Pre-miRNA Features for Automated Classification

Andrei-Lucian lonig, Liviu Ciortuz
Faculty of Informatics,
“Al. I. Cuza” University of lasi, Romania
E-mail: lucian.ionita@nfoiasi.ro, ciortuz@infoiasi.ro

Abstract—We present a system for precursory microRNA we have considered both Support Vector Machines (SVM)
classification that implements many types of features found in the and Random Forests (RF). SVM enjoyed a wide success in
literature: structural, thermodynamical, information-theoretic al, many previous studies in bioinformatics and in particules-p
and comparative. A total of 1485 features are computed and . . e . oo
various tests are performed. We used Random Forests first as MIRNA |den_t|flcat|0n. RF '? a well-rounded cla§5|fler and,
the classifier of choice and secondly in conjunction with various reémarkably, it can lead to different feature selection rodth
feature selection strategies in order to determine the most salient easily derived from the initial algorithm.
features and to increase the classification performance. In this work some feature ranking and feature selection
strategies have been studied in conjunction with RF andsit ha
been shown that approximately 98% of the very large feature

MicroRNAs (miRNAs) are small non-coding RNA thatpool could be eliminated without significantly reducing the
have an extremely important role in the regulation of gengassifier's performance.
expression [9]. It has been estimated that there may be orThe structure of this paper is it follows: this first section
the order of 1000 miRNAs in the human genome. MiRNAgave an overview of the subject and the work we have done,
may influence about two thirds of the mammalian genes atite second section will present the features, the clagsifica
thus are probably involved in most biological processestéMoand feature selection methods we used, the third sectidn wil
interestingly, it has been found that there is a link betwegmow the results we obtained, and the last section will draw
MiRNA expression profiles and cancer [3]. This has lead the conclusions and will sketch future work.

a pronounced interest in miRNA study in the bio-medical
community. Unfortunately it is difficult to experimentally Il. METHODS

ascertain whether a sequence is or is not a miRNA. A o . . . .
Here we will discuss in detail the features included in

convenient alternative is to computationally predict oegi o .
of the genetic sequence that contain, with high probabilit ur system and also the classifiers and the feature selection
’ ethods that we employed.

mMiRNAs. One method of formulating this task is using th
classical machine learning framework: given a database ’gf Features used
known true and false precursory miRNAs, one has to find"d
model that would classify, as accurately as possible, angive This first part of our system consists of extracting as
new sequence. Precursory miRNAs (pre-miRNAs) are lomguch information as possible from real or pseudo miRNA
sequences (~80-120nt) that exhibit a hairpin-like stmggtu sequences. To this end we have analyzed various systems
as a stem finished with a loop. This will be cleaved bgreated for identification of miRNA or similar. These in-
the RNase Il enzyme Dicer [10], resulting in an imperfeatlude microPred [1], miPred [12], Drosha SVM [5], Triplet-
duplex (miRNA:miRNA*). Finally, one of those two strandsSVM [18], MiRFinder [7], MiPred [8], Diana-microH [17],
in the duplex is incorporated into the RNA-Induced SilegcinmirEnconding [19], yasMiR [13] [14], and others. Many pre-
Complex (RISC). It is said that the pre-miRNA has maturechiRNA features have been used in more than one system,
into miRNA. especially straightforward features like Minimum Free Eye
Aiming to create a system for accurate classification of nucleotide counts, but others, more innovative featlikes
pre-miRNAs, we have first realized a very comprehensiibe bio-chemical indices [16] have not been used extensivel
catalogue of features for such sequences. After we hawed almost never in combination with other innovative fea-
analyzed most of the existing systems that extract infdanat tures. Onegoal of this research is to find sets of features that
from pre-miRNAs in various ways, we have integrated martpgether have a strong discriminative power.
types of features in our system: primary structure feafures Tables | to V show an extensive list of the features we
secondary structure features, profile alignment score ditd entegrated in our system. They have been loosely grouped
distances, information-theoretical features, topolakfieatures in primary and secondary structure features, energy cklate
etc, in total 1485 attributes. We have not included congienva features, miscellaneous(which include information-teé&oal
or phylogeny data in our system because this raises #yed normalized) features and comparative features. Some of
complexity of the approach, and it will be left for future Wwor the most interesting or unintuitive features are describabe
Secondly, for the classification component of our systerfgllowing paragraphs.

