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Abstract Traditional cloning experimental approaches are affected by the organizational and environmental impact,and
the cost is high. The comparative method that belongs to the computational method is low sensitivity to the far evolu-
tionary distance genes,and can’t predict the no homologous microRNAs, The machine learning method can resolve the
restraints that comparative method dependents on the homologous gene. Firstly, this paper summarized the microRNA
relevant biological knowledge which the machine learning is related to. Secondly, it outlined the general process and the
latest research software and algorithms of machine learning based on microRNA prediction. Thirdly, starting from data
selection, feature selection, classifier design, feature subset selection, class imbalance problem, performance evaluation
and other aspects in terms of the essential elements of microRNA prediction based on the machine learning, it summa-
rized the method and technology in each process,described their latest research progress. The approaches were contras-

ted and analyzed respectively in some process,and their respective advantages, disadvantages were summarized. Finally,

summary and prospect of the research work on microRNA prediction based on machine learning were given,
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EYE RN AITP AR ERTE (D B Sn 8K
PEFEHR B FE 2R A g E 1R BB 9 B ) (2 B SP 2R
FERMEE, WS  RWHADETERE T8 B8 HLH;
(3 AP ACC g & B B ; X (4) B MCC 25 Matthews
KEYGA G B PVV 4 FRMETRINE ; 2 (6 B FPR 4 Bl
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B8RP s AGm B — 51 B9 PEHr b e, B B KA SP &%
BN T SURE , FRR R AR B

4 BEMRE

4.1 HERRERS

BT A = F 25 H KA A B9 microRNA
], PlantMiRNAPred, MaturePred , HeteroMirPred , Mipara %}
Xof A I ER AL FU I AR 55, HeteroMirPred J2 Xt 3l 4 F i 49 Y1l 45
432588 , miRmat I FH S I , miRdup 7] - F 2P
W, MatureBayes B T FF AS0E ol FF BURY T .

MEEH L, ZHAR LA € 1% microRNA Billl, 26 &
FEH 47 RGN T — A SR R TS, i — 2
404y, W mirExplorer™] & LI & Je 5 HPl , MatureBayes
1 MaturePred 43BN R 22nt 1 21nt #9533 microR-
NA, Microprocessor SVM H1 miRmat /& §E i il mitron mi-
croRNA 2R i3 microRNA, miRmat 1 miRRim2 #fiill] pre-
microRNA £ & & 50~80nt i B N 8 B3, microRNA,

MRS, 5 A BB ITRERIR S, BITRELE
windows # linux, miRdup™. Triplet?8]
mirExplorer®* B {2 it # $1 i£ 17, PlantMiRNAPred, Ma-
turepred (2% H L7 £ AR 55 , MatureByes'®]  Microprocessor
SVM PR MAE LR IR 45 F B HLIBE 4T, miRRim2) R 4R 4 30k
SR

NBIRSY Fi BE U, 43 S 4R (6 VR AR B0 0 R {30 T 00 IR &5 W
miRdupt® | MatureByes | Triplet’®® | micropred®? , miri-
dent B, HeteroMirPred™? | Microprocessor SVM 4 5 2
B, TR E R BT e R 4R E.

4.2 HEMBkERE

HLERS: S FFIEFE microRNA T [6) BE - B8 58 m Bl 44
8, %t pre-microRNA FKF] 90 % LA_E f TG B » % B mi-
croRNA T B4R B BE R 5 o IELR 76 — 5 R B8 Ao T 0
TS BB 5 JRIT T 405 S 0 B 7 B 0P 5%, M r LR 3K
e BRAFT HBMTIRE, (2R E G — LR, FE
BWTFHME: (1)FEBRIRIER microRNA JIIGREARA YT T &
FIRIIEB SR BA B, X e AR 55 (8] MRS 0L bR 3, 7
TET L& FEER R A A B ()RR R, BARIA s HE
WEHEMWIKE LB PR TS E, EREeEFA

e 11 o

Fm g= ®)

micropred?*7 |



i BT, &M LT B 7 A microRNA 2R, X P HEE
B B 45 5, T ELEL IF microRNA FITRK R L RAR B 6, B LU
REFREEYTTERNEEZ —; (ORIBEEREI, LRE
HEW microRNA FFARR, MR T F—W R 5, h TR
i%X microRNA B ik 55 5 M4 71 5% 4% B 4, Dicer P4 0
microRNA » 522358 , 5] [ 7R S 4 8 D0 2, 7id 5908 2 o e %
BT B imAE IR IR A 551R) LA Ah, B4 B — 20 45 F7 5 e
R, BT UAMAT R A 20 B 8 PR AR R R B T AR AR X i
T — I i,

