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Abstract— MicroRNAs (miRNAs) are small single stranded the miRNA duplexes then binds to an Argonaute protein,
RNAs, on average 22 nt long, generated from endogenous forming the miRNP complex. The miRNAs base—pair with
hairpin—shaped transcripts with post-transcriptional adivity. their MRNA targets, leading either to mRNA cleavage, if

Although many computational methods are currently availade . - . .
for identifying miRNA genes in the genomes of various specie there is sufficient complementarity between miRNA and the

very few algorithms can accurately predict the functional part ~ target mRNA, or to translational repression [3].

of the miRNA gene, namely the mature miRNA. We introduce Several computational methods have been developed and
% cotr_lfwyutatitonal mgm\d tha&_‘és‘fs abNai\ae Bayes classifier tg are currently used in parallel with experimental technigue
identify mature mi candidates based on sequence and . o : -

secondary structure information of the miRNA qprecursor. in order t.o facilitate the discovery Of. hew mlRNAs. Most
Specifically, for each mature miRNA, we generate a set of computational methods focus on the discovery of either hove
negative examples of equal length on the respective precungs). MiRNA genes in the genomes of various species or possible
The true and negative sets are then used to estimate probatiit MRNA targets of the known miRNAs. On the contrary,
distributions for sequence composition and secondary stuture e attempts have been made to computationally predict

on each position along the RNA. The distance between these . .
distributions is estimated using the symmetric Kullback-Leibler the functional part of the miRNA precursor, namely the

method. The positions at which the two distributions differ ~Mature mMiRNA. A .nu_mber. of StUd_ies (_[_4]’ [.5]’ [6]) combi.ne
significantly and consistently over a 10-fold cross-validéon =~ MIRNA gene prediction with the identification of a possible
procedure are used as features for training the Naive Bayes start position for the mature. To our knowledge, only one

classifier. A total of 120 classifiers were trained with true st dy ([7]) focuses exclusively on mature miRNA prediction
positive and negative examples from human and mouse using | ... - . : :

a 10-fold cross-validation procedure. A performance of 76% ut|||2|ng thermodynqmm and structural |nf9rmat|on.
sensitivity and 65% specificity was achieved using a consars In this work, we introduce a computational method that

averaging. Our findings suggest that position specific sequee uses a Naive Bayes classifier to identify mature miRNA

and structure information combined with a simple Bayes candidates based on sequence and secondary structure in-
classifier achieve a good performance on the challenging tas formation of the miRNA precursor.

of mature miRNA identification.

|I. INTRODUCTION II. METHOD

IcroRNAs (miRNAs) are small, non—coding RNAs ) ) ) o o

that play an important role in regulating the ex- Naive Bayes is a simple probabilistic classification method
pression of numerous genes across several species [1]. {Rgt assumes independence among the features of its input
regulatory molecules, they influence the output of manpatterns. in thl_s case, _feature_s are Iocatlon-spemflcem_mJ
protein—coding genes by targeting mRNAs for cleavage &nd structure information derived from experimentallyiver
translational repression [2]. fied miRNA precursors. To better learn those features which

Although miRNAs are functionally similar to short inter- &€ Specific to mature miRNAs, we trained the classifier

fering RNAs (siRNAs), they are unique in terms of theirt® discriminate between true mature samples and a set of
bio-genesis. Most of the miRNA genes are transcribed byegative examples.
RNA Polymerase Il. The primary transcripts of miRNAs
(pri-miRNASs) are then processed into hairpin intermediateA. Negative class
(precursor miRNAs or pre—-miRNAs) by the microproces-
sor complex (the enzyme Drosha and the binding protein ~ : )
DGCR8/Pasha). The pre-miRNAs are then exported to t ultiple non—overlapping mature miRNAs from the same
cytoplasm by RanGTP and Exportin—5. In the cytoplasrﬁ"Irm qf the foldbagk precursor [8], we generated a set of
the pre-miRNAs are processed by Dicer into short RNAﬁegatwe examples in the following way: for each true mature

duplexes termed miRNA duplexes. The mature miRNA frorﬁmRNA’ \{ve use a, same-size s_hdmg window and selegt _aII
possible 'negative’ matures which can be created by sliding
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Given that known miRNA precursors do not produce



. TABLE |

B. Feature Selection
CLASSIFIER TRAINED WITH FEATURES OF SEQUENCE INFORMATION

The miRNA precursors form irregular hairpin structures,

containing various mismatches, internal loops and buliges. [ Classifier's Description || Sensitivity [ Specificity [ MCC ]
our method, a mature miRNA is represented as a sequer c@on;lbinsﬁon of 12 Features, . .
of positions along the respective precursor(s), where eagfintfianking region 67.1% 55.10% | 0.0850
L . ) . Combination of 16 Features,
position contains sequence information (A, C, U, G) Of snt flanking region 76.04% 53.34% | 0.1074

structural information (match or mismatch). This location| Combination of 31 Features,

specific information is used to select a set of features, hame é'gr;';’;'gt’i‘gnri?"l’g e 75.96% 53.20% | 0.1071
those positions on the precursor that contain discrimiyato| 10nt fianking region ’ 79.15% 47.01% | 0.0960
information between true matures and negative sampl¢SCombination of 35 Features,

