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Prediction of Drug-miRNA Associations Using Sequence Encoding and Sparse Learning

REN Pengfei,LIU Di, TENG Zhixia
( College of Computer and Control Engineering , Northeast Forestry University , Harbin 150040, China)

Abstract ; MicroRNAs (miRNAs) have been widely recognized as potential drug targets for future therapeutic interventions since they
play an essential role in the progression of many complex human diseases. However, existing computational models primarily rely on
biological information to build drug (miRNA) similarity , while neglecting the sequence features. Additionally, the available association
data between miRNAs and drugs is highly sparse and contains substantial noise, which poses significant challenges for accurate predic-
tion. To address these issues, this paper proposes SESL,a model for drug-miRNA association prediction based on sequence feature en-
coding and sparse learning. The model employs a deep learning encoder to construct sequence similarity matrixs ,utilizes sparse learn-
ing techniques to optimize the existing association matrix, and integrates bounded nuclear norm regularization to achieve association
prediction. The experimental results demonstrate that SESL outperforms existing methods across multiple cases, while maintaining high
performance even under conditions of increased data sparsity.
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5% Al LSTMAutoEnc 3£ B 25 #) 5 miRNA K 45:AE
6] & % T miRNA , LSTMAutoEnc /Il 254 % # i $ 8 42 5k H
ATFH RNA Central 3 Fg (https ://macentral. org/) , K./ 4y,
ok HA R A YRR BT IE 4 TS RNA J571]. LSTMAutoEnc
FRECT 35757 A/ A AR 45 RNA B3, 045 3752 4~
miRNA #1 32005 /> piRNA ( Piwi-interacting RNA). X T 254,
LSTMAutoEnc {4 I\ ChEMBL #3222~ (https ://www. ebi.
ac. uk/chembl/ ) 2 K241 70 J7- SMILES #E4TY1%5.
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Fig.2 Framework of LSTM sequence auto-encoder

HIAH miRNA 51254 SMILES 375 H i #4 (one-
hot) 2% , £ % 4 7 F I 45 F VG 4 AR AIE 1) 92 (64 4 ,
T 830 43 M 24 B o BB A A DA T T 4 5 . 3% I 445 £
ReLU % EE R — MO F BB BE N —4H 6 2%
BREMEA,EAR 256 S HIT. S UM ) 2 FEE 2
AT 8 2 4 MEFRZ Y cell JRZASE hidden JRZS. M4
ST 3 A ERAEERZ 52 B 256 4~ LSTM Mol . 41
softmax S , Hr B4 LSTM J2 (% H 5435 B H A 35 o
(IRTER)Z , FRA A BE — {6 B B F B LSTM R & )5 —
AN EBZ MY FTE B . BRI T 5T RS AT 485 1
64 % JE )RR (7 B A 64 2 miRNA 54 1.
2.2 fAEEKGE

XTTERAEHG 64 425 YT 1 5L A 64 4k miRNA R4 [7]
B A B R4 AR LR, P SRR R
BT . KRB BB I R A2 —,
BT gz (] o g i e 2 B f AR BE . R T IAS 64 4
I E I EEATHERAIERS o vTLLBER AR .

di,, = /X7 (E -E)* (1)

225 (miRNA) B9 22 [] (4 BE S, DAL o645 4
U s, A5 B AR ) T 25 AR L EESE RS S, A miRNA
DL &R S,,.
2.3 BEFRESIHENLBEERKIL

FERRHLT 25475 miRNA 4% [ [ T 5 51 B54E AR 10 B
SERE 5 , 2% FEF 25 1-miRNA X 1 T 900 [7] 22 T s 110 56 B 84
W, WS 454 (0 R, AT 7T 0ot SR 4 11 25 ) -miRNA B S

B A FAT AL
Z%)-miRNA SEHRA = — I i A R, e 4 R 24
TR AR 0 (B Lebn R M B 1 AR PR 1y, WA R
Wa . BATRIAEAEX A S T S @t AT A ROBE ST A
W A BRI FRR g 2 > J ik 7 LUK DR A i e R P B 2 O 0
R AT R, R B RS T BRI AR A IR SR I , AT A 28R
ARRARR 53 P M8 75 7 A 1 67 T R e R b, A SCSR Wi 2 > O
B, HAAE a2 K (2) 6 IR AR B 25 9)-miRNA SCHEH [ A
SRR B A 5 R B R RIS X
MRMEH G W E REWRE WM P(EREZEOLRE
H0).
A=AxX+P (2)
WHTRRA TR, A58 B A A TR B T AR
/MBS TR ) T3R8 BB A SR 19 , AR R AR 8
TEECE A THRAIMERS . B T 158 — MERR A FE X fl—
WiEE P, LUK A (2) A AR(3)
min | X, +ea [P,
s.t.A=AxX+P (3)
H X, = Zoy, o BRI X BF FE, SRTBH AR

