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Abstract:

Applications of artificial intelligence in RNA 3D structure

prediction and RNA interaction modeling

WEI Rui, ZHANG Le, XIAO Ming
(College of Computer Science, Sichuan University, Chengdu 610065, China)

RNA performs central roles in essential biological processes including gene regulation and immune

responses by adopting specific three-dimensional (3D) architectures and mediating precise interactions with

proteins, small molecules, and other biomolecules. However, modeling RNA remains challenging due to its

high conformational flexibility and the paucity of experimentally determined structures. Recent breakthroughs
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in artificial intelligence (AI) have opened new avenues for probing RNA 3D structures and their interaction
modeling. In this review, we systematically survey recent advances in Al-driven methodologies for RNA 3D
structure prediction and interaction modeling. We begin by outlining the evolution of three predominant cat-
egories of RNA 3D structure prediction algorithms. Subsequently, we examine progress in Al applications for
RNA-protein interaction modeling, encompassing global interaction prediction, binding site and interface resi-
due identification, and 3D complex structure prediction. We also highlight emerging Al approaches for RNA -
small molecule interaction modeling. Finally, we address prevailing challenges such as the scarcity of high-
quality datasets and limited model interpretability, and propose future directions, including generative molecu-
lar design, multimodal integrative modeling, RNA foundation models, and explainable Al. This review aims
to provide a comprehensive reference to catalyze interdisciplinary research at the nexus of AT and RNA biol-
ogy.

Keywords: RNA 3D structure prediction; RNA-protein interaction; RNA-small molecule interaction; deep

learning ; pre-trained models
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Fig.1 Three major algorithmic frameworks for RNA 3D structure prediction
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Tab.1 Comparison of major method types for RNA 3D structure prediction
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Fig. 3 Three-level progressive modeling framework for RNA-protein interaction prediction

2.1 BEEETN

R E AR TIOIN O 3 0 A% [R) L 45 0E — AR
RNA JF 9 fl— 2 85 H B4, B AT =Z R A& &k 2R
WHLZE G o AT 55 30 W WO B Ry 4y X R T
SRR ECHAEME RO, R G R EN SR
SER//ESpofE Y N iUE e

U ik AR T TR A R SRR AE, a0
il i B 24 5 R 4 A L k-mer 1R AT 51 96 45 F
G54 T RE ) AL B PR AR S AR G 43 25 4% o8 T
o0 4 RNA-ZR X ) B AR A 28 3 AR
WEZ %0, i, rpiCOOLS A B 56 3iF (1 RNA-ZE
1 E AR A B U 90 R 5 R T R A LR AR, T
P FEERE AR U A . T AR G W45 i 5
KX 2 Pl T R O, AH R B R 32
SFAE LT L 57RE AR 3 RN I R 4R A A i 24
2.1.1 REZIRHHEMEEE

Wil 25 R 3 2 ) 1 R R R R L T S 3 A
F T ARAE 55 10 H 8h R AE 2% 21 40, Deep-
MiRBP"“"#£ RNA ] 5] A R[] K 4 1 i 42 1 45
(Bi-LSTMD 5 v & 1 AL, 76 8 F 0 A A& FLp
2 W 2% CCNND 2 BURRFE |, 52 9 7 %F microRNA-7&
FEAE A RCHUI . AR L A% 58 5 1, 3 2SR A T
RO AT I LR SC e B 3 7 K 5 A% 0 AR 4k

HAERIA, (HX 2y ik w2 4R 5 AR
A3 A AR AT A A8, X R L RNA 5% & UL 2R (972 1k
BE AR, ML, MuaitF @ sl A-ES 5%
BEASE 2] SR G g aX — ), B, ZeRPTVi i 2R
FH ] o 22 1 44 24 2] RNA RN R BE A R, AT
S R UL RNA 254 2 1 (RBP) B & F¢ 1l
M. Graph-RPT* 0| 38 i 45 — B9 RNA-E 1 BAE K
U W 2 > SR DT 3 I XoF il ML £ R AR 19 4K
WO RS TR T g BIKCEE,
TR B 27 2] — T3 1 AT DA T 5 v Bl 4 1 T RS
JE 55— 7 I AE R WL RNA R UL EE (1 K 85 9
SN SRz A RE J) o AR, DR X 28 U
FAE 24 A 2 BARWAT 55 WA R A9 A5 7 5l L B
PLFLERIR BB ) M # W I AP A7 AE — aE BR A o
2.1.2 FUll&RIE

TN 25 A TR Sy R A B AR T B AL TR Y 2
W H o 5 RT3 N b AR By W B AR [A]
TN 25 J5 ¥ e 8 D\ R A ASE R A 10 7 471 v 2 ) 3
FeoR TR 2 A TR AE TR M, I 32 T+ 54T 55
AR S,

BN, BioLLMNet “{ LA ¥ 51 > i A, B 3 2o
TE 45 — HE 8 F &b P RNA-7 H . RNA-RNA Fil
RNA /NG 45 2 25 B AEFUNAE 55, T A4 B8 T 13

1157



% 63 %

W KFFHROBRHFRR)

% 5

YR R AE (30 P . 3E— 25 b, ZHMolGraph'
Kl 25 7 R 51 5 BB A 455, 76 RNA FIEE 14
IR M MAE IR P FREARZMAT AR E
{14 T 14 BE o

VAT T R TAE O R R AR, O R
T F AR AL GEHL A5 5 > O i, T il R B R
k27 2], JF i — 200k 1) 25 G BN R 80 5 B A
AL A, XTI EE T Y