The discriminatory power of each position is estimated12nt flanking region 74.30% | 51.33% | 0.0945
using the symmetric Kullback-Leibler divergence between

the distributions of positive and negative data. TABLE Il

The Kullback—Leibler divergence (K-L divergence) iS @ CLASSIFIER TRAINED WITH FEATURES OF STRUCTURE INFORMATION
measure of the difference between two probability distribu

tions [9]. For probability distributions P and Q of a diseret [_Classifier's Description || Sensitivity | Specificity [ MCC |
random variable the K-L divergence of Q from P is defined Combination of 10 Features,
be: Ont flanking region 65.70% 54.30% 0.0730
to be: P(Z) Combination of 26 Features,
D P —_ P 1o 5nt flanking region 76.34% 52.64% 0.1056
xL(P||Q) Z (i) logy Q) Combination of 23 Features,
v 7nt flanking region 77.85% 54.29% | 0.1186
Unfortunately, the KL divergence is not a true metric sirtce | Combination of 39 Features,
[ t symmetric. In order to overcome this problem we used 2 flanking region 81.01% 56.63% | 01373
IS not sy T : ; P o= >~ Combination of 38 Features.
the symmetric Kullback—Leibler divergence which is defined 12nt flanking region 79.89% 55.51% | 0.1300
as:

! (Dwn(PIIQ) + Dicr(@IIP))

which is symmetric and nonnegative [10]. This metric ispecificity and Matthews Correlation Coefficient (MCC) [14]

commonly used for feature selection in classification prol&)@‘:hie\’eOI with different numbers of such features and with

lems, where P and Q are the conditional Probability mvaddifferent sizes of flanking regions around the mature miRNA.

Functions (PMFs) of a feature in the two different classes.| e Positions along the precursor which served as input
features were selected based on the K-L divergence metric

I1l. RESULTS and they were located either within the mature miRNA, or

We have evaluated our method using a dataset of expelr'?—SIOIe a flanking region ground It . Lo
mentally verified human and mouse miRNAs from miRBase we f°‘%r.‘0! that as the size of the fIankmg region mcrgased,
(version 10.0, [11], [12], [13]). The human dataset cotssist[he s_e_n_S|t|V|ty Of_ the class_lflers tended to IMProve, whiie t
of 533 precursors and 722 mature miRNAs, while the mou ecificity remained relatively unaffected, independeof

dataset consists of 442 precursors and 579 mature mirNARe type of features used in the classifier. This is not the cas
We used 500 of the human precursors with their 692 re_though, for the classifiers with flanking region of size 12nt
ith features either sequence or structure alone (tabled | a

spective mature and 347 of the mouse precursors with thelff Vel h h . bably add
440 respective matures to train and validate our classifiepsr,eSpeCtlve y), where the extra features probably addemor

utilizing a leave-10-out cross validation procedure. hoise than useful mforma’[lon:_ . _ .
For each of the mature miRNAs in the training set, a Moreover, the classifiers utilizing features with combined

negative set was generated as described in section II-A, lAformation for both sequence and structure achieved an
total of 150 classifiers were trained and the classiﬁcatiof‘\verall better performance -n terms of improved spegflClt
performance was assessed using consensus averaging. ﬁ“]g MCC- thap the Ones using sequence orstr-ucture |n.f(.3r.ma-
worth mentioning that in order to have a realistic estinmatio 1" alpne._Thls 'S very important to have a h_|gh speC|f|C|ty_
of the accuracy of the classifiers, the validation sets stedi SCO'e In this task, since the number of negative examples is
of all potential mature miRNAs of size 22nt that could bejjlgherthan the number of positive ones, as it is also reflecte

produced by the precursors, whose mature miRNAs were |eft th?_MCCH Finally, _?"_ classifiers acmﬁl’eld g much :{gher
out from the training phase in the cross validation proceolursens't'v'ty than specificity score, most likely becausehs t

Tables I, Il and 11l show the top scoring classifiers, based®"Y high similarity between negative and positive exaraple

on Matthews Correlation Coefficient (MCC), for different
input features. We use three types of classifiers, eachingli

location-specific information about the sequence (tablégg In this paper, we present a computational approach that
structure (table Il), and both sequence and structureg(talilentifies mature miRNAs based on the secondary structure
1) of the training examples. Each table shows the serigitiv and sequence of the precursor. We have used experimentaly

IV. CONCLUSIONS



TABLE Il

CLASSIFIER TRAINED WITH FEATURES OF SEQUENSE AND STRUCTURE

INFORMATION.

Classifier's Description

[[ Sensitivity | Specificity | MCC |

Combination of 20 Features,
Ont flanking region 68.50% 62.50% 0.1250
Combination of 29 Features,
5nt flanking region 71.32% 65.34% 0.1394
Combination of 36 Features,
7nt flanking region 74.26% 66.46% 0.1562
Combination of 42 Features,
10nt flanking region 76.50% 65.61% 0.1606
Combination of 39 Features,
12nt flanking region 77.81% 64.14% 0.1590

[12]

(23]

[14]

verified miRNAs to train and evaluate the performance of a
Naive Bayes Classifier in terms of Sensitivity and Specificit
Most of the methods that have been made to computa-
tionally predict the functional part of the miRNA precursor
calculate their performance in terms of true positive ratiy,0
ignoring the false positive rate. It is a matter of semardiod
a great challenge what is consider to be a negative example,
but the major issue in such a task is to minimize the false
positive rate.
In conclusion, our findings suggest that position specific
sequence and structure information combined with a simple
Bayes classifier achieve a good performance on this chal-
lenging task.
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