X AR [ PlL, = 27 /2.0 (Py) " AT BRTE AU LA
YYoR P HRBHEIE. o AR SEL, R A X -8 6]
HLLE, BB R 0.3,

HRAERTABIRFSE - Al 2 2R (3) Ry A B4k S pL
SRR, AL R AL £ 8 3 43 43 BT ( Robust Principal Com-
ponent Analysis, RPCA) . X &—EA LML HZE, H
AR ATEMHE B (4)

w171 +a 171,
s.£.A=AxX+P,X=J (4)

A (4) BVFZ 07 BT DR AR, A SCR R ARRS g 388 Thr
¥4 B4 H 3 1 ( Inexact Augmented Lagrange Multipliers,IALM )
PR AP A R, BRI A(S) s :

L=lJll, +allPl,, +tr(Y[(A-AxX-P)) +

(Y (X=0)) +2-(A-AxX =PI+ |IX-JIF) (5)

For oy >0 BT, ARFARE IALM 53, [ e HAE &,
HELEHFHAMYPERTY, Y, KRBT JX M P IyER/ME,
HABEX" FIP™ & L RAF(S) W X AT miRNA 5254)
BUARRIERE R, P~ AARIR A AR R

TR, AR X~ &t B8 0 B BRliRAE
PR B, BARAETE X 5 miRNA 5% 25 9 AH {05 4 4 A1
F, 5 2.2 Ty REBCA X R X WIERER B
HAHT R CERAE I A, B2 AR 5 > 5 BT G HRAE MR
AHAAI(6)

A =AxX" (6)

G0 DA B, AT R R T AT RSRE A Y
FELBEAE RS S, , miRNA AHUBERERE S, , VA BT B ) Ja
HIZ5H-miRNA JCBRHERE A, . BEJ5 , A8 508 25 #7-miRNA 3¢
ER TN [ R AR, S I b 4 (B0 R, JF A A S T 01 AL
( Bounded Nuclear Norm Regularization, BNNR ) 77 % it 47
fk.
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BNNR J; ik 0 EEAE TR X A, S TR b2,
FRTEFEFAN A AR A 8 T A E N AR R M iR
ZRFEE BRI BAOR UL, B AR & TG E A
TOER M VAR — B BB , 58 1R 3 AL RE ) 5 [F)
Fiof S Ao T DU S Sfe 0 il ok MR P 2, AT 7y TO03000 F o
PRI T

B, FIA S, .S, M A, HWE— DAY -miRNA P4,
HRELT—HbEM T RERNE, Wi HAREM T RN 8

2R
Ss Al
T=| .,
[Af S,,,]

HWR TR MBI R B 0 FRh 421 B AT 4k
AR Bk foe /M TR T B de /MK IRLBLAE T3 2 NP A
HER, BRI, TR AR(T) B R S0 R B AL ™
WAA(8) B

(7)

min| 7 |

5.1.0=T; <1 (8)
Hipll 7" || REBEEL BT MR B, BN
B /MR — LB 9 O A BT R, SR A XE B RO EAIR. S
Z PR T AR AR AR TS , IR TR R, 13 5] T BNNR
PR A AN AE(9) Bras

min |7° [, +3-1Ra (77) - Ro(T) I,

5.6.0sT; <1 (9)

N ZEHFTEFRILR R 25 Y)-miRNA X f) A bR B4,

R, RHEXBFEET. ¢ FIERETMMINESE, TR W

55 2 IR T WP RO HO 98— AN IE R &

AT DAS/ M ERCHE rh R 7 Y 17 TR IR, ol T I AR A B
BIRE R, T I RIR T i LB T AL

27 T A2 [l 9 -1 ( Alternating Direction Method

of Multipliers, ADMM) 3R g™, 25 30 5 )5, &5 5]