Bk = SC 0 S5 A5 Sl TR B RNA-ER H AL
HR DR T G S R T RE EL A G e o, BT Ay e 5 5
56 96 Uk AN AL A S B BEOE Se G iy o D B TR 1)
WA, & 2 B g TR R BRI A (S
B Bk Rz B SR, i TR R R AR
R R AE AT, AR A WP HL A A A 4
A7 WP B R — A S i B 4 S L A AR
BYIEER R

X2 RNA-ZABKEEMNRREE LR

Tab.2 Comparison of representative algorithms for global RNA-protein interaction prediction

Irik B 4y AT Pt B )
- ————
pICOOLT LRk FE 55 B %j‘fﬂﬂh_ﬁzxwﬁ?ﬁ -
Hi
i £ i L/ LR/ 22 T ek 7 R R AR 4 T A 2K
Chonge EATRRBUBILER/RT CECLUTTES SR
o7 R
. (go) BIFLSTM-+CNNRREGHES:  JFIHE+ BRIERAE 2] HiT R % ) '
DeepMiRBP % SiEm L o G
= e TR A A N
ZeRPIY  EHZR%(GNN) FARRF RAREANEERTE oy jep iy reamm
Yot Hi
2[R B g 1A AL
Graph-RPT™  GNN 1 2% 57 55 ;’ffg*ﬁw\gmg B A IR
BioLLMNet ) Bl i o Ol e I G ZAEFEMFENAER WIS IEEER
, o 0L ¥R
ZHMolGraph ™) F%3 S S ERME AR IR msE i g L RNARIR RS A
Beomiz Ak g

2.2 HEMNASREERERN

AR CH PR T BB A2 0] 25 RNA 5 28 [ 2 &
HAE, R BREM RS a0 A5 R
B3 5 T AE 2 Ay i R 3 — (]
2.2.1 RNAMEE LN

A RNA 25 & 7 £ B0, 38 5 16 10 &2 &4
=S R B = B DL AR AR R 0 BT DL 2R
RNA 5 41 K HoA BR i 45 ¥ 45 8, o 90 AT fig 4
RNA 2548 A (RBP) T 51 i1 X 58

B9 B0 56 TR 1 2 R T AR B R S
FEOL AR B — T R S R 5 R A, A
T Z P HVREE , 5 LA 2 2 50 F A8 FE RNA I 25
B A TN Y B, & B T S BA/ DY AR SR
0 5 AR 2 Bl P AR AR AR AR IR DA R T
Nucpred T H . ZWF58 £ W, B 6k = 52 & Wy 45 1)
5 RNA Ry A7 9 B A B WA B B8 X 434
B A RER

AR A8 S 35 50 A =, AT 2 LD A B RBP 45
G ARG SRR B B AR L, P RBP 45 &
AL T Jad 35 0 Jk 4 B, 16 5 B A Sk 4R
1158

FUVAM 1 A poly A A7 R A T RE A7 B 1 AR R
B I, NIk, spline transformation'* 3 i3 K
XL AT D R R SRR AE A R 25 ) 45 B
T AR R N RBP 45567 5, B F0 0 1 g

TE I HE A b, R 5% o a5 — 2 i 1) P 4 -2
A RAES BN UM 8L . 248 T TRRE AR
FE % 4 WUy T A5 20, 2000 LA W] 15 5 RNA B9 4544
5 R IF A R IR G FE B A R SCZ TR Y O HR S
e, DeepRKE™ & 56 D3] 1] &2 ik A & 10 AE 42
one-hot # A% , X} RNA 731 2 H — R 4589 {5 B 7 L
B A FR , P45 A CNN ORI Bi-LSTM Bt A 42 BUR 3
5 K AR A , 4 Bl AT 55l R AR R R ) R
fif 242 3] o Bl )5, DeepA-RBPBS™ #E — # fifi F
CNN, 5 U [] 4 978 B 55T 1 2% (BIGRUD $2 U
G 5 G5 R RRAE I 51 ATE R L DA A A X
DR SHERRAE (Y OQ 1, () I 3 58 0 S B S R S
5 B4 68 1 o #E 2 A BCEs AR p sk
DeepA-RBPBS [ PEREY LL A 2 E L4 T 7.

TE Rk RNA 7 s 10 0 HE 2 FEfih 1, A6 ¢
Tk —2 P R B RO RNA CeireRNA) 5. H



% 5 *

FLE L ANTHARAERNA Z 425 M TAm 5 RNA A8 ZAE R ¢4 5 A

% 63 %

T IOk RNA B SR A5, L85 5 A g
] B2 L 2R M RNA, DY AR 780 55 L4 X axX — R Bk
Gy FRAPEATIE L . B AR 9T 32 0T AR I AR 4
HE,— 238 3o il G 2 R OE 8 G b R EE 4%, AT
Pt 2 A Iy AU B R AR RE T O — i i
2 251 B L E X B 30 A T A5 M RRAE DA T 1
SHROGF Je) AL G ) AR Y R, A R [R]4fE B) cir
cRNA 254 5 700 44 BE i 42 7
2.2.2 EEMAEEBRERN

T o7 = 222 AR B = 3 T R A A
AT RHES A8 PUIES 5 RNA
Fe il (Y B AL L 2004 4F (1 M 28 X 4% 05 15T BN T
W H AR E X2 5 E 1 -RNA M H AR 8 5% 3 5
WA LS G AT S R E W E BT B
B IZ Ty AR AR BT TAEZ — . B, Pro-
teRNAHE— 2545 3L F ki 1) SVM 4325488, 5
JE AR SR o3 AT AR 25 G ok U 5 RNA 25 4 Y 5%
BE T A R AR AR DR T . X R TAE BT,
B v A 8 B B A 5 R,y 5 Mtk e (s B A5 A)
FH T 4 /) i 35 57 17 ke R T F 3 2K T O AR A
PLFE A RNA 256 F 1 ) 25 8] 43 7 R AE .

