best performance. The length of the used pivot

Z sequences seemed to affect the result. In practice we dotice

with that sequences of 45-65 nucleotides were most appropriate.

zZ=3 e~MFE./(RT), . .
R=8 35105‘591 Imot' K1 (a molar gas constant), and C. Local contiguous structure-sequence probabilistitifess

T = 310.15K (37 C). The Triplet-SVM [32] classifier used quite successfully a
The probabilitiesp;; are efficiently computed using Mc- set of 32 local sequence features for pre-miRNA identifocati
Caskill's algorithm [21]. It employed theRNAfold function in the Vienna RNA pack-

age [17] for the secondary structure prediction. Then featu
B. A base-pairing profile similarity measure, and relateévere computed by counting certain patterns on triplets of
features nucleotides in the given pre-miRNA sequence. We used the

We used the idea described in [22] for computing a similaatterns proposed there, but instead of relying on thetsireic
ity measure for two RNA sequences based on their patternRsgdicted byRNAfold we worked with probabilities provided
base-pairing formation. To compute this similarity scdvep by the McCaskill algorithm.
steps are needed: first, a base-pair profile is calculatesbitr In the secondary structure of RNAs, each nucleotide is eithe
of the two sequences, and then the similarity score is o&airPaired or unpaired. Le?NP{i] = PF[i, 2] store the probability
using the global alignment algorithm Needleman-Wunsch [281at base on positior is unpaired. For any 3 consecutive
with a modified match score and without gap penalties.  nucleotides there are= 2° possible structure patterns: ‘ppp’,

Given a pre-miRNA sequence, we apply McCaskill's alPP-, ‘-5 ‘P, “.pp’, “.p., *..p’, and “...". Here, ‘p’ denotes a
gorithm, and then for every nucleotide we compute the paired nucleotide, and ‘. an unpaired one. Further on, if we
probability of i forming a base pairing upstream, downstreangonsider the middle nucleotidel(C', G orU) in a triplet, there
or not forming a base pairing at all. Thus, we obtaiprafile ~Will be 32 = 8x4 possible combinations. Given a pre-miRNA,

for the given sequence, under the form of Bux 3 matrix as We Will compute the probability of every such combination
follows: occurring inside the sequence.

PF[i,0] = Zpii First, we compute a two-dimensional matr[2..(L —
1),1..8] where Pt[i, j] stores the probability that the triplet

| >
! centered of thei-th nucleotide has the patterii Making
PF[i, 1] = Zpij an obvious independence assumpti(i,j) can be easily
j<i computed by multiplying the probabilities that correspond
PF[i,2] = 1 — PF[i,0] — PFi, 1] to the three positions inside that pattern. For example, the

probability computed for the pattern ‘p.p’ for somgeis
The global alignment of two computed profiles is calculated —PNP[i—1]) - PNPJi] - (1—PNP[¢ 4 1]).
using the Needleman-Wunsch algorithm. We use zero gapAfter having computed the matrikt, it is easy to calculate
penalties, and as match score the inner product of the tie two-dimensional matri¥n[1..4,1..8] where Pn[a, j] de-
profile vectors associated to the corresponding positioriseé notes the probability that nucleotideappears in the middle

input sequences. Here is the recurrence relation: position of occurrences of patterin For this, the following
) . formula is used:
S[l - 17]]
Sli, ] = maxq - S[i,j 1] ) Pnfa,j] = ( Y Pti,j]) / (cnt(a)/L)
S[Z - 17] - 1] + Zk:o PF[Za k] : PF[J7 k] S[']za

The result is the best alignment score of the profiles contbut@here S[1..L] is the current sequence andt(a) denotes the
for the given pair of RNA sequences. number of nucleotides of typein the sequence. Then[a, j]

Now, we will show how this similarity measure will bevalues are included in the feature vector we associate to a
used to compute a number pfofile-based featurefor our given pre-miRNA sequence. These 32 features are a natural
SVM. First, we will construct a set of RNA sequences thajeneralisation to the local contiguous structure-seqridea-
we call pivot sequencesThen, the alignment scores of aures defined for Triplet-SVM, now using base-pair binding
given (training or testing) pre-miRNA with all the pivotprobabilities.
sequences will be included in the pre-miRNA's feature viecto ] B .