RHTCR Y GIEFE TR RGP AL, BTG

EBRAERE T X 7 R 4
3 XWERSHHT

3.1 BiRESEMIEREE

A SCHT Y R R0 g — {3 T A TP IR A A LB g
1T 2SRRI AR R P T R BE. B4 | 5 831 12
YA 541 4> miRNA, L & 664 25 #)-miRNA CBE R R, T
4K Z B2 H)-miRNA X RAEERBE R R (RN 0.
99) , IR ¥ Ho A 45 a4 M D6 B 3E 42 PCD( Partial Correlation
Dataset) . fif 4 f25H)-miRNA 3215 AR 2 . SM2miRP*
YR PEARTR) , Eo 254 2 L SM2miR™!  DrugBank ™" 1 Pub-
Chem'™'3 A ¥4 i Wic £ 5K 1, T miRNA W€ B SM2miR
HMDD!'**) miR2Disease!*”’ #{l PhenomiR!*®' 4 4~$ #E 2. B
££2 27 PCD (&R [, AERB R B HEM B R R
792 G4 255 4 miRNA, 75 2] # iy 39 -2 7 A 286 4
miRNA 2 KB HREE , AW 50 Ho 45 S 2 AH KB R 42 FCD
(Full Correlation Dataset) , #5524 0. 94. PCD 5 FCD By
PG B AA T AR, 7] LMK [ A BE DG TEAR AR 0 PR B,
rEBIARZ] P-miRNA SCBOC RN IEREAS, HARKRTIAK
MAERRES.

TEXT LG SRR AY , B T 5 C R R B D , i USRI 5
WEEWA LSRN 3 FANELR I E TR ROC 2T
HE A (the Area Under ROC Curves, AUC) #E47XT k. 3B 48, 24
WHo R 48 PR Ml 48 F 1 B ( AUPR ) K5 7 FE ( Preci-
sion) . 74 [B1#& ( Recall ) .\ F1 4} %} ( Fl-score) . #E#f§ %8 ( Accura-
cy ) FE 5 BE ( Specificity ) 6 R G HERERIATHEAT LA PN
3.2 LbE®

AR 5L 5 H AR 7 4~ # B RPCATNR-”- | SNMF-
SMMA™! TSPN'™! DCMF'®! EKRRSMMA *- GISMMA"!
LA &% TLHNSMMA'™ 2 g A Bdiage b 34T T 200 b SC .
b7 B5E SESL B MR RE , AW S HEAT T 3 MOR RIS AL 1
A — 38 XBIE LA B # AT 38 IR E. X S ST 5 1 45 R a3k
1 7R,

i1 7E PCD il FCD ¥4 FRXS H4s R
Table 1 Comparison results on PCD and FCD dataset
S PCD FCD

TR TR mamRNa madm ah P %6 WEmRNA mak® ah P
SESL 0.9808 0.9778 0.8754 0.9772 £0.003 \ 0.9618 0.9574 0.9507 0.9458 +0. 0016 \
RPCAT'NR 0.9959 0.9937 0.8628  0.9958 £0.0005 = xx* 0.9534 0.9410 0.9501 0.9449 +0.0032 ®
SNMFSMMA 0.9711 0.9698 0.8329 0.9644 £0.0034 %% 0. 8895 0. 8884 0.7651 0.8814 +0.0033 s
TSPN 0.9938 0.9902 0.8162  0.9934 £0.0004 % x* 0.8925 0.8915 0.7374  0.8834 £0.0037 s
DCMF 0.9868 0.9833 0.8377  0.9806 £0.0029 = 0.8770 0. 8836 0.7705  0.8632 £0.0041 s
EKRRSMMA 0.9799 0.9731 0.8071  0.9767 £0.0014 = 0. 8869 0. 8586 0.7706  0.8560 +£0.0027  ##%*
GISMMA 0.9291 0.9505 0.7702  0.9263 £0.0026  #** 0.8209 0.8639 0.6593  0.8088 £0.0044 =
TLHNSMMA 0.9859 0.9845 0.7645  0.9758 £0.0029 X 0.8148 0.8245 0.6055 0.8168 £0.0022 =##=

HE AR R R, TR AZZ SR
BT , B — 3 SRR Y SE 30 BB 22 R B | 15
A miRNA B iiF Al [ & 254 RiiE. 762 BBk h, TR
254)-miRNA LA RGN o WA, T H A 663 X 40
SR BRI I R A, Hofls B B F1SCBK IR 25 4)-miRNA