XL BN S T IR 5] AR 145
5, DA T B T % 3 U BB 7 . NucleicNet ™R
FEEALAY 0 7 5% L J2 75 55 RNA 22 fi, i 2 ik — 26 93
I 2F 1 3 X RNA K [6] 20 43 19 245 4 i 4, K 99 0
155 dr 42 b U0, B 1) 55 T AR VR R AE 0 i
PST-PRNA" WK 25 11— 2 2 1 4 5 0 30 4h &
7 I R BE 2 2] 425 40 o 9 23 ) S X, DA B
A R R AE RNA 55 B 19 2 AR JL R E 5 )R
TG . SR E ) S T R T Y A
201 T MIF A SRS R RIS, B Dk g G
SER A B AT ST SR AR 0 1 R

ST T 85 A a5 5 5 1 AR S TR 58 AR
WFR A REAE B RLE S,
7 4 3 42 T X 2R P -RNA A B A FH ML A g A
KLRE . SR, 33X 28 75 B AT M LA DB 4 25 (] 2= 1T, fit
FEAE B 5 RNA Qi ey 52 9052 e 45 6 45 1n) .
W, 5 BER ST — 2 e 1 5 ) = AR A A AR
2.3 EEM-HEHRERE

AR AR ] 2 R m A AT, AL T [a]
BCEWREE AT A L A R B B L A
“hnfap gk 47, BV RNA 58 5 7E = 4k 23 i)

14 AH X 4G G K T A4 T . HL 25 SR T HF RNA-ZR
FEAENLHI T 25t S TR
2.3.1 #WEBREEESFRERLZE

I iR, RNA-FE L G e S SR 9 26
S — 2R AL E A& W 25 A R =k
HAEMEGWEN ;1 —REUEBHMRNAWE
DR BT A AR AT 1 A S5 R SRy A P O A ) 4
FAER T H T REMES G5 . 1 5 R A
M ASE S5 W T4 1 0t — 2y ok —
BEA U LS B R . AR A
PRIME"™ 2 B , & 1 & & ¥ vh 1 45 A B 207 48 0L
Gy FZ A B — o al il R vk, P e] A AR AR
GYEBH N RNA-EAESWE . 5 F X%
J5 16, NPDock ™ ¥4 # T 1 [ 2 1 -1 2 2 A 4 i Xt
FEA R AT MR A 45 22 0 B 1 RNA 25 0 Az 1l A 38
HEEWHE X 25 R 3T HEF . HDOCK™ il
P3DOCK"™" it — 4 25 & BN A5 18 5 % 2 5% w7
FH W28 07 ik 0 AR R ALHE v T R A 4 T
D7 R 1 4 R T 2 G A Ok i 3 R
Flo XK NE G YA s 4R 4L T R ]
A7 B AR 0 M BB A 0 Al 8 RS Al 1 T &, DA
B A B R RNA B 45 48 1 4 B
2.3.2 mEmESYERTN

Bl 5 TR B AR ZE R T T i & S, A
B TE UG AR AR S R A LR B
g —HESE T M E I . RoseTTAFold™* %
FH =00 22 X 245 404 G 3 7E — 28 7 I RRAE L 4
BN G R OR = 4 S50 R Z (8], AT I A R AR
B DN LA ity 21 oty 20 B B R H A G AR A
1o WA 47, RoseTTAFoldNAY e I & milh |
BB M ARRAE B B S — ERHE Y R
FNE A - E A, N3 N AR T 51
R R AW = g gk B A A
G 2 Bm R, XX LM E Sy
B, 2 o0 A 1) G — T, DTG O TR
ZEAE LR R N S HE Y A R T 2 g
S IR TIFIME R o FHXER S =4 450
FRAE IR G EE AR )

3 AIZERNA-/MNSFEERNNKHA

RNA-/N 3 A AR A A0 A% 0 1) LS 2
1159



% 63 %

W KFFHROBRHFRR)

% 5

E RNA Fl—A~/INr 7, 38 Z 1A S 15 BE 8 & A 4
S A WE SR AT 58 H A5G RNA 45
B AR 525G 00 S U R BE /N T E L RNA -
NGy F 25 A BRI 5 S A PR A A AT L 2
AR RNA 3 SO0 HL ] I 32 5 RNA B0 ) 25 9%
T E TR M TEAR-/NrFHEAER,
RNA-/IN 53 F A B AE e 0, 3 22 5 [ 7 F

ZHM%

RNAMGREE R N ERESZeERE TS5
Koy TR N R, Hm o R 2 a e
AR IR IR Z M 2, L G0 1 X T s
TE RNA K F b 15 78 Ml LURS 2 20 im0 52 25 5 A
3, P AT w5 | GX — 4, ] TR TH 426 1
55 B BERR 5 A RE

IDJFHIHIE

SE(3)