5 JEVLAR 3 3 J7 B 7E microRNA FiMAR 38 & R EHST
FEAUTIUAFE.: (D MRIIEE B, BB 5T 8 24 %
pre-microRNA, & 5T HE A, BB microRNA # #i i A&
Fit—~ R, DOERWEREUHES. SRTLFREW
B RS R, ERBHERR ERENEERE,
M BA AR ERE. OLEEYE BYMTW. M87
BIRZ AN —FR LR AR T, SOR SRR T
HERES EHSREATETRMIBEEERFRE I MZ—,
(4) HATH R AR B T 5 A R S G , B — k45l
T B AR B BB 4 = HE L5945 B M A B microRNA Hifll o,
HESTINTEEEREE . GOFHET — RN FEEMSE%E
SHERA T — RT3 AR R microRNA MR T 2
Bl 04, 8 =R RS MR EZ B, T HHONF
BRIV B B microRNA A #7555

HZ ,microRNA % microRNA TR B LE X,
ELRFTERBET - #BEZM, ZTFINHEI FEX
microRNA FUR #1552 07 6 & f AR5 .

2 % X

[1] Baltimore D, Boldin M P, Connell M O, et al. MicroRNAs; new
regulators of immune cell development and function[]]. Nature,
2008,9(8):839-845

(2] Song L,Tuan R S. MicroRNAs and cell differentiation in mam-
malian development[]], Birth Defects Research Part C: Embryo
Today: Reviews, 2006,78(2) ;: 140-149

[3] Bartel DP. MicroRNA: genomics, biogenesis, mechanism, and
function[J]. Cell, 2004,116(2) ; 281-297

[4] Hammond S M. MicroRNAs as oncogenes []]. Current opinion
in genetics &. development,2006,16;4-9

[5] Brennecke J,Hipfner D R,Stark A,et al. Cohen SM; bantam en-
codes a developmentally regulated microRNA that controls cell
proliferation and regulates the proapoptotic gene hid in Drosophi-
la[J]. Cell, 2003,113(1) . 25-36

[6] Rogaev E 1. Small RNAs in human brain development and disor-
ders[ J]. Biochemisry,2005,70 (12) ;1404

[7] Kozomara A,Griffiths-Jones S, miRBase: integrating microRNA
annotation and deep-sequencing data[ J]. Nucleic Acids Res. ,
2009,39.D152-D157

[8] Biissing I, Slack F J,GroBhans H,et al. let- microRNAs in de-
velopment, stem cells and cancer[ M]. Trends Mol Med, 2008

[9] Nielsen C B, Shomron N. Determinants of targeting by endoge-
nous and exogenous microRNAs and siRNAs[]]. RNA, 2007,
13:1894-1910

[10] Hertel J, Lindemeyer M, Missal K, et al. The expansion of the

.12 .

metazoan microRNA repertoire[ ] ]. BMC Genomics, 2006 :7-25

[11] Lee Y,Jeon K, Lee ] T, et al. MicroRNA maturation; Stepwise
processing and subcellular localization[ J]. The EMBO Journal,
2002,21(17) :4663-4670

[12] Eugene B. Evolution of microRNA diversity and regulation in
animals[ ] . Nature, 2011 :846-860

[13] Lee Y,Ahn C. The nuclear RNase III Drosha initiates microR-
NA processing[ ] . Nature,2011,425:415- 419

[14] Elsebet L, Stepban G. Nuclear Export of MicroRNA Precur-
sors[J]. Science, 2004, 303:95-98

[15] Hutvagner G, Zamore P D. A microRNA in a Multiple-Turnover
RNAIi Enzyme Complex[J]. Science,2002,297 . 2056-2060

[16] Reinhart B J, Bartel D P. Small RNAs Correspond to Centro-
mere Heterochromatic Repeats{ J. Science, 2012, 297 (5588) ,
1831

[17] Gregory R I, Chendrimada T P, Cooch N, et al. Human RISC
couple microRNA biogenesis and posttranscriptional gene silen-
cing[J7. cell, 2005,123:631-640

(18] Filipowicz W, Bhattacharyya S N, Sonenberg N. Mechanisms of
post-transcriptional regulation by microRNAs: are the answers
in sight? [J7. Nature Reviews Genetics, 2008,9;102-114

[19] Han J,Lee Y, Yeom K H,et al. Molecular basis for the recogni-
tion of primary microRNAs by the Drosha-DGCR8 complex([]].
Cell, 2009,125,887-901

[20] Helvik S A, Snove O, Saetrom P, et al. Reliable prediction of
Drosha processing sites improves microRNA gene prediction
[J7]. Bioinformatics, 2003,23,142-149