XA SR LA [E]F miRNA B3k A1 [ %2 25 ¥ S i 5
2Ry B 22 1B ) DX 39 76 T 3K P R IR GE AU BE B 5 BT 26 miRNA
(Z59) B R AR M KB R g FEA. £ T AL
T BT B 25 ) -miRNA SCEE SR REL o 5 R/
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EAMENTE SN FRRRENIIRE, Ha 4 M F4EH
FRAIYIG , AR 25N 1 25 8- miRNA 33800y 5 4
ARG IR A 25 ) -miRNA SBR[ 134 5 17 A
AR BT R

3R RE TR KX BIrs; £ RW, & PCD
|, SESL 7£ 45 % IF #1 [ & miRNA 56 TF B S F 1= 30
BEAI T RPCATNR, 7E [ 25 ¥ Bk /Y 1% 0L T , SESL i) AUC
T H AT A4 i 7E FCD |, SESL 7€ 3 F SR & T Y
PERER L T HAb AT A A, #2 FL T3 X I UE+ SESL & PCD
HiHe B, IS KT RPCATNR il TSPN; £E FCD H1 iR 58
Hi, PEREIE T HA T AR,

[lEt, T B i b s SESL 5 H AR 70 2 [R] 1y 22 S
BB T PSR 4R 0 LT 3 IR TE S5 R, 4 SESL 5 H

10 ESESL

08 [CIBNNRSMMA
0.6

0.4

2 .ﬂmmﬂ_\ﬂm

& & &£ H F S
ARSIV RSN ?G}f&

(2)PCD

MR TR TR A U8 ARBFIE XS 45 SR AT ¢ 1, DA
G R I B2 . 2 P (/T 0.05 B, — B A Bk 30
BRLEA B A T FUEARIT S « (AR
BEERE, « XA PENT0.05, »x Ty PENT 0.01,
# %% Fo7n PAE/NF 0.001, T x WA FALEI XS L T B 3. &
R 1 PR, B R A, SESL 7E FCD B W B M2
Sk, P R, A ST X T RE R DR R RS o) A /I
HEBIRE PRI T HEr e,

AT MRFIMA X SESL T & mE M ut, KR ETW
ANERSE , RIT L5 br, 55 R A BNNRSMMA ) #t47
XF b BNNRSMMA {5 F T A= 225 B A AR B AR I, [RIFE
R F BNNR Bk 47 . AR 5T B 10 vk T4 38 SLERHIE
PG RV A A G R, WE 3 B,

1.0

ESESL
038 [CIBNNRSMMA

0.6
0.4
02
0

Qo \gg o°

(b)FCD

K3 7 PCD Fil FCD #3452 18HnA Hah R

Fig.3 Comparison results of multi-indicators on PCD and FCD dataset

Wi #r 8 3 ATLUE Y, SESL TEAT A 1845 HIgHL T3 uE
A BNNRSMMA , Ju H7E FCD 446 |, REE M 8. A&
WEFEHEN , iX W] e th T A 7 v v i P P AR 5 g 2 2T B
HEEFR AR AT IFFE R, WX T MR A T T [,
P Ba L 125 T B AE.

B5 , 8 TIEH] SESL FTR I LSTM IR E B 415 85 1Y
ARE, ADE SO/ 5 B TR AT B R 1E 5 # 8 (Large Lan-
guage Model) #4705 L. BARTT & , A5 BT R FH (KR REEL
iVl BERT 42 %11 “ Bert-base-uncased” , T2 3% F & T IF
% Transforme 1 2044 | 3% XA 4 548 224 ( Bidirectional En-
coder Representations from Transformers). S5EG B IHIES
FEALA R, BERT AJ LAR] it WA A SCAS BRI 54 O 1) 2 >
R R, B TE A A A AR P AR UG R, AT
TE AR R . A5 f ] Bert-base-uncased F#I L T+
FCD #0438 I Y 5 miRNA 1y 64 HEH:AE ) &, FIAE A Y
J5 AR AR BEHE B DT , o J AT LT A8 XBiE , 52 F
LSTM IR H 4ris 43 iR SESL #4724 brXT LE. B 10 3K
AT E Y Y G RAE N R S5 R, W IS5 Rk 2
Ji7s.

