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1. Receiver Operating Characteristic curve.
2. Precision-Recall curve.

sl gy @b a4 )8 e ) Ye agl sll 5 000 bjeel
@b L] gyl a8 (lad b My Je ol (295 &Y
S ply (a3 Y o ey dhwi 0gMe 4 il o tansig

235,85 Slles oo b piw 3,Sles dasuio e 4l )
Cdy bk 4l Y

O9Fewy Jde @dlST (o G Jde (pyite ) 9> 4 o b
A e ATY  (Swed o g /Y By L 4Y s

Olej /Y &S &5 eIV 650k &5 Jeld Jae nl slayiel)ly



YN il ) bl como 0 Y Wiz (99 ey 51 o

5 (F JSa) 23l (oo 5lo i g RNA ) b JIg ool
o WU sl 4 Bjsel sl Jae o8 canl 5 ol & Vil
S oo S 5 390l aalid 0 ) e ol St pgbo 42 o el
A5 ) ol p5 s RNA ) (gu5gilS g (slgiome ¥ S5
s (2b3) > (Shg ol 83 (oo (L (gt 9 (185 oy
ol -l o Olas 4 % Caogad K Gl 4 RNA ) gl
5 RNA ;) b Jg 0 oad plolid b (Shy & JSS
S GHC (laiisilS 55 doyd and o GUis § LS o 0)L3] outy
ool b RNA ) ololid j3 soe (Sho

O939el st )by Cygeo b (Shag goad 4 S Jaipd e (S
i o) sl o3 30Tl o > g (oo (Byme 45 4
SIS 4 s Sl S LBl g Al e 2L sl
P ook i aSed gl yiol )y adsl yolie g o ealaiiel (S50
G ool &Gl dagi bbb digy Cloy Cuow 4 4 <S>
islizel Gag) Sl S o)l |y Jao ot Gl (S (ob50]
A odlal U Ve gy0 508
2 sl i Cuenl )50 53 (Gl a3 S
OlF o B Laeg b haghs cnl 30,15 3929 RNA 1) (53l
sl ol sloyisly C 5 G slaaggtls's Slsie 45 2900 ol

% C+G

80
70
60
50
40
30
20
10

>bmo-let-7..;

>bmo-mir-279a...
>bmo-mir-133...
>bmo-mir-929...
>bmo-mir-2729...
>bmo-mir-2748...
>bmo-mir-1175...
>bmo-mir-2760...
>bmo-mir-2771...
>bmo-mir-2780a-1...
>bmo-mir-2787...
>bmo-mir-2799...
>bmo-mir-2813-1...

>bmo-mir-2816-2...

>bmo-mir-2775b...

>bmo-mir-3295...

>bmo-mir-2840...
>bmo-mir-2843-2...
>bmo-mir-2855...
>bmo-mir-2733h...
>bmo-mir-3213...
>bmo-mir-3226...
>bmo-mir-3239...
>bmo-mir-3253...
>bmo-mir-3267a...
>bmo-mir-3267b...
>bmo-mir-3310...
>bmo-mir-3326...

ol p)S RNA 55 cla JIg 5l ool 0 GHC (laasgilS'y aop> =Y KW
Figure 3- Percentage of G + C nucleotides in some of silkworm microRNA sequences

a0y g WIS Cute Hlde (pyieS ghls </ YA O Cute £y
il oo B liee oyt gl

YJQZ)JJ;.)SK@@){JL&J)J){QANSQW
baY dis oyiwp Jo 45 €8)5 4 loi oo ol 005 03 4]



VEoo lino ¥ oylocd IY ol ooyl ool pole Glestimgfy aspis PYY

2 03
& .,
2y 02
- .
£ 2 01
g7
= 0
& & .
QJ%’% @@0 'é\"\o &0,\\
@‘Dﬁ & Q@ Q\‘
< &
&