+#%Fitokens v e Transformer
MSA(E F+£TR) .
= omm o007/
m - =)
v-0o-¢
15 B s ¢ °
2D PRt iE
RACUPPINOEFS!
AR »

i( 3DLEHHL

TR = LA

AN
v

B4 RoseTTAFoldNA & # A
Fig.4 Architecture of Rose TTAFoldNA

N h /RNA-/Jxéy\?é%%
LA AR ST e/ N T BT A
T HiPA
® AHEF 4
S |
@ﬂ{. ait—lm
WL oy e
= W

\ )
B5 RNA-D>FEERERFRIESR

Fig.5 Research framework for RNA-small molecule inter-

action modeling

3.1 RNARIEEOKS5EEM TN

£ RNA-/N A0 B AE R AL 1 5 2 )
2 RNA L BF 26 [X 38k ] GE 45 & /N3 F . A OISR
A1 5 N RNA = 2 25 40 3R 11 19 45 & 1 A8 U
K, 0 R R BIAZ T R B () 45 G L a5 T

S AR O TR 2 N RNA 0 1 L] 53
i R TR i 1A% T — 25 I S X SR
HEA AR A Ja g & 00w B 5k £
B S8 A0 Aa] O 75 4 b R AE RNA £ 2R (5 B g
JF . MultiModRLBP“ i FUK B T £ B B A
1160

LT f = 4S5 H B M O R B LA K RNA TE X
5 R AL gy ARERL D)3 o AR T X RN S R 25
B BOREAE DT 4 e 45 5 o i T ) A 7k . RL-
site ™ Pt — 25 AT 2k RNA 5 5 B8 454 1K
HE S M RA A BT S 455 S TEATT
NN S SV ST/ Wi R 1 B S R 3
JF 5 RAFE A B T 82 TE 25 A 0 2 00 M RE . T
MV RBind" ™ ] 5% F £ W0 &1 8 LR 24, A RNA FY) —
G RN = AR AL AR O3 R BT AT SRR AL Rl
G LIRS 0T 2T i R R AE . U8, SE g IR ]
WHETEZ W R 50T BA B B &
SRR X — By BU A 0 OCHE R TE T Al kg
A AT ZR B T AE T 50 A & K A A RNA 97
G5 2505 B, A4 = 45 B r 5 TN Y B M S
FREE
3.2 RIENDFHFIE

fE RNA ER s A s U 2 5, T —
At [l 25 I R T K A Ak Ak A L TR SR /N g3
FHAFHE S RNA &5 4, B CHF 22/ 53 + A 15
A



% 5 *

FLE L ANTHARAERNA Z 425 M TAm 5 RNA A8 ZAE R ¢4 5 A

% 63 %

Bl 4, RNAmigos K RNA {7 s 1) J5 5 45 #4
FEoR g H8 5 B KL TE X 4%, O T8 3 1 e 28 ) 4% 2
2% A5 K R 5N 43 T REAE Z 8] OC &R
7T 0000 7 A6 A5 T BB AR A N Ay o % TAER
RNA g mEbP e 2 T, 00 H T /AR
S5 0 0 g ) AR R . 7R IERE B RNAmI-
gos2 T HE — Al ax — SV I i B 3L S50 1 kR
P EAT 55 . % 4SS BB = 4 e A
BCECHE 08 5 RNA FR 5 1 W B 2 ), B RE
RNA 48 (1 25 #6) 2 75 X 468 3 43 P 320 47 PR 33 HE
J¥, T AR T B A 38 43 3% — HEAT AL G 4 T R
27 AR 3 R AR B A Y [ ), O T A
TE g S Uk R

W3t 22 A L 3 4 59 RN Asmol ™ I A 5 — i Y
RNA-/ING 7 AH B AR 10000 1 5 % 38 ok G 2
B RNA L AE 5 /07 7 B RE X RNA-/N 3 %)
HEAT AR EAE FHAT 43, OF 3 — 20 SRR KRB i 32 43
TR A5 1% . RN Asmol AN 25 45 ¥ by A B a] 7=
A AT RETI , IF RT3 A 2 R 25 M it
3.3 RNA- NS FHEEREKXTN S FEMATRE

FEAGE BE /NG W O 0 22 5, DOk — 25 B )
RNA-/INGF 45 A 8T, 5 538 T P74 3 9 4
LA )
3.3.1 RNA-/MpFEEEXTN

TELS AR T |, % G2 43— X 422 38 8 25 2y [F]
— RNA/NF R F AR R i 6 2225 (pose) , fH Y
T RNA B JRi e M R 2 4%, &84T 5
BRSO A X AR PR3 T SRR AS I IE A
R, J5 22 0 98 I 16 A6 X2 5, )R AR i 3 42
A HEATEORAT 43, DA AT R0 0 8 11 I AR A

X — 7 ] () BN TE TR A A i R A
7 E T U] DA a3 28 i 3 45 B v, U531 BT 4 G B S
E A A IEMMES . RNAPosers'™ i B 45 h
B, BRI RNAN PR BB LR N —
i g A5 4 a0, o B AN T AR s A LY R
RNA 855 9 2t 5 4 I 1 JORFAE , PR 40 A U~ 2
B YRR R R B S R BLAS 2% 20 4 25 2% 1)
AR AR B R B SR LA A5
SPRank " W 2R F 5 — A L% . B A& LAl Rl —
AN B HT 43 bR B, T SR R0 R R AT A S AL AR 2 2
AT 4568k IFBC G 55 = J5 X Bk X 32 1%
BC /A FT RNA M 8 & A7 R . 5 AU —
2555 FT 43 oA 50 AH B L 53X — 7 RO 1 U B