I. INTRODUCTION



TABLE |
PRIMARY STRUCTUREFEATURES

TABLE Il

SECONDARY STRUCTURE FEATURES

Symbol(s) Primary Structure Features ‘ ’ Symbol(s) Secondary Structure Features
nA, nC, nG, nT Number of each nucleotide pAnp, pCnp etc Non-pairing probabilities for each nucleotide
pA, pC, pG, pT Frequencies of nucleotides A((- C.(. U... etc Number of local continuous triplet structures
as described in Triplet SVM[18]
NAA, n(l;t?’ nCu Number of each dinucleotide A C 0
PA(( petc.:(' pL... Probabilities of each continuous triplet
PAA, pAG, pCU Frequencies of dinucleotides structures, analogous to previously defined
etc features
L Sequence length n(.(n((. n... etc | Number of three-nucleotide pairing structures
pcCG CG content (pC + pG) p(.( p((- p... etc Probabilities of three-nucleotide pairing

structures

Primary structure featuregoncern only those that can be

pAleft, pAright etc

Frequency of each nucleotide in left,
respectively right arms

simply deduced by looking at the nucleotide sequence. They looplen Loop length

are straightforward and consist of the number and frequengy bulge Bulge size

of nucleotides and dinucleotides, the sequence lengthtand t nbulge Bulge

CG-content of the sequence. symdiff Symmetric difference
Secondary structure featurege more complex. They are .

concerned with the folding of the RNA molecule. Here we ten Tail length

usually consider only the Minimum Free Energy folding struc ntails Number of tails

ture at the normal temperature of 37C, and the corresponding .= == := .. etc Dinucleotide pairing local structures as

number of base pairs, the mean base-pair distance, the numbe described in [7]

of stems or bulges, the size of the hairpin loop etc. Other nstems Number of stems

features take into account the base-pairing profile catedla njunc Number of junctions

by the Vienna RNA package [6]. This profile is dnby L nend Number of end points

matrix _(L_being the length of the s_equence) representing the amid Number of midpoints

probabilities for each two nucleotides to form a base-pait: = Second (Fielder) Eigen Value of the

These probabilities are computed according to McCaskill’s

D

Laplacian matrix of the tree-graph structure

)

algorithm [11], which is based on thermodynamic principles
Features representing for instance the probabilities ¢hea

nAUb, nGCb etc

Number of each base pairs

nucleotide type to be unpaired are calculated by using thi
profile.

nAUb/L, nGCh/L
etc

(%)

Number of each base pair normalized to
sequence length

The local structure features described by Xue et al [18

] pAUb, pGCb etc

Probability of each base pair

correspond to the number of contiguous nucleotide triplets

nAU/nstems etc

Average number of each base pair per ste

more precisely by taking into account the paired/unpaire

i BPs

Average number of base pairs per stem

status (represented by either parenthesis or a dot) of ea

=y

) . . . N BP Number of base pairs
nucleotide in the triplet, together with the base type in the 5Pl P Normaized base bair oronensi
middle position. To exemplify, such a feature is designate ' — pair prop _ y_
as “A(.(“* which indicates a triplet where the first and third meanBPdist Probabilistically, the mean base pair distange
nucleotides are paired, but the second (the Adenine) is nat. dSloop Distance from '5 end to start of loop
The direction of pairing is considered unimportant, so only BTIO, BTly, ..., Biochemical topoloical indices
the symbol “(* is used for paired bases. BTl2s polod

A probabilistic version of these features was used in yas- D Average base pair distance
MiR [13], where each triplet pattern in the RNA molecule D/L Normalized average base pair distance

is weighted according to the probabilities of all possible

secondary structures (of the given RNA sequence) in which
the base pairs satisfying that triplet pattern may appear.

Another version of the local structure description was con- In [16], Shu et al. introduced the idea of applying topologi-
sidered in MiRFinder [7], where five symbols were introducedal indices from the chemical graph theory to the pre-miRNA
, and ") indicating the states of paired, molecule. The pre-miRNA is represented as an “element-
unpaired, insertion, deletion and bulge, respectivelyeatdire contact graph”. Three graph representations of this kird ar
is designated by two such symbols, and its value is the numlgéren, where the stems and loops are vertices, while ad-
of all base pairs satisfying the pattern. The informationwb jacent elements are connected via edges. Different indices
the nucleotide type is discarded. are computed from each graph, namely the Wiener, Balaban