39l sl s elgil ) O e £ dglio —€ JSW
Figure 4- Comparison of false positive rates in a variety of training algorithms

o lo g lo wdd o35 95 el g Lo e clo RNA
Couo lude il sl £55° ) (Sealindge i sl (S jl can
Moy owsle J(YNR) hlKen g 48 () 55,8 3)5l doy> AY I,
g agls g5 oMbl )b W RNA 35, slolid gy ooty
T 365,8 oolitl a6 elolisles 5 jls st sl RNA 3y, cela
P A55e%e B8 @b 5 oty by odle w)eSl Sl edlatal L
Cupd g duopd Ar Cows o yd M Canlus polie @yl gla ool
Ohlen 5 S35 () W38 25l doyd As ]y gite (Staar
Sl S5 53k gy Ko o ok IS 980 (¥419)
Solo b laiye (o RNA 515 (ololid Cpa el (g0 (g dtd
F e g como sy otal Cants gla 5:Siko 5 2658 ooliul b
b0 Zblie uw jlael jlodlitnl b aojd AY 9 AV iy o
(00) 15 3,91
lolid slp Bres 6655k (g 1 (V4 VA) (ylSan 5 g1l
o ie RNA 3y, colisS 00 3 i RNA ¢l gy 4]
oo 5l gl 363" oolianl (5,5 3las 09,5yl 4l b A
Brma b g 108 o3lisul (399 lyie 4 04d (S (i 46 LS L
gl |y o I sla Sy sim 93 (o (omas 4Kd 4
b sl (62909 2 Sladl (sl 03l (59, 2 T 5T b 3500
Olis 2o d AY 1) F jlixs 9 2oy AV ) Conolus e wol 3l
b sle 63909 sl Foleno g Gl jpolio Ll (35 55 0l
BTl LT pmiomans il Gt 1o > AD g AT ol 5 & i ol
ol plo b ol (635)9 ;0 a5 ol plodl jo b &8 b gl 1y
sie plo b alb (639)9 slp 9 20 A 98 i 4y Bnlons

—

Ol slp iz ()l Lo (sl (Sg 9 o Jae (gl ol
e oS ol L b adllas gl .ai odlatwl b RNA 5,
s g bl (Sho e o)b |y LUly col @Y xix opien
3 Sl (aseis gly YU cdd b dond )3 52,50 oL RNA
sl g 5l o Ginlesl 55 39 o3l miu pl £, sl RNA
el b sl i i plodl gl oS S8 e sl RNA
@81l 908 B Juo a3 Shes gy o sla 03l
8% 5 oo 1Ty o Sy a8l (o xSk slo Jae
gl sy g b 0dly CuasS odh dsgoomo (3 Koo o
@l 2yl 2 g1ty o 3,Skac 1 (53L5 b (2059 sl s
Oibod opl 53 0ddb 0db dlpiuiy Y i gty Jdo &S 2l LS
03> dsgemmo 0 b Jdo pluo 4y Cand (gyidy Cuides b Ll o
03> degasme 1 oS Ly (sl F 5 g edlitl ¢ 5jgel sla
ol Je VL e (Ul odimy LS g ul sl
ool 03litwl 5)g0

) oolel 2 B RNA 35 ololid (ly (e sl gy
9 ) Gl o plooil pils imgh 40 edlaiwl 3y50 alie sla
o 2S5 5 (CNN) pizmy (as sl 4S5 51 (VV1) o)lSen
olistel Lol (gla RNA 3 (i 61y (RNN) ) S (cnas
B o F jliro coliaid] omlus pdlis Jao 93 2 (gly 20,8
Nmed Cyps &S S 3 gy doyd Ar B A 029z (D iy
(Vo)) ohlSan 5 5255 (OF) 45 3505 o p> Ae BV oy gite
2y 9 by elely (o (vas o &Sl edlital L



PYY iy o o il como 0 Y Wiz (99w 51 o)