We conjecture that the way in which the pre-miRNA basd?- Other features using base-pairing probabilities
pairing profiles align to the profiles of pivot sequences can For every distinct pair of nucleotide@, a) (12 combina-
be successfully used as a discriminative factor in clasgjfy tions) we also computed the sum of the base-pair probasiliti



. " . TABLE |
for all the corresponding positions in the sequence. We USeghyparison oF OUR SYSTEM WITHTRIPLET-SVM. THE RESULTS FOR

the following formula: TRIPLET-SVM ARE TAKEN FROM [32]. IN PARANTHESIS THE RATIO OF
CORRECTLY CLASSIFIED INSTANCES
> P

Sli]=a,S[j]=b Test Our Triplet-SVM
The overall non base-pairing probabilityas included in the —— — f;?gré‘g%’; a(;cs.((?)
feature vector. This value is given by: “%: Auman pre-miRNAS : :
9 y TE-C: Pseudo pre-miRNAs 96.5(965/1000) 88.1
L UPDATED 92.3 (36/39) 92.3
> PNFi]/L. CROSS-SPECIES 95.4 (554/581) 90.9
i=1 CONSERVED-HAIRPIN 93.5(2287/2444) 89.0

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

Z PNPji] /cnt(a) dataset, when doing 5-fold cross validation our SVM obtdine
st ' a prediction accuracy of 96.07% following the grid paramete
H=e search.

The output ofmean bp_dist function in the Vienna RNA  For the test phase, the authors of Triplet-SVM built four
package was also used as a feature. This value represgatsisets:

the mean base pair distance in the equilibrium state of a i .
given RNA, which constitutes a measure of the structural "€ TE-C dataset included the 30 remaining human pre-
diversity. It is also computed using the probabilities amed TMRNAS from miRBase version 5.0, and 1000 pseudo pre-

with McCaskill's algorithm mMiRNAs randomly selected from the CODING set, excluding
' those already allocated to the TR-C training set.
E. Other features — The UPDATED dataset was made of 39 human pre-

As features not based on McCaskill's probabilities we fir§fiRNAs, reported after the release of miRBase 5.0 and up
added the foldingminimum free energyThis was obtained t0 the time when Triplet-SVM was completed.
using thefold function in the Vienna RNA package, which— The CROSS-SPECIES dataset consists of 581 pre-miRNAs
is based on Zuker's algorithm [35]. Then, we added tH&om 11 species in miRBase 5.0, different from human.
average frequenciesf 4, C, G andU in the current sequence, — The CONSERVED-HAIRPIN dataset was built by extract-
calculated ascnt(a)/L, for each nucleotide:. Finally, the ing 2444 hairpins from the human chromosome 19, between
average dinucleotide frequenci¢k6 combinations) were also Positions 56000001 and 57000000, obtained from the UCSC
included in the feature vector. database (hgl7, May 2004) [18]. Of all these hairpins, 3 are

real pre-miRNAs, while the others are pseudo pre-miRNAs.

V. DATASETS AND MAIN RESULTS Table | sh h | btained he ab ;
The objective of this section is to evaluate the set of festur able | shows the results we o tained on the above four
) . . . tﬁ}st datasets, compared to Triplet-SVM, after both SVMs
presented in the previous section, by comparing the results

it provides when using the SVM classifier with the result\évere trained on the same dataset, TR-C. For the profile, we

reported in the literature for Triplet-SVM and miPred. Irder Mcluded 50 pivots, which are randomly generated sequences

g . : , . of 45-65 nucleotides. One can see that our SVM has a better
to make as fair comparisons as possible, we first trained qur

SV on re seme atast a5 Tile SV (TR, see bl 19 TBC Sy on o hese fur ceaset, Tl
and then retrained our SVM on the training dataset for miPreg P P

(TR-H) ataset are shown in Table Il. These good results encouraged

As SVM implementation, we used the LibSVM package [#s to do further comparisons, this time with the miPred SVM.
version 2.84. The penalty parametérand the RBF kernel B. Comparison with miPred

parametery were selected using the grid search implemented g mipred [26], the training set (called TR-H) included 200
by a Python script provided with LibSVM. The scaling was, ;man pre-miRNAs randomly selected from miRBase 8.2, and
performed using the default parameters (-1, 1). 400 pseudo-miRNAs from the CODING set, built by Triplet-

A. Comparison with Triplet-SVM SVM's authors. ' 3 _ _
To train the Triplet-SVM classifier [32], its authors built In order to test their classifier, the authors of miPred built

dataset called TR-C. As positive examples, 163 pre-miRNAS" datasets: TE-H, IE-NH, IE-NC and IE-M:

have been randomly selected from the 193 human pre-miRNASTE-H and IE-NH were designed similarly to the datasets
in miRBase version 5.0. As negative examples, 168 préE-C and respectively CROSS-SPECIES used for testing
MiRNA-like hairpins with a similar stem-loop structure tat Triplet-SVM: TE-H included the 123 human pre-miRNAs
pre-miRNAs have been randomly selected from CODINGemaining from miRBase 8.2 after 200 such pre-miRNAs have
a set of 8494 sequences chosen by Triplet-SVM’s authdysen allocated for training (TR-H), while IE-NH containsl89
from the NCBI RefSeq database [27]. On the TR-C trainingre-miRNAs from 40 non-human species from miRBAse 8.2.



