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Abstract The existing microRNA prediction methods often present the problems of imbalance data set class and single
applicable species. In order to solve the above problems,the main work is as follows. Firstly.a hierarchical sampling al-
gorithm based on sequence entropy was proposed,which can generate a training set enhancing balance positive and nega-
tive samples based on the overall distribution of the samples. Secondly,a feature selection algorithm based on signal-to-
noise ratio and correlation was designed to reduce the scale of training set and achieve the purpose of improving training
speed. Thirdly,the DS-GA was proposed to shorten the optimization time of SVM classifier parameters and avoid the o-
ver-fitting problem. At last, based on the idea of ensemble learning,a common microRNA prediction model was estab-

lished by sampling,feature selection and classifier parameter optimization. Experiments show that the model solves the

problem of imbalance effectively,it is not limited to a single species and achieves better results for the hybrid species

test set prediction.
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tril . tri2, tri3 , trid , loops
mfel .mfe4 ,mfe2.mfe3 . A=U.G=C.G=U.gc* 1.0/len.gu* 1.0/len.gc * 100/len.
4 plant 27 gu* 100/len. bpStems. dH.dS. Tm. dHL, dSL, efe. freq. Diversity, EAFE. Diff, tril .
tri2 . tri3, tri4 , loops
C( (.C.G(((.mfel ,mfe4. mfe2. mfe3. A=U.G=U.,gu % 1. 0/len., gu * 100/len.
5 virus 26 bpStems.dH, dS. dHL. dSL. TmL., efe, freq, Diversity. EAFE. Diff, tri2, tri3., trid.
loops
*5 SVMIINEKIEHR/% ASCB TN SR R T 5 A A IR B 4 L H B
Table 5 Classification accuracy rate of SVM/ % fIEEHTJT i ReliefF, Cfs Subset, Consistency Subset, % £f

Consistency

Dataset Relief Cfs Subset KX &%
Subset
DLBCL 75.32 75.32 75.32 77.92
Lung 89.58 89.58 89.58 89.58
Ovarian 65.61 100 99. 60 96. 04
Prostate 50.98 89.58 68.62 73.29
Sonar 81. 25 77.88 / 78. 36

143 2588 #F SVM, Naive Bayes,J48, /] SVM {1 R 432545 .
P47 28 B IR A R IE R AR 5 fF 5, fEiZ e dn LA
SCHEEAE Ovarian B4 48 1 09 1F B 20 40 0 A B0l 4 v B2
ERZERE T Z 4 R H I RelieF B3 19 0 28801 47

ffi 1 Naive Bayes 1 R 432588 . 47 + 37 38 B 0iE i 43 2
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ERRMZE 6 5, Hd, % Lung 50384 4b . f ] Reliel &
I RRAE B £ 10 20 28 IE B0 R ARAK. %0 X Ovarian ¥ 95 4 M0
Lung B34 . Cfs Subset 47 fE 2L )5 9 /2 R IE I KB E T
100% .

2 6 Naive Bayes 2R IEME/ %

Table 6 Classification accuracy rate of Naive Bayes/ %
. B Consistency A X

Dataset Relief Cfs Subset Subset -
DLBCL 85.71 96. 10 93.50 90. 90
Lung 96.91 100 96. 87 98. 95
Ovarian 60.47 100 99. 20 96. 04
Prostate 90. 19 100 84.31 93.13
Sonar 67. 30 67.78 / 78.36

il P J48 A5 D9 73 26488 , 4T + 47 58 X8 Ik Y 43 28 1E B %
k7 pigl.