5,9y ol 5l oolimul b .x53,8 ool b )] Sllis (clp <
So6S RNA S 5 Joizee RNA 35, ¥ RNA 5, ¥ ¢ S 5
ol (lulid (sl diges e )3 oAb pasulie s ol £33 Lt
ookl b gy opl 53 (W) cudls dg2g 50 'RNA 5, i ¥
PSS sl RNA 3 ololid Jao cpye s (sl o281
ol golaidl b 4 855 cpl gy 0pSE oS A Sl i
el Cawd 4 gl (Vb Cdd @ dogi b g ol osis plovl Slalllas
lolid como P YL e b (hg) S lgis 4 Jde ol 5 oxlil

D9 (oo ey el pl )5 p9i5 slo RNA 3,

S G5 do

Ry sssis) ) o S5 weaS > el oyl plgis
ot soslats (glod Slos ) el ons wislis g5 4 W RNA
IS5 e b a5 25le st B Sagam il > e
551 silow o 9 A5) Gis

S sl RNA ) )3 mitene job @ &5 (35" Clisios
Wlgi o b RNA 55, oS cunl odb s el odds plol w0l
1o 1S 8y BT bl slo udlSe 3 25 B
ol plgl eSL aS” ola yidgh cpl p ogMe .aGS dlo] wuiy il
9 RNA adals (gl a8l 5l Lo )0 35 50 iy )y e
Jle Jsb > 05 ol el 3 15 JeSge o puslsee
S Sl Cladss 4 asg b a0 &l 1) S5 calise
sy OlaiS el pl p)S (5l RNA ) die) )3 485 @50
P ke Gy oind L sS (ol la RNA ) aiej
Sass w6l 3,Slas g 0SS i (elo RNA adlllas
b cudlsd 350 40 gyt SleMbl Wil o oS Canl 45 ol jo
) Bl aslisl aaS” S e sls RNA

(VY) 8503 (pest duoyd AR g AA
b £ o » @YU Sl cbli> b RNA 3, 5 b &
Vb o Mgl dids ) ddls—dBlu gl jdlo 5l 5 Jmd o LS
S bg) > il o b RNA ) wre sl slo (S jl &
Sozims S pbol wyds gl RNA 3, S i (¢l in-silico
S RNA 5y & o bl oY wdo pl 257 o955 JS )3 (Sluen
g sbj ol xie S5 sk 4 Aoy el 0258 i 4]
38l o3 U1 RNA a6 Jsls 56T o)k ) s 5 993 (o0
OhlSen 5 Sig5 g (o 655 Sl «Salinds 3T 5 e
5 sla RNA 3 ool il lposn s & (Y--5)
13,5 bl [y RNA ) Jewily b o3 YF 5 aizslsp ond 4ol
EST e oad cbilis RNA 55, W (V- A) o)lSan 5 5 (FF)
So bl wianl p5 pgis I RNA 3, WA 5 255 olulis |,
sle (Shy 9 SRNA dils olul p byl o Gl ol
63,5 olulis cllges adl cla RNA 3, il oad «slis g lislo
O sl ly (2Eiulejl g Sluwlxe RNomics(Y++A) gl .(0Y)
Sl cblis gulul p wds pl e S RNA ) o jlasl s o
oyl b L b s o] slajlo e 9 JL cla RNA 3,
cblizee RNA 5, 2V (ololid 4 oo o8 30 )5 &y Gloxi
cladls RNA 5, FY (Y+-A) o)iSan 5 515 (BY) w5 ogilly o0
lolid Sl Slaed (sexias 3,505, o jl oalizl L1y o3
ikl Gygo 4 b ol cogn g Ol b ol iy a5 K5,
il oslizal b RNA 5, sla Jlg cblis Lolol . (A) 13 a0l
o 5 5 Sy ol lslme (o gyinn S
9 2lolid ) 222 RNA 5, V7 (V1) phlSen 5 Sloa (o955
55 3V A) OhlSen g (o cpl g ogde (IF) 155" oy
ol Jg5 (Slued lagrins p (e Slwbre gy S
09 5 Sl il 2 e (2ol sl g, 3l 5 Wages

Refrences

Abbeasi, V., M. R. Nasiri, and A. Javadmanesh. 2018. Prediction and In Silico Validation of Micro-RNAs in Different
Tissues Originated from Ovine Chromosome 20. Iranian Journal of Animal Science Research, 11(2): 233-245. (In
Persian).