AN B K G2 HEAT W AR VT A3, T R 20 R A
GELRNGE T2 2] AR X o ok L AS AT F B HE T
DRI B3 A T RNA-/ZN G 7 06 82 5 il 2825 40 331
H5®ET45r

B TR TS B0 S AT SR Re A, AR Ok
A5 WIF 5 FF b 6 1 A5 R B T f Bk . il N, Szule
N RNAN T FE AW B S -n e S5
A S0 A0 EAE D 2 R 45 0 B AR 4 20 (STFOD , I
454 SHAP LIME % Z % ] figg B AT )5 1 53 B 15
RIS AR o s T AR A9 B S ASTE T4 B Y
g5 A TNV AR T AR BRSO AT 4 S E
HE X RE Y 45 TR0
3.3.2 FEMAEM

TERAF R G a5 A B2 )5 1 58 48 AU
— A B i) E R ), B — X RNA /NPT I 45 45
BEAnfar o B OC AR 2 40N T 1T YRR AR A
&G L A% 27 > LA SRS 3l o RNA B9 7 51 41 5%
FEME LA S /N a3 0 5 40 5 00 1 A A B TR 45 6 R
L WG X — 7 B ) AR R A
W) = 4 S5 PEAT HE A . RLaffinity! ™ RNA 148
5N 3RoR R S HE g5 R A, R 3D-CNN i
W25 45 25 F0 Hy I 45 4 3 He 2 ) 3R 3h i [ W T
Y2 s RAERE J) o SCI 45 R WY, 5 Ry i B Y
P AR iR T SR L 7 5 IR v T R
TR 2% fE 0% 38 5 [ o 9l 2k RNA 48 114 48 14 %5 [
WBE 5 R EB AR AL AT R A5 B, DT T S A
MYERE . TN & 6 FF 2%, DeepRSMA ™ U] WA 2 51) A1
45 0 PSP Ff L BB R AE RNA 5 /87y 7, JF il
i 3 F Transformer F cross-fusion # #t | 75 #% ¢
i3 - J5 - 2 T R B 3 A IR 52 L, AT 4 T o
A B ERE . BRI E X — B B AL,
IEARAUANLAE F 450 52 2% F (19 AN W7 482 o5, i 7 1 2
BT G, 2 A N T AIF 5 1) = A &5 A4y K 40 ks
FHEAE S S .

B2 RNA-/NT M B A B, W 55 45 A
F1 4% 55 07 S0 A 5 43 7 O 3 L 45 G A5 o T
535 T 1 VAR 45 G HEAT 55, JE RNA = 4 25 14 1
P Dl < B N 1 B W 1 2 i 273y s G N O 1IN
R, FEARIAE ATEEBIRE S i $2 T+ b, B AR
TN TR AR R 26 56 R U] 1 9 2 i | 3% 4B i ) B
A FH 78 458 S BAE A B0 & Gk A
FEZE

1161



% 63 %

Wl K&

FROAKAFIR)

‘ RNAJF51 SMILES
"
RNABAE FEBCHE: JNAS T A S BE
‘ A&l RNA-FMTI|£5:31iF S FEED) | SMILES A
wsm|  lemmal | @M@i l?ﬂm%
| GAT%if% % ‘ | 1ID-CNN ‘ ‘ GCN it ge ‘ ‘ Transformer ‘
‘ B A B A
. B = L =
28 SRS (Cross-Fusion)
B e T e

FRAN TR
SRR

LA A

B 6 DeepRSMA :7 42 #
Fig.6 Overview of the DeepRSMA framework

FR . BRTS , ATIEAE B0 3% $2 RNA JP 51 45

4 PEERE

ARG T N THGETE RNA = 4E 251
M RNA-ZE [ AE LK RNA-/NGF T HAESE 3
ASD7 I RE ST R . BRI BB
H B — AT 45 BR Sl AR, S 1) 45 4 - AR - B — 1Rk
HBL, fE RNA = e85 W oy w4 0 T
ST R S R BeAL s m A8 g7 ik B B AL
TR S B A5 AL, 24 oA B0 AR il B i vk R
Bzt 2 A bR i i 3 0 7 2 R R SRR . T
Uik H BB S P SRR T RNA 2589 04
A PR AT R (1 24, B AT] BE T8 AR R RS T 5 A
L HEAT AW A S DT A 5 R T T
B RRIE R

16 RNA-H H AR @By |, F 5 0o 2 &
SEA -TEWR S A - 25 G I U TR A, DA S
T TR AE A 2L R B AR B0 R A R R B I 1 2
B A5 R 1 s B e O . R I 2R R AR 5
BEARZE ST gL, B4R T T AL P RE

TE RNA-/NFF HAE T I, AL v6 2 9z F 3
SE A VAR A 3 oy O B 45 G S T K ok
7 PEA X = AT 55, B X 4 b il R
N THRAE 3% A5 B 1) = 2k 25 b B 4ok B A A
1162

¥ 43 F R0 5 D Re g b 0 B R R A

JUE LR WEAY © BT 3 R i I AT i
I % i 22 Pkl . B0, e T O B = R 2
DV RE AR T 0 R0 ) . AR TR AR R
RNA =4 2545 & RNA-/INy 15 4 W) 10 5256 i b
PR ATE R R A B o [ B B R R B S — B
BEAR 43 A7 i A7 2 1) L, i — 2B ) 55 TR R 2
fLRE 1. Hok, B 55 R 7E A B K BE RNA | £ 4
RNA FFR RNA LK = 2 RNA-/NF TR R 1
TR B A A R o O L, AT B 3 58 47 76 n]
it Tk AN L A TR L A T 43 98 s 0 45 1 S
B4 T B ML o R b, el B o 5 s B Bl A
5 B 24 o )0 O R AT R ROk A R
Ty