#2 LSTM %t 5 BERT St A0 & 15 mxt L2 R
Table 2 Comparison results of multi-indicators between
LSTM encoding and BERT encoding

T LSTM 1] AUPR B . & F BERT, iX & #] LSTM Z55- 158
BT, R IEFEAS Y HE J1 5 58 ; 78 Precision, Recal , Fl-score |
Acc FiI Specificity Jy T, —# R IAHIE, LSTM 7EX 4845 |
HIZR IS OL T BERT. 28 SCHEM , 53 AT G2 (1 T 2595 miRNA
AU BEARN B, AL & JL A RF , AT R AR R AL K BE
B AR ) ok R B s A R

Wb, 5KIE S HAAT e, LSTM 2575 09480 SR AR IR 7E 1%
WIRERE T, BT HE A8 B B e R A
WFRE . XS LSTM FE R B Z IR R T, AAE K
AAT PR S A
3.3 BmEFEIFTREST

T PEAE R A ) R TR T MR AR R S, A F
FHAT T IR SE S BRMBIE T 4B 58 40 B E B R B 2
MBS E R B S R B R LT, & T PCD M FCD B
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Table 3 Experimental results on the effectiveness of

sparse learning modules

Rk rgk 2R e miRNA EEAY R

43fB4% AUC AUPR Precision Recall Fl-score Acc Specificity
LSTM 0.9458 0.5605 0.5565 0.6657 0.5978 0.9891 0.9934
BERT 0.9521 0.5254 0.5335 0.6575 0.5868 0.9885 0.9926

W xR 2 AR ERYXTEL A, AT RLE S BERT #
AUC Wt T LSTM, 5X % B BERT 74} K88 )1 LR BB

PCD SESL  0.9808 0.9777 0.8754 0.9772
SE 0.9590 0.9532 0.7848 0.9733
FCD SESL  0.9618 0.9574 0.9507  0.9439
SE 0.8709 0. 8562 0.7309 0.8362

SIATAS AR AT ISR R T RN EESE AR M 7
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Fig.4 Comparison of the impact of sequence features and biological features on model performance
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Fig.5 Experimental results on the sparsity

sensitivity of the correlation matrix
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Table 4 Top 10 predicted results on PCD dataset

WdlHEY 2 CID miRNA PubMed ID
1 CID.36462  hsa-mir-128-1 24846063
2 CID.36462  hsa-mir-1282 24846063
3 CID:3385 hsa-let-7b 25951903
4 CID.5757 hsa-mir-125b2 30609807
5 CID.3385 hsa-let7i NA
6 CID:3385 hsa-mir-125b-1 24865963
7 CID ;3385 hsa-mir-125b2 24846940
8 CID:3229 hsa-let-7b NA
9 CID.5757 hsa-mir-125b-1 36575629
10 CID:5757 hsa-mir-126 NA

T :NA FORARFREVA L ) 308k

#5 78 PCD e Xt THRIE Y B BT 20 Fill4h R
Table 5 Top 20 predicted results of Enoxacin on PCD dataset

WiMHE4 miRNA  PubMed ID #iflj#li4 miRNA PubMed ID

1 hsa-mir-124-1 26198104 11  hsa-mir-214 30385810
2 hsa-mir-124-2 26198104 12 hsa-mir-125a 26198104
3 hsa-mir-124-3 26198104 13 hsa-let-7a-1 26198104
4 hsa-mir-520f  NA 14 hsa-mir-34b 29986212
5 hsa-mir-18a 26198104 15  hsa-mir-26b NA

6 hsa-mir449b NA 16  hsa-mir-19a NA

7 hsa-mir-181b-1 26198104 17 hsa-mir-34c 29986212
8 hsa-mir-663a  NA 18  hsa-let-7i 23220571
9 hsa-mir-181a-2 26198104 19  hsa-mir-34a 33268375
10 hsa-mir-126 NA 20 hsa-mir-221  NA