Agarwal, S., C. Vaz, A. Bhattacharya, and A. Srinivasan. 2010. Prediction of novel precursor miRNAs using a
context-sensitive hidden Markov model (CSHMM). BMC Bioinformatics, 11(1): S29.

Arowolo, M. O., M. Adebiyi, A. Adebiyi, and O. Okesola. 2020. PCA Model For RNA-Seq Malaria Vector Data
Classification Using KNN And Decision Tree Algorithm. International Conference in Mathematics, Computer
Engineering and Computer Science (ICMCECS), 1-8.

Bar, M., S. K. Wyman, B. R. Fritz, J. Qi, K. S. Garg, R. K. Parkin, E. M. Kroh, A. Bendoraite, P. S. Mitchell, and
A. M. Nelson. 2008. MicroRNA discovery and profiling in human embryonic stem cells by deep sequencing of small
RNA libraries. Stem Cells, 26(10): 2496-2505.

Ben-Hur, A., and J. Weston. 2010. A user’s guide to support vector machines. In Data mining techniques for the life
sciences Springer, Chapter 13, pages 223-239.

1- miRNA*s miRNA



VFoo Glcnoy £ oylods IF ol ol ol oo pole sleld gy syt £YY

10.

11.

12.

13.

14.

15.

16.

17.

18.

19.

20.

21.

22.

23.

24.

25.

26.

27.

28.

29.

30.

31

32.

Bentwich, 1., A. Avniel, Y. Karov, R. Aharonov, S. Gilad, O. Barad, A. Barzilai, P. Einat, U. Einav, E. Meiri, E.
Sharon, Y. Spector, and Z. Bentwich. 2005. Identification of hundreds of conserved and nonconserved human
microRNAs. Nature Genetics, 37(7): 766-770.

Bhaskar, H., D. C. Hoyle, and S. Singh. 2006. Machine learning in bioinformatics: A brief survey and
recommendations for practitioners. Computers in Biology and Medicine, 36(10): 1104-1125.

Cao, J., C. Tong, X. Wu, J. Lv, Z. Yang, and Y. Jin. 2008. Identification of conserved microRNAs in Bombyx mori
(silkworm) and regulation of fibroin L chain production by microRNAs in heterologous system. Insect Biochemistry
and Molecular Biology, 38(12): 1066-1071.

Cordero, J., V. Menkovski, and J. Allmer. 2019. Detection of pre-microRNA with Convolutional Neural Networks.
bioRxiv, Europe PMC, 1-12.

Ding, J., S. Zhou, and J. Guan. 2010. MiRenSVM: towards better prediction of microRNA precursors using an
ensemble SVM classifier with multi-loop features. BMC Bioinformatics, 11 Suppl 1(Suppl 11): S11.

Do, B. T., V. Golkov, G. E. Giirel, and D. Cremers. 2018. Precursor microRNA Identification Using Deep
Convolutional Neural Networks. BioRxiv, 414656.

Fu, X., W. Zhu, L. Cai, B. Liao, L. Peng, Y.Chen, and J. Yang. 2019. Improved pre-miRNAs identification through
mutual information of pre-miRNA sequences and structures. Frontiers in Genetics, 10(FEB): 1-12.

He, P., Z. Nie, J. Chen, Z. Lv, Q. Sheng, S. Zhou, X. Gao, L. Kong, and X. Wu. 2008. Identification and
characteristics of microRNAs from Bombyx mori. BMC Genomics, 9(1): 248.