TABLE Il
DETAILED COMPARISON OF OUR SYSTEM WITHTRIPLET-SVM:
ACCURACY ON THECROSS-SPECIEBATASET. THE RESULTS FOR
TRIPLET-SVM ARE TAKEN FROM [32]. IN PARANTHESIS THE RATIO OF
CORRECTLY CLASSIFIED INSTANCES

TABLE Il
COMPARISON OF OUR SYSTEM WITH MPRED AND TRIPLET-SVM. THE
RESULTS FOR MPRED 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.

Test Our Triplet-SVM

accuracy(%) | accuracy(%) Our miPred Triplet-SVM
Mus musculusi 97.2 (35/36) 94.4 Test accuracy(%) | accuracy(%) | accuracy(%)
Rattus norvegicus 84.0(21/25) 80.0 se.(%) sp.(%) | se.(%) sp.(%) | se.(%) sp.(%)
Callus Gallus 100.0(13/13) 84.6 TE-H 93.77 93.50 87.96
Dnio Rerio 83.3(5/6) 66.7 87.80 96.74| 8455 97.97| 73.15 93.57
Caenorhabditis briggsae | 100.0(73/73) 95.9 IE-NH 94.11 95.64 86.15
Caenorhabditis elegans | 92.7 (102/110) 86.4 90.35 95.99| 92.08 97.42| 86.15 96.27
Drosophila pseudoobscurla  94.3 (67/71) 90.1 IE-NC 82.75 68.68 78.37
Drosophila melanogaster| 95.7 (68/71) 915 IE-M 100 87.09 -
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) | 909 l Random Forests is aansemble learninglgorithm that was

derived frombagging also introduced by Leo Breiman [5].
Like boosting[28] too, these techniques use certain strategies
for aggregating some simpler classification algorithmsthin

Both datasets included twice more negative examples thgghyel we will consider that the aggregated classifiers are
positives, randomly selected from the CODING set. decision trees

— IE-NC consists of 12387 non-coding RNAs (other than The main idea behindoostingis the following: decision
miRNAs) from the Rfam 7.0 database [13], and IE-M is Madgees are constructed successively, and each time a new tree
of 31 messenger RNAs selected from GenBank [3]. is built, the data points that have been incorrectly predict

We recreated these five datasets according to the ab&VYe€arlier trees are given some extra weight. The learner is
specifications made by the authors of miPred, since they diis forced to successively concentrate on more and more
not provide the datasets themselves. difficult cases. In the end, the classification of a givenanse

We re-trained our SVM on the TR-H dataset, similarly té decided by a linear (weighted) combination of the votes
miPred, and then we run it on the above four test datase3é/en by the decision trees.

Table 11l shows comparative results with miPred and Triplet In thebaggingapproach, whose name comes frbaotstrap
SVM.5 We used 100 randomly generated pivots. Our SvVidgegaing, new trees do not depend on earlier trees. Each
not only outperformed again Triplet-SVM on all datasetdree is independently constructed using a bootstrap safiogle
but it also definitely outperformed miPred on the IE-NC angampling with replacing) from the training dataset. Clasai
IE-M datasets (82.75% vs. 68.68%, and respectively 1008@n of a test instance is done by taking a simple majorityevot
vs. 87.09% accuracy), while on IE-NH it loses 1.53% i@mong the decision trees.

accuracy compared to miPred. On IE-NH, our SVM'’s accuracy The Random Forests algorithm extends bagging with and
is slightly better than that of miPred. Note that TripletdgVv additional layer of randomness, namely the random feature
misclassifies all 31 instances in the IE-M set, while our SvNelection: while in standard decision trees each node is spl
correctly classifies them all. using the best split among all variables, in RF each node

Our conclusion is that our SVM is a very serious contendé SPlit using the best among a subset of features randomly
not only for Triplet-SVM, but also for miPred. chosen at that node. Thus, RF uses only two parameters: the

number of variables in the random subset at each node, and
VI. SEARCHING FORFURTHERIMPROVEMENTS the number of trees in the forest.