BEXE b A n) 8, SRR W WE 58 1 T BE AT LA R
JUAS 1) A B R AR RNA B i) /N3 T3 iy
N AT ST R o DAY OB AL AR 5y [ g 5 2 55 Ol
fRFR ik, vl LULAE 45 8 RNA B & F , B4
JEL AT VAR S5 A BB T A Ak 4 7, DT A Bl F 5
e 40 1, iR TR AR . 2) ZRE S 21T
% B A dEAE, T LATE G —HESE T [ B Ak B RNA 45
FFI , B2 RNA 588 (15 /N 7 10 BAE A, 5



%54 &, F

AN L% 4 2 RNA = 445 #3055 RNA A8 ZAF R + 49 5 R

% 63 %

NP 30 45 4 B 52 A W 45 4 00 P ) B . X
T A 32 B ME AR T, AN [R) A8 55 100 550 40 R A 12
B 22 R K, 5 — R 5 B I 2R AR .
Aok ] 3 i I B2 RAE AT S5 1Al A ORI B o
2], B TR N RE AR AT S5 i iz A RE T
3) RNA JEah KA ) R 22 K e ¥k T AT 55 42
PR Y RAE 256 A B = 5B,
AJ DAk — 20 2% g A T AR S 2 Y TR L (AR T
(2, LA RNAE 5 8L 2 LLUF 51 E 2 A,
X =2 S5 ke AR OV A S0 20 m AT AR A BR .
4) Ja B 51 A SR BRI 25 B bR I 7 KA
A TN 2R FERE Ll & 250 5 B AEBE , DL TR
B X RNA 2 8] 44 42 143 F 33 51 B R AE 6E 77«
5 AR BN TR L MGl A KA B T8 7R 15
YK 5 RNA G0 PO HL I 22 18] 59 Y 7R3 &R, 1
S AR RN B Y AT A B R O S SR S B0 UE 5 24
Pt 4Rt LS e 5. BEE N TR
e 77155 RNAEY =R A 45 & AW, RNA
GERR R AT T RE TR K RNA ¥ ] 25 4 % PR 45 )7 [h]
Wk — R R .

S E 3Lk

[1] Mandal M, Boese B, Barrick J E, ez al. Ribo-
switches control fundamental biochemical pathways
in Bacillus subtilis and other bacteria [J]. Cell,
2003, 113(5): 577-586.

[2]  Wang Y, Ludwig J, Schuberth C, e al. Structural
and functional insights into 5'-ppp RNA pattern rec-
ognition by the innate immune receptor RIG-1[J].
Nat Struct Mol Biol, 2010, 17(7): 781-787.

[3] OuX, Zhang Y, Xiong Y, et al. Advances in RNA
3D structure prediction [J]. J Chem Inf Model,
2022, 62(23): 5862-5874.

[4] Hentze M W, Sommerkamp P, Ravi V, et al. Re-
thinking RNA-binding proteins: Riboregulation chal-
lenges prevailing views [J]. Cell, 2025, 188 (18) :
4811-4827.

[5] Miao W, Porter D F, Lopez-Pajares V, et al. Regu-
lation of RNA-binding proteins by small biomol-
ecules [J]. Nat Rev Mol Cell Biol, 2026, 27 (3) :
213-233.

[6] Mandal M, Breaker R R. Gene regulation by ribo-
switches [ J]. Nat Rev Mol Cell Biol, 2004, 5(6) :
451-463.

[7]  Serganov A, Nudler E. A decade of riboswitches[ J].
Cell, 2013, 152(1/2): 17-24.

(8]

[10]

[11]

[12]

[14]

[16]

[17]

[19]

[20]

[21]

Mukherjee N, Wessels H-H, Lebedeva S, ez al. De-
ciphering human ribonucleoprotein regulatory net-
works [ J]. Nucleic Acids Res, 2019, 47(2): 570-
581.
Yoneyama M, Kato H, Fujita T. Physiological func-
tions of RIG-I-like receptors [J]. Immunity, 2024,
57(4): 731-751.
Scotti M M, Swanson M S. RNA mis-splicing in dis-
ease [J]. Nat Rev Genet, 2016, 17(1): 19-32.
Nemeth K, Bayraktar R, Ferracin M, es al. Non-
coding RNAs in disease: From mechanisms to thera-
peutics [J]. Nat Rev Genet, 2024, 25(3): 211-232.
Gebauer F, Schwarzl T, Valcarcel J, er al. RNA-
binding proteins in human genetic disease [J]. Nat
Rev Genet, 2021, 22(3): 185-198.
Yu A M, Choi Y H, TuM J. RNA drugs and RNA
targets for small molecules: principles, progress,
and challenges [J]. Pharmacol Rev, 2020, 72 (4) :
862-898.
Amiri A, Barreto G, Sathyapalan T, et a/. siRNA
therapeutics: Future promise for neurodegenerative
diseases [ J]. Curr Neuropharmacol, 2021, 19(11) .
1896-1911.
Chawra H S, Agarwal M, Mishra A, er al. mi-
croRNA-21" s role in PTEN suppression and PI3K/
AKT activation: Implications for cancer biology[J].
Pathol Res Pract, 2024, 254: 155091.
Kovachka S, Panosetti M, Grimaldi B, ez a/. Small
molecule approaches to targeting RNA [J]. Nat Rev
Chem, 2024, 8(2): 120-135.
Zhu'Y, Zhu L, Wang X, et al/. RNA-based therapeu-
tics: an overview and prospectus [J]. Cell Death
Dis, 2022, 13(7): 644.
Childs-Disney J L., Yang X, Gibaut Q M R, ez al.
Targeting RNA structures with small molecules[J].
Nat Rev Drug Discov, 2022, 21(10): 736-762.
Lan W, Dong Y, Chen Q, et a/. KGANCDA: Pre-
dicting circRNA-disease associations based on knowl-
edge graph attention network [J]. Brief Bioinform,
2022, 23: bbab494.
Lan W, Li C, Chen Q, et al. LGCDA': Predicting
CircRNA-disease association based on fusion of local
and global features [J]. IEEE/ACM Trans Comput
Biol And Bioinf, 2024, 21(5): 1413-1422.
Lan W, Dong Y, Chen Q, ez a/. IGNSCDA: Pre-
dicting CircRNA-disease associations based on im-
proved graph convolutional network and negative
sampling [J]. IEEE/ACM Trans Comput Biol And
1163