Huang, Y., Q. Zou, S. Tang, L. Wang, and X. Shen. 2010. Computational identification and characteristics of novel
microRNAs from the silkworm (Bombyx mori L.). Molecular Biology Reports. 37: 3171-3176.

Jabbar, M. A., and S. Samreen. 2016. Heart disease prediction system based on hidden naive bayes classifier.
International Conference on Circuits, Controls, Communications and Computing (14C): 1-5.

Jiang, P., H. Wu, W. Wang, W.Ma, X. Sun, and Z. Lu. 2007. MiPred: Classification of real and pseudo microRNA
precursors using random forest prediction model with combined features. Nucleic Acids Research, 35(SUPPL.2):
W339-W344.

Kadri, S., V. Hinman, and P. V. Benos. 2009. HHMMIiR: efficient de novo prediction of microRNAs using
hierarchical hidden Markov models. BMC Bioinformatics, 10(Suppl 1): S35.

Kozomara, A., M. Birgaoanu, and S. Griffiths-Jones. 2018. miRBase: from microRNA sequences to function.
Nucleic Acids Research, 47(D1): D155-D162.

Lai, E. C., P. Tomancak, R. W. Williams, and G. M. Rubin. 2003. Computational identification of Drosophila
microRNA genes. Genome Biology, 4(7): R42.

Larranaga, P., B. Calvo, R. Santana, C. Bielza, J. Galdiano, I. Inza, J. A. Lozano, R. Armananzas, G. Santafé, and
A. Pérez. 2006. Machine learning in bioinformatics. Briefings in Bioinformatics, 7(1): 86-112.

Li, L., J. Xu, D. Yang, X. Tan, and H. Wang. 2010. Computational approaches for microRNA studies: a review.
Mammalian Genome, 21(1-2): 1-12.

Li, S.C., C.K. Shiau, and W. Lin. 2007. Vir-Mir db: prediction of viral microRNA candidate hairpins. Nucleic Acids
Research, 36(suppl_1): D184-D189.

Lim Lee, P., C. Lau Nelson, G. Weinstein Earl, Y. S. Abdelhakim Aliaa, W. Rhoades Matthew, B. Burge
Christopher, and P. Bartel David. 2003. The microRNAs of Caenorhabditis elegans. Genes Dev, 17(8): 991-1008.
Lindow, M., and J. Gorodkin. 2007. Principles and limitations of computational microRNA gene and target finding.
DNA and Cell Biology, 26(5): 339-351.

Liu, C.G., G. A. Calin, B.Meloon, N. Gamliel, C. Sevignani, M. Ferracin, C. D. Dumitru, M. Shimizu, S. Zupo,
and M. Dono. 2004. An oligonucleotide microchip for genome-wide microRNA profiling in human and mouse
tissues. Proceedings of the National Academy of Sciences, 101(26): 9740-9744.

Lou, S., T. Sun, H. Li, and Z. Hu. 2018. Mechanisms of microRNA-mediated gene regulation in unicellular model
alga Chlamydomonas reinhardtii. Biotechnology for Biofuels, 11(1): 244.

Magyar, L. 2018. A Review of the Utility of Bayesian Network Models. The University of Akron,
ideaexchange.uakron.edu.1-28.

Mendes, N. D., A. T. Freitas, and M.F. Sagot. 2009. Current tools for the identification of miRNA genes and their
targets. Nucleic Acids Research, 37(8): 2419-2433.

Milagro, F. 1., J. Miranda, M. P. Portillo, A. Fernandez-Quintela, J. Campion, and J. A. Martinez. 2013. High-
throughput sequencing of microRNAs in peripheral blood mononuclear cells: identification of potential weight loss
biomarkers. PloS One, 8(1): e54319.

Nam, J. W., J. Kim, S. K. Kim, and B. T. Zhang. 2006. ProMiR II: a web server for the probabilistic prediction of
clustered, nonclustered, conserved and nonconserved microRNAs. Nucleic Acids Research, 34(suppl 2): W455—
W458.