TABLE Il TABLE V

ENERGY RELATED FEATURES COMPARATIVE FEATURES
Symbol(s) Energy Related Features ‘ ’ Symbol(s) Secondary Structure Features
MFE Minimum Free Energy PAS. .n Profile Alignment Scores
NMFE Normalized Minimum Free Energy TED:0..n Tree Edit Distances for expanded notation
MFEI; Minimum Free Energy Index 1 WTEDO..n Weighted Tree Edit Distances for expanded
(NMFE/pcCG) notation
MFElqy Minimum Free Energy Index 2 TED.0..n Tree Edit Distances for coarse grained
(NMFE/nstems) notation
MFEl3 Minimum Free Energy Index 3 WTED:0..n Weighted Tree Edit Distances for coarse
(NMFE/nloops) grained notation
MFEIl4 Minimum Free Energy Index 4 (MFE/BP) SED.0..n String Edit Distances for expanded notation
EFE Ensemble Free Energy WSED.0..n Weighted String Edit Distances for expanded
NEFE Normalized Ensemble Free Energy (EFE/L notation
FREQ Frequency of MFE structure SED.0..n String Edit D|str?gtg?iir:0r coarse grained
Vi Valley Index WSED.0..n Weighted String Edit Distances for coarse
dH Structure Enthalpy grained notation
dH/L Normalized Structure Enthalpy PEDy. .», Profile Edit Distances
™™ Melting Energy
Tm/L Normalized Melting Energy o o ] .
DIV Asta merge la cat 2 Structural Diversity distribution. This mformatlon_ is c_aptured by the Ensemble
_ Free Energy, the Ensemble Diversity and other related fesitu
EDIV Ensemble Diversity . .
Information-theoretical featuresmeasure the entropy of the
TABLE IV base pairing profile (Structure entropy) and of the ensemble

(Shannon entropy). These features offer a measure of the

diversity of the possible structures of the RNA sequence.

Symbol(s) Miscellaneus Features ‘ ~ So-callednormalizedversions of some features have been
introduced in miPred [12]. This system uses the observation

MISCELLANEOUSFEATURES

ds Structure Entropy that pre-miRNAs have lower MFE than random sequences
ds/L Normalized Structure Entropy with the same dinucleotide frequencies. By using a dinu-
Q Shannon Entropy cleotide shuffling algorithm, a large number of sequences ar
QiL Normalized Shannon Entropy obtained starting from the given one, a_md _then their _MFEs are
Z MFE. Z O etc Z-score for MFE, O. D P and F computed. A P-value is calculated, Whl_ch is the fractionhef t
MFEs that are lower than that of the original sequence. The Z-
P_MFE, P_Q etc P-score for MFE, Q, D, P and F . . . .
- - : : value is an even more important measure which also takes into
ND Nucleotide Descriptors account the standard deviation of the samples obtained. Thi

process of finding P- and Z-values has also been performed
for the Shannon entropy, the average base-pair distanee, th
and Randi indices of first and second order. Moreover, thbase pair propensity and the Fielder eigen value.
weighted versions of these indices are also used, totalingNucleotide descriptors, used in [5] are a set of binary
24 features. These indices offer a method of quantifying tiieatures that represent the information regarding nudeot
connectiveness of the graph. type and pairing for each of the 24 bases in the left, re-
A similar approach is used when computing the Fieldepectively right arms. Every nucleotide is represented by
eigenvalue [1]. The RNA molecule is represented as a trdeur features which describe its type (A C G or U) and 2
graph structure, in which vertices represent loops whilgeed for its paired/unpaired status. These features were iedud
represent stems. The second eigenvalue of the Laplacianthe miscellaneous category due to the fact that there is
matrix associated to such a tree-graph is a measure oflitde probability that they would have a significant effem
compactness. classification accuracy. They have been included noneshele
Among theenergy related featuregshe MFE of the RNA for purposes of completion and comparison. Also in the
structure is the most important and many variations of itawvemiscellaneougategory we include the information-theoretical
defined, for instance by normalizing the MFE by sequendeatures andhormalizedones.
length, number of stems etc. From a thermodynamical pointComparative Featurescompute a measure of similarity
of view, the RNA molecule exists in an assembly of structurdgetween two RNA sequences. In yasMiR [13], McCaskill's
that can be probabilistically modeled using a Boltzmanprofile alignment scores [11] were used with great success.