% 63 %

W KFFHROBRHFRR) % 5H

[23]

[24]

[26]

[27]

[28]

[29]

[31]

[32]

[33]

Bioinf, 2022, 19(6): 3530-3538.

Varadi M, Anyango S, Deshpande M, ez al. Alpha-
Fold Protein Structure Database: massively expand-
ing the structural coverage of protein-sequence space
with high-accuracy models [J]. Nucleic Acids Res,
2022, 50(D1): D439-D444.

Minkyung B, Frank D, Ivan A, ez al. Accurate pre-
diction of protein structures and interactions using a
three-track neural network [J]. Science, 2021,
373(6557): 871-876.

Lam JH, Li1Y, Zhu L, ez al. A deep learning frame-
work to predict binding preference of RNA constitu-
ents on protein surface [J]. Nat Commun, 2019, 10:
4941.

Baek M, McHugh R, Anishchenko I, er a/. Accu-
rate prediction of protein-nucleic acid complexes us-
ing RoseTTAFoldNA [J]. Nat Methods, 2024,
21C1: 117-121.

Abramson J, Adler J, Dunger J, et al. Accurate
structure prediction of biomolecular interactions with
AlphaFold 3 [J]. Nature, 2024, 630(8016): 493-500.
Yu H, Qi Y, Ding Y. Deep learning in RNA struc-
ture studies [J]. Front Mol Biosci, 2022, 9:
869601.

Liu X, Duan Y, Hong X, er al. Challenges in struc-
tural modeling of RNA-protein interactions [J]. Curr
Opin Struct Biol, 2023, 81: 102623.

Basu S, YuJ, Kihara D, er al. Twenty years of ad-
vances in prediction of nucleic acid-binding residues
in protein sequences [J]. Brief Bioinform, 2024, 26:
bbaf016.

Cai Z, Ma H, Ye F, et al. Discovery of RNA-
targeting small molecules: Challenges and future di-
rections [J]. MedComm, 2025, 6(9): e70342.
Popenda M, Szachniuk M, Antczak M, et al. Auto-
mated 3D structure composition for large RNAs [J].
Nucleic Acids Res, 2012, 40(14): el12.

Xu X, Zhao P, Chen S J. Viold: A web server for
RNA structure and folding thermodynamics predic-
tion [J]. PLoS One, 2014, 9(9): e107504.

Cheng Y, Zhang S, Xu X, et a/l. Viold2D-MC: A
physics-based hybrid model for predicting RNA sec-
ondary structure folding [J]. J Phys Chem B, 2021,
125(36): 10108-10118.

Wang J, Wang J, Huang Y, ez a/. 3dRNA v2.0:
An updated web server for RNA 3D structure predic-
tion [J]. Int J Mol Sci, 2019, 20(17): 4116.

Nithin C, Kmiecik S, Blaszczyk R, er a/. Compara-

[36]

[37]

[40]

[41]

[43]

[44]

tive analysis of RNA 3D structure prediction meth-
ods: Towards enhanced modeling of RNA-ligand in-
teractions [J]. Nucleic Acids Res, 2024, 52 (13) :
7465-7486.

Zhang T, Hu G, Yang Y, et al. All-atom
knowledge-based potential for RNA structure dis-
crimination based on the distance-scaled finite ideal-
gas reference state [J]. J Comput Biol, 2020,
27(6): 856-867.

Tan Y 1L, Wang X, Shi Y Z, et al. rsRNASP: a
residue-separation-based statistical potential for RNA
3D structure evaluation [J]. Biophys J, 2022,
121(1): 142-156.

Zhao Y, Wang J, Zeng C, et al. Evaluation of RNA
secondary structure prediction for both base-pairing
and topology [J]. 2018, 4 (3) :
123-132.

Singh J, Hanson J, Paliwal K, ef a/. RNA secondary

Biophys Rep,

structure prediction using an ensemble of two-
dimensional deep neural networks and transfer learn-
ing [J]. Nat Commun, 2019, 10: 5407.

Singh J, Paliwal K, Litfin T, e al. Predicting RNA
distance-based contact maps by integrated deep learn-
ing on physics-inferred secondary structure and
evolutionary-derived mutational coupling [J]. Bioin-
formatics, 2022, 38(16): 3900-3910.