Nam, J. W., K. R. Shin, J. Han, Y. Lee, V. N. Kim, and B. T. Zhang. 2005. Human microRNA prediction through
a probabilistic co-learning model of sequence and structure. Nucleic Acids Research, 33(11): 3570-3581.

Nelson, P. T., D. O. N. A. Baldwin, W. P. Kloosterman, S. Kauppinen, R. H. A. Plasterk, and Z. Mourelatos .2006.



Y0

w3 G () Sl cxio yo Y Wiz gy T () y

33.

34.

35.

36.

37.

38.

39.

40.

41.

42.

43.

44.

45.

46.

47.

48.

49.

50.

51.

52.

53.

54.

55.

56.

57.

RAKE and LNA-ISH reveal microRNA expression and localization in archival human brain. Rna, 12(2): 187-191.

Ng, K. L. S., and S. K. Mishra. 2007. De novo SVM classification of precursor microRNAs from genomic pseudo
hairpins using global and intrinsic folding measures. Bioinformatics, 23(11): 1321-1330.

Ntranos, V., L. Yi, P. Melsted, and L. Pachter. 2019. A discriminative learning approach to differential expression
analysis for single-cell RNA-seq. Nature Methods, 16(2): 163-166.

Oulas, A., A. Boutla, K. Gkirtzou, M. Reczko, K. Kalantidis, and P. Poirazi. 2009. Prediction of novel microRNA
genes in cancer-associated genomic regions—a combined computational and experimental approach. Nucleic Acids
Research, 37(10): 3276-3287.

Paicu, C., I. Mohorianu, M. Stocks, P. Xu, A. Coince, M. Billmeier, T. Dalmay, V. Moulton, and S. Moxon. 2017.
miRCat2: accurate prediction of plant and animal microRNAs from next-generation sequencing datasets.
Bioinformatics, 33(16): 2446-2454.

Ritchie, W., D. Gao, and J. E. J. Rasko. 2012. Defining and providing robust controls for microRNA prediction.
Bioinformatics, 28(8): 1058—1061.

Sacar, M. D., and J. Allmer. 2014. Machine learning methods for microRNA gene prediction. In miRNomics:
MicroRNA Biology and Computational Analysis. Springer, 1107:177-87

Sagar, M. D., H. Hamzeiy, and J. Allmer. 2013. Can MiRBase provide positive data for machine learning for the
detection of MiRNA hairpins? Journal of Integrative Bioinformatics, 10(2): 1-11.

Sheng, Y., P. G. Engstrom, and B. Lenhard. 2007. Mammalian microRNA prediction through a support vector
machine model of sequence and structure. PloS One, 2(9): €946.

Singh, S., and R. Singh. 2017. Application of supervised machine learning algorithms for the classification of
regulatory RNA riboswitches. Briefings in Functional Genomics, 16(2): 99-105.

Siomi, H., and M. C. Siomi. 2010. Posttranscriptional regulation of microRNA biogenesis in animals. Molecular
Cell, 38(3): 323-332.

Terai, G., T. Komori, K. Asai, and T. Kin. 2007. miRRim: a novel system to find conserved miRNAs with high
sensitivity and specificity. Rna, 13(12): 208 1-2090.

Tong, C., Y. Jin, and Y. Zhang. 2006. Computational prediction of microRNA genes in silkworm genome. Journal
of Zhejiang University Science B, 7(10): 806-816.

Tran, V. D. T., S. Tempel, B. Zerath, F. Zehraoui, and F. Tahi. 2015. miRBoost: boosting support vector machines
for microRNA precursor classification. RNA (New York, N.Y.), 21(5): 775-785.

Viérallyay, E., J. Burgy4n, a nd Z. Havelda. 2007. Detection of microRNAs by Northern blot analyses using LNA
probes. Methods, 43(2): 140-145.