FT OJA8 WA RIEH R/ Y

Table 7 Classification accuracy rate of J48/ %
Dataset Relief Cfs Subset Consistency AXE*
Subset
DLBCL 72.72 79.22 90. 90 88.31
Lung 89.58 98. 95 98.95 98.95
Ovarian 62.05 96. 04 98. 81 84.18
Prostate 93.13 98. 95 95.10 93.13
Sonar 76.92 78. 36 / 81.73

SVM 7 B IE SR B R R R A4F, F IR SVM
YEA microRNA BRI ZR iy L3288 . (A2, SVM #4743 2%
T o) 75 B S B AT IR Y, A SO DS-GA X SVM B
(e it/ R

TE wine B384 [, L& PSO ik 8 1 5k ik 56 T
DS-GA ffbix 3 By ik IRCR . nk 8 Jin gl ,

# 8 wine B4 FORFE SR T7 2 X 1L
Table 8 Comparison of different parameters optimization method

on wine dataset

RFHEE MEHE DS-GA

EATHHE /s 45.08 21.39 11.26

X X I E#HFE/% 82.0225 98. 8764 98.9764
MWREEHE/ % 80. 8989 97.7528 98.9764
¢ 49. 648 93,0048 80. 2035

5 13. 284 4.5484 3.051

H T RAE DS-GA fh bRk 7e AR Wy 4l B0 4 T i s
Sy FREE R S B Sh W 4 R 41 5% 5 R BURfE N SVM
RIINZE4E ] DS-GA S SVM SRS %5, Ushd
N R EE R /NBEE R 40, B ARE Y BE I A& 5 B,

3 Bi i & Accuracy[DS-GAI
100 fapaca o .

B 5 DS-GA i 3 ith 25
Fig.5 Fitness curve of DS-GA algorithm

5 R EEE AL 100 fR)F S H c by 83. 0618, #%
ZH S N 3. 875, XY 3 SUHGHIE IE 1 % Ky 98. 8764 % . AFl
J7 A8 R BN S B0 S 45 A8 AR % L B an gk 8 T gl . T LU
F L PSO Bk 2 47 B M) e K, AR SCRR L 2 h s iE B ki
AT I [R] B — 2 5 R B 75 SCH L4519 28 SUTIE Y 1E B 3 50 U
A IE BRI R .

EF S A My B 4 A 8] — 4 SVM 2 808 4y 2K IE 7 R
WMFE 9 P, LWL LW, 2 DS-GA b5, LA 45 J A
ANTBAR AR T I A AR R IEH R m . SR 3 TRE
S AR 1 43 2 1E 1 S A L, #5 B0 4 1 38 X6 IE 43 25 I
RUAEHBERE.

#9 SVMRHESH I FKIERHE

Table 9 Optimal parameters and classification accuracy of SVM
2 % ¢ g Accuracy/ %
1 animal 40,9325 4.0212 95.6903
2 arabidopsis 9.4223 3.1386 99. 7840
3 human 0.2500 0.0625 99.3243
4 plant 1. 0000 0.1896 100
5 virus 0.069332 0.24681 100

X microRNA T E AT £ A i, 40 27 32 49 i 53 28 k47 4L
RUYNGR, I N 8008 46 L 00 mg o BOHe 26 45, BT AL Y IE A
AA s [l Bk b PR B LTI AL SR SR B A )
RCTREI 1149 1A AN SV T 4 HEAT AR W) 9230 O R 0 TAE &5 18
A G0 TE S X R I RE A, B R TIC Wk 40 T A R A a2
PRI, o AR S R A — AN BB T X R 26 Cln sh W A ) B9 mi-
croRNA Tl il 5 7

ASCHFFERY microRNA BHE FIHE microRNA B ¥t 22
FEEIR AP R, BRI R oy 2R 88 1 Ar B i 22 . IRtk
XG4 AL SVM 432K microRNA 5 B8 T 41 1 A9 o 9F .
TG — 1 T5 1R N S 3o R A8 AR R T A 1 2 1 A 1 B
P AR AT B L% 2] L 3K B OB AT 0 H g R AR AR
WAEMBERNH S LRI ARAEFLE , AR BET
B0 0 43 2 R B R A W] S A I A O EAT Bk
TR W L AR SC A 1 R E e B AR A L U B AR A L R I
RAR T . AR SCIE X T HE 43 K A SVM #EAT T S 8o Ak #
VA8 R B ) RE 7 A A B T A9 B i R AL R 35 . ISR X4
TASIXAE 4328 A B9 23 SR A R R AT B A SR D BUIR M 2 51
B 33 S AL KE 485 SR 1 A 7R SC microRNA F A T 4 5 2 43 2%
NSRS