[21] He C,Li Y-X, Zhang G X, et al. MiRmat ; Mature microRNA Se-
quence Prediction{]]. PLoS ONE,2012,7(12) .e51673

[227 Terai G,Okida H, Asai K, et al. Prediction of Conserved Precur-
sors of microRNAs and Their Mature Forms by Integrating Po-
sition-Specific Structural Features[ J]. PLoS ONE, 2012,7(9);
e44314

[23] Xuan P,Guo M, Huang Y C,et al. MaturePred; Efficient Identi-
fication of MicroRNAs within Novel Plant Pre-microRNAs[]].
PLoS ONE, 2011,6(11) .e27422

[247 Gkirtzou K, Tsamardinos I, Tsakalides P, et al. MatureBayes: A
Probabilistic Algorithm for Identifying the Mature microRNA
within Novel Precursors[J]. PLoS ONE, 2010,5(8) :e11843

[25] Leclercqg M, Diallo A B, Blanchette M. Computational prediction
of the localization of microRNAs within their pre-microRNA
[J7]. Nucleic Acids Research,2013,41(15):1-12

[26] Xue C,Li F,He T,et al. Classification of real and pseudo mi-
croRNA precursors using local structure-sequence features and
support vector machine[ J]. BMC Bioinformatics,2005(6): 310

[27] Jiang P, Wu H,Wang W, et al. MiPred: classification of real and
pseudo microRNA precursors using random forest prediction
model with combined features [ J]. Nucleic Acids Research,
2007,35:339-344

[28] Ng K L. S, Mishra SK. De novo SVM classification of precursor
microRNAs from genomic pseudo hairpins using global and in-
trinsic folding measures[ J]. Bioinformatics,2007,23:1321-1330

[29] Batuwita R,Palade V. microPred; Effective classification of pre-
microRNAs for human microRNA gene prediction] J]. Bioinfor-
matics,2009,25(8) :989-995



[30]

[31]

(32]

[33]

[34]

[35]

[36]

(36]

L38]

[39]

[40]

[41]

(42]

[43]

[44]

[45]

[46]

[47]

Liu X, He S, Skogerbo G, et al. Integrated Sequence-Structure
Motifs Suffice to Identify microRNA Precursors [ ] ]. PLoS
ONE,2012,7(3):e32797

Xuan P, Guo M Z, Liu X Y, et al. PlantMiRNAPred: efficient
classification of real and pseudo plant pre-microRNAs[J]. Bioin-
formatics,2011,27 (10):1368-1376

Lertampaiporn S, Thammarongtham C, Nukoolkit C, et al. Het-
erogeneous ensemble approach with discriminative features and
modified-SMOTE bagging for pre-microRNA classification[ ] .
Nucleic Acids Research,2013,41:1-21

Wu Y G,Wei B,Liu H Z, et al. MiRPara:a SVM-based software
tool for prediction of most probable microRNA coding regions in
genome scale sequences[ J]. BMC Bioinformatics, 2011(12) : 107
Guan D G, Liao J Y,Qu Z H, et al. mirExplorer Detecting mi-
croRNAs from genome and next generation sequencing data u-
sing the Adaboost method with transition probability matrix and
combined features[J]. RNA Biology,2011,8(5):922-934
Agarwal S, Vaz C, Bhattacharya A, et al. Prediction of novel pre-
cursor microRNAs using a context-sensitive hidden Markov
model (CSHMM)[]J]. BMC Bioinformatics, 2010, 11(Suppl 1):
S29

Xu Y, Zhou X, Zhang W. MicroRNA prediction with a novel
ranking algorithm based on random walks[ J]. Bioinformatics,
2008,24.50-58

Nam J] W, Shin K R, Han J, et al. Human microRNA prediction
through a probabilistic co-learning model of sequence and struc-
ture[JJ. Nucleic Acids Res,2005,33:3570-3581

Brameier M, Wiuf C. Ab initio identification of human microR-
NAs based on structure motifs [J]. BMC Bioinformatics, 2007,
8:478

Yousef M, Nebozhyn M, Shatkay H, et al. Combining multi-spe-
cies genomic data for microRNA identification using a Naive
Bayes classifier[ ], Bioinformatics, 2006,22:1325-1334

Kadri S, Hinman V, Benos P V. HHMMIR: efficient de novo
prediction of microRNAs using hierarchical hidden Markov mod-
els[J]. BMC Bioinformatics, 2009, 10(Suppl 1) :535

Pfeefer S, Sewer A, Lagos-Quintana M, et al. Identification of
microRNAS of the herpesvirus family [ JJ. Nature Methods,
2005,2(4):269-276