Wang, X., S. M. Tang, and X. J. Shen. 2014. Overview of research on Bombyx mori microRNA. Journal of Insect
Science, 14(133): 133.

Wu, Y., B. Wei, H. Liu, T. Li, and S. Rayner. 2011. MiRPara: a SVM-based software tool for prediction of most
probable microRNA coding regions in genome scale sequences. BMC Bioinformatics, 12(1): 107.

Xue, C., F. Li, T. He, G.P. Liu, Y. Li, and X. Zhang. 2005. Classification of real and pseudo microRNA precursors
using local structure-sequence features and support vector machine. BMC Bioinformatics, 6: 310.

Xue, H., Z. Wei, K. Chen, Y. Tang, X. Wu, J. Su, and J. Meng. 2020. Prediction of RNA methylation status from
gene expression data using classification and regression methods. Evolutionary Bioinformatics, 16:
1176934320915707.

Yousef, M., S. Jung, A. V. Kossenkov, L. C. Showe, and M. K. Showe. 2007. Naive Bayes for microRNA target
predictions—machine learning for microRNA targets. Bioinformatics, 23(22): 2987-2992.

Yu, X., Q. Zhou, S.C. Li, Q. Luo, Y. Cai, W. Lin, H. Chen, Y. Yang, S. Hu, and J.Yu. 2008. The silkworm
(Bombyx mori) microRNAs and their expressions in multiple developmental stages. PloS One, 3(8): €2997.

Zhang, G., Y. Deng, Q. Liu, B. Ye, Z. Dai, Y. Chen, and X. Dai. 2020. Identifying circular RNA and predicting its
regulatory interactions by machine learning. Frontiers in Genetics, 11: 655.

Zhang, Y. Q., J. C. Rajapakse, and B. T. Zhang. 2008. Supervised Learning Methods for MicroRNA Studies.
Machine Learning in Bioinformatics, Chapter 16, page 339.

Zheng, K., Z. H. You, L. Wang, Y. Zhou, L. P.Li, and Z. W. Li. 2019. MLMDA: A machine learning approach
to predict and validate MicroRNA-disease associations by integrating of heterogenous information sources. Journal
of Translational Medicine, 17(1): 1-14.

Zheng, X., X. Fu, K. Wang, and M. Wang. 2020. Deep neural networks for human microRNA precursor detection.
BMC Bioinformatics, 21(1): 1-7.

Zhong, L., and J. T. L. Wang. 2016. Effective Classification of MicroRNA Precursors Using Combinatorial Feature
Mining and AdaBoost Algorithms. ArXiv:1610.02281,ui.adsabs.harvard.edu.



Iranian Journal of Animal Science Research Ol sold poale (leabdg s 4 il
Vol. 13, No. 4, Winter 2022, p. 615-627 iy FIB-FYV (o IFer (limo) oF oylads IY Al

A survey on effect of multilayer perceptron on the accuracy of selection of
silkworm (Bombyx mori) microRNA genes

Atefeh Seyeddokht!'*, Javad Rahmaninia?
Submitted: 07-03-2020
Accepted: 19-12-2020

Seyeddokht, A., and J. Rahmaninia. 2022. A survey on effect of multilayer perceptron on the accuracy of selection of
silkworm (Bombyx mori) microRNA genes. Iranian Journal of Animal Science Research 13(4):615-627.

Introduction MicroRNAs (miRNAs) constitute a large family of non-protein-coding small RNA (ncRNA)
molecules and have important roles in the regulation of both plant and animal developmental procedures.
Generally, sequences of miRNA demonstrate high sequence conservation across animals and are produced from
the primary stem-loop structure in the nucleus, which is an important feature of miRNAs. MiRNAs are one of the
most important regulatory factors involved in post-transcriptional levels of gene expression that contribute to the
modulation of a large number of physiological processes such as development, metabolism and disease occurrence.
To date, A few studies related to miRNAs of the economically important silkworm, Bombyx mori, have been
carried out, focusing on detection, expression study, and prediction of function. Machine learning approaches are
crucial for prediction success. These methods can solve classification problem.