Every given pre-miRNA was aligned with a database of 100 I1l. RESULTS
random pre-miRNA-like sequences (“pivots”) and their sim- _ L ) .

ilarity scores were computed. We extended this approach byl NiS objective of this section is to evaluate the system
introducing various other alignment scores that were caegpu 9€fined in the previous sections and to compare its perfor-
with the Vienna RNA package, namely the tree edit distand@ance ywth that of other systems found in the Ilterature._ For
the string edit distance and the profile edit distance. FogpmParisons, we chose two such systems, namely Triplet-
representations are used in conjunction with string and trg VM and yasMiR. , _ _

edit distances, two of which are the weighted variants of the The dataset on which Triplet-SVM was trained consisted
others. In total, there are 10 comparative features for pagit Of 331 examples, of which 163 were positive. They have
in the database. The yasMiR database of 100 pivot sequen@g€n randomly selected from the 193 positive pre-miRNA

was used for doing comparisons with the analyzed sequen&&guences from miRBase 5.0. The negative examples are pre-
mMiRNA-like sequences randomly chosen from the CODING

B. The Classifier set, which itself i; a subset of the NCBI RefSeq databgse [15]
_ -~ _ The authors of Triplet-SVM also built four datasets for gt

For this work, the classifier we have chosen is Randogyrposes: The TE-C set contains the 30 remaining human
Forests (RF) [2]. A random forest is a collection of decipre-miRNA from miRBase 5.0 and 1000 pseudo pre-miRNAs
sion trees grown without pruning according to the CAR}rom the CODING set, excluding those examples selected
methodology. Each decision tree is trained on a sample fgf training. The UPDATED set contains the 39 pre-miRNAs
the data and, at each node the best split is chosen frongigcovered after the release of miRBase 5.0 and before the
number of randomly chosen features. A test instance is thempletion of Triplet-SVM. The CROSS-SPECIES set is
classified by taking the majority vote among the trees in thgymposed of 581 pre-miRNAs from nonhuman species, found
RF. The generalization error of a RF depends largely on th¢mirBase 5.0. The CONSERVED-HAIRPIN set was created
strength of the individual trees and on the (lack of) cotiefa py scanning a part of chromosome 19 of the human genome
between them. The two types of randomness involved in thq extracting 2444 hairpin structures, of which only 3 are
creation of a RF ensure low correlation, while the sound CAREg| pre-miRNAs.
methodology ensures the classification strength. For comparison reasons, we have also included the results

The portion of samples that have not been used in trainifg@m 5-fold cross-validation accuracy on the TE-C dataset,
is called the out-of-bag (oob) sample and can be used d@ce this was reported for both Triplet-SVM and yasMiR.
generate an unbiased estimate of the generalization efror orhe second dataset used here is the miRBase set referred
the classifier. This is done by evaluating each example Wit§ iy the yasMiR technical report [14]. The training set is
the trees for which it was not part of the training sample a%mposed of the 678 human pre-miRNAs from miRBase
then choosing the class that had the most votes. The accuragy along with 1256 sequences form CODING as negative
achieved with this method is the out-of-bag accuracy. examples. The testing set consists of 3651 pre-miRNAs from

For this paper, the parameters for the RF are as follows: thrBase 12.0 and 7198 pseudo pre mi-RNAs from the COD-
number of features evaluated at each node, mtry, is sqrt(fNG dataset. The positive examples were chosen using the
where m is the number of features, the number of trees Nijgsthodology described by the authors of miPred [12] which
set at 2500 and the fraction of in-bag samples is 0.66.  ensured the retention of sufficiently dissimilar sequences

The third dataset we used was the one created for testing
miPred. The training set TR-H contains 200 randomly chosen