Williams P H, Eyles R, Weiller G. PlantMicroRNA Prediction
by Supervised Machine Learning Using C5. 0 Decision Trees
[J3. Journal of Nucleic Acids,2012:652979

Zhang Y W,Yang Y Y,Zhang H,et al. Prediction of novel pre-
microRNAs with high accuracy through boosting and SVM[J].
Bioinformatics,2011,27:1436-1437

Wang C,Ding C,Meraz R F, et al. PSoL:a positive sample only
learning algorithm for finding non-coding RNA genes[J]. Bioin-
formatics, 2006,22:2590-2596

Yousef M, Jung S,Showe L C, et al. Learning from positive ex-
amples when the negative classis undeter mined microRNA gene
identification[ ] ]. Algorithms for Molecular Biology,2008(3):2
Shen W, Chen M, Wei G, et al. MicroRNA Prediction Using a
Fixed-Order Markov Model Based on the Secondary Structure
Pattern[ ] ]. PLoS ONE,2012,7(10) ;48236

Xiao J X, Tang X J,Li Y Z, et al. Identification of microRNA

(48]

[49]

[50]

[51]

[52]

(53]

[54]

[s5]

[56]

[57]

(s8]

[59]

(60]

[61]

L62)

[63]

[64]

Les]

precursors based on random forest with network-level represen-
tation method of stem-loop structure[ ] ]. BMC Bioinformatics,
2011(12).165

Siepel A, Bejerano G, Pedersen ] S, et al. Evolutionarily con-
served elements in vertebrate, insect, worm, and yeast genomes
[J]. Genome Res,2005,15:1034-1050

Siepel A, Pollard K S, Haussler D, New methods for detecting
lineage-specific selection[C]// Proceedings of the Tenth Annual
International Conference on Computational Molecular Biology
(RECOMB 2006). 2006:190-205

Zhao Dong-yu, Wang Yan. PMirP; A pre-microRNA prediction
method based on structure-sequence hybrid features[]]. Artifi-
cial Intelligence in Medicine,2010,49:127-132

Abeel T, Helleputte T. Robust biomarker identification for canc-
er diagnosis with ensemble feature selection methods{ J]. Bioin-
formation, 2010,26;392-398

Hsieh C H, Chang D T H. Predicting microRNA precursors
with a generalized Gaussian components based density estima-
tion algorithm[]J]. BMC Bioinformatics,2010,11(Suppl 1) :S52

FRANHT, ER RER 5. V1885 P AYSHEEZEL] . SHEN
Fi2,2004,31(11) . 180-184

Batuwita R, Palade V. FSVM-CIL: Fuzzy Support Vector Ma-
chines for Class Imbalance Learning[ J]. IEEE Transactions on
Fuzzy Systems,2010,18(3):558-571

Chawla N, Bowyer K, Kegelmeyer P. SMOTE: Synthetic minori-
ty over-sampling technique, Artif[J . Intell. Res, 2002, 16; 321-
357

Li P,Wang X L,Liu Y C,et al. A classification method for im~
balance data set based on hybrid strategy[]7]. Acta Electronica
Sinica, 2007,35(11):2161-2165

Guo H, Viktor H L. Learning from imbalanced data sets with
boosting and data generation; The DataBoost-IM approach[]].

ACM SIGKDD Explorations, 2004,6(1) ; 30-39

Weiss G. Mining with rarity:a unifying framework[]]. SIGKDD
Expl,2004(6):7-19

Molinara M, Ricamato M T, Tortorella F, et al. Facing imbal-
ance classes through aggregation of classifiers[C] // Proc. of
14th ICIAP. IEEE Comp. ,2007:43-48

Akbani R, Kwek S, Japkowicz N. Applying support vector ma-
chines to imbalanced datasets[ C]// Proc. of 15th ECML, 2004,
39-50

Imam T, Ting K M, Kamruzzaman J. z-SVM.; an SVM for im-
proved classification of imbalanced data [C] // Proc. of 19th
AUS-AL 2006.264-273

Blagus R, Lusa L. SMOTE for high-dimensional class imba-
lanced data[ J]. BMC Bioinformatics,2013,14;106

Dang X T,Osamu H, Saethang T, et al. A novel over-sampling
method and its application to microRNA prediction[]7]. Biomedi-
cal Science and Engineering,2013,6:236-248

Rukshan B, Adjusted geometric-mean: A novel performance
measure for imbalanced bioinformatics datasets learning [ ] .

Journal of Bioinformatics and Computational Biology,2012,10,
125003

Rusk N, Cheap third-generation sequencing[ ]]. Nat Methods,
2009,6(4) :244-245

n13-