T8 :NA AR SSUE I 30Hk

# 6 7& PCD $ide vhxd T —WEAYRT 20 FASR
Table 6 Top 20 predicted results of Estradiol on PCD dataset

TWiHE4  miRNA  PubMed ID #illHE4 miRNA  PubMed ID

1 hsa-mir-375 27030099 11 hsa-mir-9-3 26198104

2 hsa-mir-29a 22334722 12 hsa-mir-17 23220571

3 hsa-mir-27a 26198104 13 hsa-mir-19a 29416771

4 hsa-mir-22 24715036 14 hsa-let-7e 23220571

5 hsa-mir-124-1 23220571 15 hsa-let-7d 23220571

6 hsa-mir-124-3 23220571 16  hsa-mir-128-2 23220571

7 hsa-mir-630 NA 17 hsa-mir-26b 24735615

8 hsa-mir-150 NA 18 hsa-mir-30c-2 NA

9 hsa-mir92a-1 NA 19 hsa-mir-200c 23220571

10 hsa-mir-23a 26198104 20  hsa-mir-1469 NA
T NA 2255 R 0 3 AH SR I S0k

XTI 52 1 S0 3 o, SO A2 1T 20 Fy T0T 00 465 21

A 13 MR T ORI, I 5 RIEY BT RBRC R
T M BRR R AF) 7387 =P, 1 20 TR 5 R WH 15 32
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BRLE.

4 &

ARSI T — BT 25 )-miRNA SCER HIU AR Y SESL,

BARELEE TR LRI MR B = I Rk L4 Y-
miRNA SCERTRIAE S 1. M S R EBERIA T A
15 B BARCUEE HEAT HE T B , AR e A FIH T IR FVRHE , O
LA A SER R S AR A M A T R R T X T AR AR
BRI ; R16T , TR B 2 AR R B AR T W 75 A 57 T 5
m. BT 5 , SESL #51H) ] LSTMAutoEnc 4548 Wil 4 /5
H254)5 miRNA FAE o) & 4 S AR D R 4. Ba)S , FI AR
S22 B B M 25 ¥)-miRNA SCERAE M #E1T MR Ab B IR
J& 781t BNNR RS & A ML R, AW ARBEEES
LMERE R DL R R4 AT AR UEB] T SESL B B A o
BE, R TI254-miRNA SR F ] 52 T H.

JR4F SESL HAT BATIMERE (A B R FAAE — 6 R R .
B, HRIE M54 -miRNA RERTIIRR 2, 33 J2 R 1) )
PERERY EE K. BEE SR B AN , B LG R —
ARG BAh, W DU R A S B o AR, 0K R IE S i
RNA ZRH% , W KR M4, T — B o .

References:

[ 1] Gorbea C,Mosbruger T, Cazalla D. A viral Sm-class RNA base-
pairs with mRNAs and recruits microRNAs to inhibit apoptosis
[J]. Nature,2017,550(7675) :275-279.

Denzler R ,Mcgeary S E, Title A C,et al. Impact of MicroRNA lev-
els, target-site complementarity , and cooperativity on competing en-
Molecular Cell,

[2

[—

dogenous RNA-Regulated gene expression [ J].
2016 ,64(3) :565-579.

Thomou T,Mori M A, Dreyfuss J M, et al. Adipose-derived circu-
lating miRNAs regulate gene expression in other tissues[ J]. Na-
ture 2017 ,542 (7642 ) :450-455.

Tagliafierro L ,Glenn O C,Zamora M E, et al. Genetic analysis of
a-synuclein 3'untranslated region and its corresponding microRNAs

[3]

[4

[—

in relation to Parkinson’s disease compared to dementia with Lewy
bodies[ J]. Alzheimer’s & Dementia ; the Journal of the Alzheimer’s
Association,2017,13(11) :1237-1250.

Eyking A,Reis H,Frank M, et al. MiR-205 and MiR-373 are asso-
ciated with aggressive human mucinous colorectal cancer[ J]. PloS
One,2016,11(6) :e0156871.

Seca H,Lima R T, Almeida G M, et al. Effect of miR-128 in DNA
damage of HL-60 acute myeloid leukemia cells[ J]. Current Phar-
maceutical Biotechnology,2014,15(5) :492-502.

Peng J,Mo R,Ma J et al. let-7b and let-7c are determinants of in-
trinsic chemoresistance in renal cell carcinomal J]. World Journal of
Surgical Oncology ,2015,13:175,doi:10. 1186/512957-015-0596-4.
Young D D, Connelly C M, Grohmann C, et al. Small molecule
modifiers of microRNA miR-122 function for the treatment of hep-

[5

[—

[6]

[7

[—

[8]

atitis C virus infection and hepatocellular carcinomal J]. Journal of
the American Chemical Society,2010,132(23) :7976-7981.

Seth P P,Miyaji A,Jefferson E A, et al. SAR by MS ;discovery of
a new class of RNA-binding small molecules for the hepatitis C vi-

[9

[—

rus:internal ribosome entry site TA subdomain[ I]. Journal of Me-
dicinal Chemistry,2005,48(23) :7099-7102.