The MiPred system [26] got better results by using the Although RF is a somehow counter-intuitive strategy, it
Random Forests [6] classifier instead of SVM, with the sanfpgoved to be robust against overfitting, and it produced some
features, namely, the Triplet-SVM features plus the fajdingood results when compared to other machine learning tech-
minimum free energy and the P-value [12]. We wanted to se&ues including SVMs, neural networks, discriminate gnal
whether the same is true for our set of features. This secti®is, etc. As implementation for RF, we used taeadomForest
briefly presents Random Forests (RF), and then it repofwersion 4.5-25) package for the R language [1]. Feature
on the tests we did using RF as classifier for our miRNA&election was done using thmportancefunction from the
identification problem. 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

5Because we re-created the miPred’s train and test datatdss.qiite
possible that there are slight differences between theighdd results and
those that would be obtained by running miPred and TriplekSdh the
re-created datasets.



TABLE IV
COMPARING THE PREDICTIVE ACCURACY%) OF RFAND SVM ON TEST VII. CONCLUSIONS AND FURTHER WORK
DATASETS FROMTRIPLET-SVM, USING OUR FEATURES .. _ .
We showed that the base pairing probabilities provided

by McCaskill's algorithm combined with some other, simple

RF SVM statistical measures make a SVM classifier achieve high pre-
Test without with with - o
feature sell feature sell feature sel mMiRNA prediction accuracy rates, comparable to the best
TEC 611 932 a7 published results up to our knowledge.
UPDATED 94.9 80,7 974 There is one issue that we need to address in the coming
CROSS-SPECIES 96.1 89.5 89.8 future: how to better choose the pivot sequences? Until now
CONSERVED-HAIRPIN  92.6 89.6 91.0 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

TABLE V Triplet-SVM and respectively the miPred test datasets.l@n t
COMPARING THE PREDICTIVE ACCURACY%) OF RFAND SVM on TEST  Triplet-SVM test datasets, our SVM produced no significant
DATASETS FROM MIPRED, USING OUR FEATURES differences in the reported accuracy, specificity and sielgc
Unfortunately this did not held when using the miPred test
RF SVM datasets. Even if the situation were not this delicate, ouédc
Test without with with ask whether our SVM could get better results by “improving”

feature sel.| feature sel.| feature sel. its (set of) pivots. Using genetic programming could be an

TE-H 92.14 92.14 91.86 answer to this question. A second possibility would be to
IE-NH 93.82 92.72 91.87 . e "

E-NC 63.46 6330 8831 choose “representative” pivots among the training setseHe
E-M 74.19 16.12 100 clusterization might help, using a distance measure betwee

vectors of features presented in Section 4, excepting festu
regarding the similarity with pivots. We plan to report soon
on this issue.

-~ We will also make direct comparisons with a very re-
CONSERVED-HAIRPIN. Both classifiers used the featur§sni kNN-based classifier for non-coding RNAs that was
we described i_n Section 4. Profile similarities were comyscumented while we were working on this paper [30]. Its
puted on 50 pivots. RF produced a better results than qUuhoried results seem quite competitive, due to the use of
SVM described in Section 5 on the UPDATED and CROSSstain topological features. We will see whether thosesfes
SPECIES datasets: 94.9% vs. 92.3% and respectively 96.1%0,4 pe generalised using again the probabilities conapioye

vs. 94.5% accuracy (SVM's results are from Table I). Howeveccaskill's algorithm. If so, we will check whether adopgin

on the TE-C dataset, RF registered a very serious decreasggfy into the feature set of our SVM would further improve
accuracy: 61.1% down from 96.5%. Another SVM, that usggl quality of pre-miRNA prediction.

features selected following the analysis of the decisieedr
produced by RF on the full set of features, obtained a better ACKNOWLEDGMENT
result only on the UPDATED dataset: 97.4% vs. 92.3%. We

note that feature selection did not improve the RF results on'Ve thank Stefan Pantiru and AIinaTrBu for their work
any of the four Triplet-SVM's test datasets. on features used by the systems Triplet-SVM, naisela

o _ and miPred. LC thanks Mihaela Zavolan for introducing him
We also performed a similar comparison between RF aggl the problem of miRNA identification during his visit at
SVM on the test datasets designed by miPred’s authors: Tpzentrum, Basel in 2007. LC was partially supported by

H, IE-NH, IE-NC, and IE-M, after having the both classifiershe CEEX grant “ForMol” from the Romanian Ministry of
trained on miPred’s training dataset, TR-H. Profile sinil@ £qycation and Research.
were computed on 125 pivots. Table V shows that unfor-
tunately RF did not produce better results than our SVM REFERENCES
described in Section 4, on any of these test datasets ([slt]aehtt p ectora/
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