A SC T A RN A I PSR T 29 A RRAE (U (G Coee
U-++,mfel ,mfe4 ,mfe3,mfe3, A=U,G=U,gu * 100/len, bp-
Stems,dH, dS, dHL, dSL, TmL, efe, Diversity, EAFE, Diff,
tril, tri2, tri3, trid , loops, Tm, CC. (G freq) B PEL iR SE
BAIGRM 5 A Hesr 2885, b 2 Ak AR AN SR, 2 43k
AR LR, 1 Aok AR RERE AN 2. SR 4R B2 > -
HE WA 2S8R 0 43 2 2 R DU S 0 7 AT A AT A5 3]
e 1 microRNA T A 7Y, I AH [ 9 30 38 4048 46 72 M-
croPred , HuntMi, MiPred IR SCHEE R | iF 47 2 K 5256, A [
R % L e 45 B 1 43 IE A R n gk 10 g, Hod BT
MiPred #iR14h, ¥ {d | SVM 4325 %% . microPred il MiPred
A0 TR0 357 2 T N2 B A R LD A DSB8 R
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LR, 2 —Fh gk i) microRINA T ) 45 80 42 1 7 1= 75

ANEA MM, W HontMi 88D BR B8 B0 K8 W) Bl @t 8,
{E 2 b s B O, s P 9 2 288 S8R 11 2 A, 0 AR 4 26 8
P HEAT I B A 43 28 TE A R AR . HuntMi BRI B —
B M o AR SCRERL A ] TR A PR A DR, R A

F 10 N[ TR AT B % L

Table 10 Comparison of different prediction models

microPred HuntMi MiPred AR A A
— -
%% human Amr:na.l,/ human amma.l‘plzmt\
plant/virus virus
AR 2 48 34 35 191
kB SVM SVM RF SVM
& A x IR 2 S [ 4y # x A
) 94.80/91.16/
B4 //U L 95.
E#HE/Y% 88.13 69. 83 88. 90 95. 86
ZERIE A CE KT microRNA UM 5 B 77 76 B 4E 28R

- A EG ) Rl B i R BER T A it g oy T R
RGBT R ST microRNA TUMAT 45 b, 46 Rk HR
fiE L £ . SVM 2 $0 00 Ak 45 20 BR 52 7 9 (8] 3@ J1T A9 micro-
RNAPGMALRL 3T Fr 5040 19 70 J2 R A 500k BE 08 % D mi-
croRNA Bl 45 i) 2 8 i (o) L, 52 98 R W 0 0 1 T 7R
Fr AR R o3 A B0 B A SR AR A L R AR R R AR B
B BOIR AR o FE T MR LU RIAR DG T B0 A 1 5 5 0 L BB 40 /)
IR R AR I R . 7 AN TR) LS AR AR bty T2 38
IE TR BB AR, 5T DSGA ) SVM Z 8L
%L BEGHAE SVM 2R 2 B L AL 18] . S2 8 3R WL, DS-GA
TEARARR IE W R A ATR T 88 TR M I s 8 H 1Y .

AR RE R ME N E T B AE S T 8 MK mi-
croRNA FUMAE R 8 i TR A 1 ol ) 00 K AL X A6 2 ) 23 288
TIEAT TR IF 5 2 LAY microRNA T 832 ok A5 0 ok 47
T B SRR A SO RUR R R T S fh 3RS 2R Ry
I e 00 5 MR A B A IR
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