Carnevali M, Parsons J, Wyles D L, et al. A modular approach to
synthetic RNA binders of the hepatitis C virus internal ribosome en-
try site[ J]. Chembiochem;a European Journal of Chemical Biolo-
gy,2010,11(10) ;1364-1367.

Parsons J, Castaldi M P, Dutta S, et al. Conformational inhibition of
the hepatitis C virus internal ribosome entry site RNA[ J]. Nature
Chemical Biology,2009,5(11) :823-825.

[127 Li I,Lei K, Wu Z, et al. Network-based identification of microR-

NAs as potential pharmacogenomic biomarkers for anticancer drugs

[10]

[11]



23 EMS R S5 MRIFH 4ikD B Bi 2 ~) 1925 4)-miRNA SEBRT 393

[J]. Oncotarget,2016 ,7(29) ;45584 45596.

[13] Na-Na, Guan, Ya-Zhou, et al. Prediction of potential small mole-
cule-associated MicroRNAs using graphlet interaction[ J]. Frontiers
in Pharmacology,2018,9:1152. doi;10. 3389/fphar. 2018. 01152.

[14] Qu J,Chen X,Sun Y Z, et al. Inferring potential small molecule-
miRNA association based on triple layer heterogeneous network
[T]. Journal of Cheminformatics,2018,10(1) ;30,doi;10. 1186/
$13321-018-0284-9.

[15] Jun,Yin,Xing,et al. Prediction of small Molecule-MicroRNA asso-
ciations by sparse learning and heterogeneous graph inference[ J].
Molecular Pharmaceutics,2019,16(7) :3157-3166.

[16] Zhou Z,Zhuo L,Fu X, et al. Joint masking and self-supervised
strategies for inferring small molecule-miRNA associations [ T ].
Molecular Therapy-Nucleic Acids,2024,35(1) ;:102103.

[17] Wang M N,Li Y,Lei L L,et al. Combining non-negative matrix
factorization with graph Laplacian regularization for predicting
drug-miRNA associations based on multi-source information fusion
[J]. Frontiers in Pharmacology,2023,14:1132012,doi: 10. 3389/
fphar. 2023. 1132012.

[18] Wang S,Liu T,Ren C,et al. Predicting potential small molecule-
miRNA associations utilizing truncated schatten p-norm[ J]. Brief-
ings in Bioinformatics,2023,24(4) ;1-14.

[19] Wang S,Liu T,Ren C,et al. Identifying potential small molecule-
miRNA associations via Robust PCA based on -y-norm regulariza-
tion[ J]. Briefings in Bioinformatics,2023,24(5) :1-15.

[20] Kotsias P C, Ards Pous J,Chen H, et al. Direct steering of de novo
molecular generation with descriptor conditional recurrent neural
networks[ J] . Nature Machine Intelligence,2020,2(5) :254-265.

[21] Abdelbaky I, Tayara H,Chong K T. Identification of miRNA-small
molecule associations by continuous feature representation using au-
to-encoders[ J ]. Pharmaceutics, 2022, 14 (1) 3, doi; 10. 3390/
pharmaceutics14010003.

[22] Huang Y A,Hu P,Chan K C C,et al. Graph convolution for pre-
dicting associations between miRNA and drug resistance[ J]. Bioin-
formatics,2019,36(3) :851-858.

[23] Gaulton A, Bellis L J, Bento A P,et al. ChEMBL: a large-scale
bioactivity database for drug discovery [ J]. Nucleic Acids Re-
search,2012 ,40 . D1100-D1107 ,doi . 10. 1093/ nar/ gkr777.

[24] Vidal R. Subspace clustering[ J |. IEEE Signal Processing Maga-
zine,2011,28(2) ;52-68.

[25] Peng Y, Ganesh A, Wright J, et al. RASL; robust alignment by
sparse and low-rank decomposition for linearly correlated images
[T]. IEEE Transactions on Pattern Analysis and Machine Intelli-
gence,2012,34(11) :2233-2246.

[26] Chandrasekaran V,Sanghavi S,Parrilo P A, et al. Ranksparsity in-
coherence for matrix decomposition[ J]. STAM Journal on Optimi-
zation: a Publication of the Society for Industrial and Applied
Mathematics ,2011,21 (2) ,572-596.