Feature selection is an important topic in machine learpre-miRNAs from miRBase 8.2 and 400 pseudo pre-miRNAs
ing because it gives us information regarding the relevafiem human RefSeq genes. Also, four test sets were created
variables, it decreases the dimensionality of the data, ahB-H with 123 human pre-miRNAs and 246 randomly chosen
sometimes it improves the classification performance. Fier t pseudo hairpins, IE-NH containing 1918 non-human miRNA
paper we have used a feature selection strategy called Reénd 3836 randomly selected negative examples, IE-NC com-
sive Feature Elimination [4]. The algorithm involves tiag Prising of 12387 functional ncRNA from Rfam 7.0, and I1E-M,
a classifier, evaluating or ranking the features, elimiati which contains 31 mRNAs from the GenBank DNA database.
a fraction of them and repeating this procedure until someTable VI shows the comparative accuracy results we ob-
criterion is met. In this work, we eliminated 10% of thdgained at 5-fold cross-validation and on TE-C and on the
features at each step. We have tested three feature ewaludtest sets from Triplet-SVM and the above described miRBase
methods in connection with RF. The first is a naive proceduie.0. Table VII presents the results on the (re)created ediPr
which ranks each variable by the number of times it has bedataset. The results listed in these two tables for TriplélS
chosen as the best splitin a node. The second method measoni&ed and yasMiR were taken from the respective papers.
the change in average oob accuracy in the trees when, afteDur system shows accuracies significantly above those of
training the classifier, a feature is randomly permuted betw Triplet-SVM in all tests, which was expected. On the Triplet
examples. The third is the change in overall RF oob accura8y/M test sets, our results were at least on par with yasMiR’s,
when permuting the value of a feature. if not slightly superior, while on the miRBase dataset the

C. Feature Selection



TABLE VI

COMPARATIVE RESULTS ONTRIPLET-SVM AND MIRBASE 12.0 096
DATASETS
094 |
. Triplet-
Test Our system’s g;su'\fg SVM 092
accuracy (%) y accuracy
*) (*%)
° 5 08t
o]
} N 96.99(98.73 93.5 5
TE-C Cross Validation oob) 96.07 . 2 oss |
TE-C: Human
] 93.3
pre-miRNA 100 100 086
TE-C: Pseudo
1
pre-miRNA 96.4 96.2 88 084
UPDATED 97.4 94.9 92.3
0.82 : . . : :
CROSS-SPECIES 94.75 95.2 90.9 0 10 20 30 40 50 50
C%N’IA\SIFEEI\/NED- 93.08 94.24 89 teration
Fig. 1. Feature selection with feature counting.
miRBase 12.0 95.15 94.77 -
TABLE VI 0.96 ; " " " xgO0B
COMPARATIVE RESULTS ON THERECONSTRUCTED MPRED DATASET OthE: —
094 |
Test Our system’s yasMiR miPred Triplet-SVM
accuracy (%) | accuracy | accuracy accuracy 092
(%) (%) (%)
TE-H 94.30 93.77 93.50 87.96 g %7
IE-NH 94.91 94.11 95.64 86.15 2 oms L
IE-NC 77.71 82.95 68.68 78.37
IE-M 96.77 100 87.09 0 086 r
084 |
results show that our system has a small advantage. On tl 082 : - : : ‘
0 10 20 30 40 50 60

miPred dataset our system was the best on TE-H (compared
yasMiR, miPred and Triplet-SVM and it was second best or
IE-NH and IE-M. It was significantly less good than yasMir
(the best) on IE-NC and IE-M.
For direct comparison between RF and SVM, we have 0.96
trained an SVM classifier on the miRBase 11.0 dataset &
used by yasMIR, using all 1485 features. We got a 94.589 084 |
test accuracy on the miRBase 12.0 dataset (also as used
yasMiR), which is lower than both our classifier and yasMiR.
We experimented with the feature selection strategy calle
Recursive Feature Elimination (RFE). At each iteration, &
proportion of the weakest features — in this work 10% — are
eliminated. The best feature subset is subsequently chnsen
selecting the iteration which optimizes some criteriorg. e. 086 |
the cross validation accuracy. Here we used as optimizatic
criterion the RF out-of-bag accuracy estimator. DE4 ¢
Figures 1, 2 and 3 correspond to the experiments that w 0e2 ‘ . . ‘ ‘
performed using the three feature evaluation criteria rilest o 10 20 0 40 50 80
in Section Il. The three curves represent the averaged oc Iteration
accuracy, the overall RF oob accuracy and the test accuracy  Fig. 3. Feature selection with forest oob error estimation.
obtained on the miRBase 12.0 dataset. The subsets of feature
that were eventually selected in this experiment lead tb tes
accuracies of 95.16%, 95.17% respectively 95.60% for tleant and this is probably due to the enormous redundancy of
three methods. The first two results are not statisticaipii  information expressed in the feature set and the fact tleseth

Iteration

Fig. 2. Feature selection with average oob error estimation.

092 -

09

Acurracy

088 -




TABLE VIII

COMPARATIVE RESULTS OF FEATURE SELECTION METHODS ON addition of other specialized features for instance phstagic

TRIPLET-SVM DATASETS Ones.
ACKNOWLEDGMENTS
Naive average . . . .
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