Materials and Method Although hundreds of miRNAs have been detected in different animals, a lot of them
are still unknown. Then, finding of novel miRNA genes is an essential step for understanding miRNA intervened
post transcriptional regulation processes. It appears that biological methods to recognize miRNA genes might be
inadequate in their capacity to identify uncommon miRNAs and are further limited to the tissues surveyed and the
developmental phase of the animal under experiment. These restrictions have led to the development of new
computational methods attempting to detect potential miRNAs. Experimentally verified miRNA sequences in
miRBase release 22.0 were extracted for inclusion in the positive data set. In the miRBase, the reported secondary
structures were predicted by a collection of RNA folding software packages. Consequently, in this study for
uniformity, all miRNA secondary structures analyzed using RNAfold packages. The major step for machine
learning approaches is the selection of a suitable negative dataset. It is important for a well-trained classifier. If
the sequences are too artificial, e.g. completely random sequences, then there is a risk that the classifiers will not
be well trained to differentiate between different categories of real biological sequences. Conversely, if the
negative dataset is too similar to the positive dataset, the classifiers will be unable to find a way to adequately
differentiate between these two data sets. We investigated several different types of negative sequences and finally
selected negative sequences which made the best distinction with positive data set. The positive training dataset
for our classifier development composed of known silkworm pre miRNAs, while the negative training dataset
composed of other ncRNA sequences. Our feature set composed of various features and selecting the most
discriminative set of features would increase the performance, efficiency and comprehensibility of a classifier
method by reducing its complexity.

Results and Discussion Secondary structural patterns of pre miRNA used in this study such as the
intramolecular base pairing of pre miRNA is an important beneficial feature for miRNAs classification. The
selective powers of the two different classes of miRNAs secondary structural conformation (dot-bracket notation)
were analyzed. Secondary structural feature of miRNA such as Minimum Free Energy, Watson-crick base pairing
(AU, GC), Wobble base pairing (G-U) and unpaired bases (A, G, C, U) is analyzed by different algorithms. Here
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we could successfully solve classification problem by developing an effective classification system using machine
learning techniques. Our approach includes introducing more representative datasets, extracting new effective
biological features, and comprehensive evaluating of classification performance through these methods via cross-
validation. Performance of different algorithms was measured by the total number of true negatives (IN), true
positives (TP), false positives (FP), false negatives (FN), and accuracy (ACC). In order to evaluate the efficiency
of various methods developed in this study, various parameters like F-measure, Matthews correlation coefficient
(MCC), accuracy (ACC) and, ROC area were calculated. Performance measurement of various models tested with
data from miRBase in release 22 in ten-fold cross validation. Multilayer Perceptron model could predict pre
miRNAs from non-coding sequences that can be important for detecting the true pre miRNAs in genomic
sequences. Consequently a new method on miRNA prediction model could be favorable to understand the
characteristics miRNA associated with miRNA biogenesis.

Conclusion Research on miRNA represents important progress in the study of ncRNAs and may provide
further information on understanding of RNA regulation networks. Practical research on silkworm microRNAs
has shown that microRNAs can have significant effects on the underlying mechanisms of silkworm growth
processes. In addition to the research that has been done so far, it provides the basis for advances in improving our
understanding of RNA regulatory networks and the molecular mechanisms involved in gene expression patterns
during different stages of silkworm life. Due to insufficient computational research in the field of silkworm
microRNAs, further research on the microRNAs of this species represents an important advance in the study of
noncoding RNAs, which can provide further information on the activity of noncoding RNAs. Machine learning
algorithms will help the researcher discover the uncover miRNA that many researchers were not able to explore.

Key words: Computational Methods, MicroRNA, Regulatory Factors, Silkworm.