[27] Chen X,Zhou C,Wang C C,et al. Predicting potential small mole-
cule-miRNA associations based on bounded nuclear norm regulari-
zation[ J]. Briefings in Bioinformatics,2021,22(6) :1-14.

[28 ] Ramlatchan A,Yang M,Liu Q, et al. A survey of matrix comple-
tion methods for recommendation systems[ J]. Big Data Min Ana-
1yt,2018,1(4) :308-323.

[29] Candes E,Recht B. Simple bounds for recovering low-complexity
models[ J]. Math Program,2013,141(1) .577-589.

[30] Liu Y J,Sun D, Toh K C. An implementable proximal point algo-
rithmic framework for nuclear norm minimization [ J]. Mathemati-
cal Programming,2012,133(1-2) :399-436.

[31] Chen C,He B, Yuan X. Matrix completion via an alternating direc-
tion method[ J]. Ima Joumal of Numerical Analysis,2012,32(1) .
227-245.

[32] Cai J F,Candes E J, Shen Z. A singular value thresholding algo-
rithm for matrix completion[ J]. SIAM Journal on Optimization;a
Publication of the Society for Industrial and Applied Mathematics,
2020,20(4) :1956-1982.

[33] Liu X,Wang S,Meng F,et al. SM2miR ; a database of the experi-
mentally validated small molecules’effects on microRNA expression
[J]. Bioinformatics ( Oxford,England),2013,29(3) :409411.

[34] Wishart D S,Feunang Y D,Guo A C,et al. DrugBank 5.0 :a major
update to the DrugBank database for 2018 [ J]. Nucleic Acids Re-
search,2018,46(D1) : D1074-D1082.

[35] Kim S,Chen J,Cheng T,et al. PubChem in 2021 :new data content
and improved web interfaces[ J]. Nucleic Acids Research,2021,49
(D1) ;: D1388-D1395.

[36] Huang Z,Shi J,Gao Y,et al. HMDD v3. 0;a database for experi-
mentally supported human microRNA-disease associations[ J]. Nu-
cleic Acids Research,2019,47(Dl1) ;D1013-D1017.

[37] Jiang Q,Wang Y,Hao Y,et al. miR2Disease ; a manually curated
database for microRNA deregulation in human disease[ J]. Nucleic
Acids Research,2009,37 ( Database issue) : D98-D104.

[38] Ruepp A, Kowarsch A, Schmidl D, et al. PhenomiR; a knowledge-
base for microRNA expression in diseases and biological processes
[J]. Genome Biology,2010,11(1) :R6,doi:10. 1186/ gb-2010-11-1-16.

[39] Zhao Y,Chen X,Yin J,et al. SNMFSMMA ;using symmetric non-
negative matrix factorization and Kronecker regularized least
squares to predict potential small molecule-microRNA association
[ JIRNA Biol,2020,17(2) :281-291.

[40] Wang S H,Wang C C,Huang L, et al. Dual-network collaborative
matrix factorization for predicting small molecule-miRNA associa-
tions[ J]. Briefings in Bioinformatics,2022,23(1) :1-12.

[41] Wang C C,Zhu C C,Chen X. Ensemble of kernel ridge regression-
based small molecule-miRNA association prediction in human dis-
ease[ J]. Briefings in Bioinformatics,2022,23(1).1-11.

[42] Devlin J,Chang M W Lee K, et al. BERT ; pre-training of deep bi-
directional transformers for language understanding[ C]//North A-
merican Chapter of the Association for Computational Linguistics:
Human Language Technologies,2019:4171-4186.

[43] Vaswani A, Shazeer N, Parmar N, et al. Attention is all you need
[C]//Advances in Neural Information Processing Systems,2017 .
6000-6010.

[447 Lv S,Li Y,Wang Q, et al. A novel method to quantify gene set
functional association based on gene ontology [ J ]. Journal of the
Royal Society , Interface ,2012,9(70) ;1063-1072.

[45] Gottlieb A,Stein G Y ,Ruppin E, et al. PREDICT ; a method for in-
ferring novel drug indications with application to personalized med-
icine[ J]. Molecular Systems Biology,2011,7:496,doi:10. 1038/
msb. 2011. 26.

[46] Hattori M, Okuno Y, Goto S, et al. Development of a chemical
structure comparison method for integrated analysis of chemical and
genomic information in the metabolic pathways[ J]. Journal of the
American Chemical Society ,2003,125(39) :11853-11865.