Mukherjee S, Moafinejad S N, Badepally N G, et
al. Advances in the field of RNA 3D structure predic-
tion and modeling, with purely theoretical ap-
proaches, and with the use of experimental data [J].
Structure, 2024, 32(11): 1860-1876.

Sha C M, Wang J, Dokholyan N V. Predicting 3D
RNA structure from the nucleotide sequence using
Euclidean neural networks [J]. Biophys J, 2024,
123(17): 2671-2681.

Wang W, Feng C, Han R, ez al. trRosettaRNA :
Automated prediction of RNA 3D structure with
transformer network [J]. Nat Commun, 2023, 14:
7266.

Jumper J, Evans R, Pritzel A, et a/. Highly accurate
protein structure prediction with AlphaFold [J]. Na-
ture, 2021, 596(7873): 583-589.

Bernard C, Postic G, Ghannay S, ez a/. State-of-the-
RNArt: Benchmarking current methods for RNA 3D
structure prediction [J]. NAR Genom Bioinform,
2024, 6(2): lqac048.

Kagaya Y, Zhang Z, Ibtehaz N, ez a/. NuFold: End-

to-end approach for RNA tertiary structure prediction



F AR FAIFRAERNAZLLEMTAMNS RNAASZAER T 65 5

% 63 %

[47]

[50]

[51]

[52]

[54]

[55]

[57]

with flexible nucleobase center representation [J].
Nat Commun, 2025, 16: 881.

LiY, Zhang C, Feng C, et al. Integrating end-to-
end learning with deep geometrical potentials for ab
initio RNA structure prediction [J]. Nat Commun,
2023, 14: 5745.

Shen T, Hu Z, Sun S, et al. Accurate RNA 3D
structure prediction using a language model-based
deep learning approach [J]. Nat Methods, 2024,
21(12): 2287-2298.

Magnus M, Antczak M, Zok T, et al. RNA-Puzzles
toolkit: A computational resource of RNA 3D struc-
ture benchmark datasets, structure manipulation,
and evaluation tools [J]. Nucleic Acids Res, 2020,
48(2): 576-588.

Wang N, Bian J, Li Y, er a/. Multi-purpose RNA
language modelling with motif-aware pretraining and
type-guided fine-tuning [J]. Nat Mach Intell, 2024,
6(5): 548-557.

Peni¢ R J, Vlasi¢ T, Huber R G, ez a/. RINALMo:
general-purpose RNA language models can general-
ize well on structure prediction tasks [J]. Nat Com-
mun, 2025, 16: 5671.

Das R, Kretsch R C, Simpkin A J, ez al. Assess-
ment of three-dimensional RNA structure prediction
in CASP15 [J]. Proteins Struct Funct Bioinform,
2023, 91(12): 1747-1770.

Kretsch R C, Hummer A M, He S, es al. Assess-
ment of nucleic acid structure prediction in
CASP16 [J]. Proteins: Structure, Function, and
Bioinformatics, 2026, 94(1): 192-217.

Krautwurst S, Lamkiewicz K. RNA-protein interac-
tion prediction without high-throughput data: An
overview and benchmark of in si/ico tools [J]. Com-
put Struct Biotechnol J, 2024, 23: 4036-4046.
Muppirala U K, Honavar V G, Dobbs D. Predicting
RNA-protein interactions using only sequence infor-
mation [ J]. BMC Bioinform, 2011, 12: 489.

LuQ, Ren S, LuM, et al. Computational prediction
of associations between long non-coding RNAs and
proteins [J]. BMC Genom, 2013, 14: 651.
Akbaripour-Elahabad M, Zahiri J, Rafeh R, et al.
rpiCOOL: A tool for in Silico RNA-protein interac-
tion detection using random forest [J]. J Theor Biol,
2016, 402: 1-8.

Cheng Z, Huang K, Wang Y, ez al. Selecting high-
quality negative samples for effectively predicting
protein-RNA interactions [J]. BMC Syst Biol,
2017, 11(S2): 9.

[59]

[60]

[61]

[62]

[63]

[66]

[67]

[69]

[70]

Alipanahi B, Delong A, Weirauch M T, ez al. Pre-
dicting the sequence specificities of DNA- and RNA-
binding proteins by deep learning [J]. Nat Biotech-
nol, 2015, 33(8): 831-838.

Azizian S, Cui J. DeepMiRBP: A hybrid model for
predicting microRNA-protein interactions based on
transfer learning and cosine similarity [J]. BMC Bio-
inform, 2024, 25. 381.

Gao Y, Shi R, Yu G, et al. ZeRPI: A graph neural
network model for zero-shot prediction of RNA-
protein interactions [J]. Methods, 2025, 235:
45-52.

Guan J, Yao L, Xie P, ez al. Graph-RPI: Predicting
RNA-protein interactions via graph autoencoder and
self-supervised learning strategies [J]. Briel Bioin-
form, 2025, 26(3): bbaf292.

Abir A R, Toki Tahmid M, Bayzid M S. BioLLM-
Net: Enhancing RNA-interaction prediction with a
specialized cross-LLLM transformation network [J].
Brief Bioinform, 2025, 26(5): bbaf549.

Gan L, Wang X, Zhou Y, et al. Protein-binding
RNA  prediction based on
structure-function pre-training[J]. IEEE Trans Com-
put Biol Bioinform, 2025, 22(4): 1441-1452.

Li G, Jiang F, Zhu J, et a/. HydraRNA: A hybrid
based full-length RNA
model [J]. Genome Biol, 2025, 26: 383.

Lan W, Tang Z, Liu M, et al. The large language

integrated sequence-

architecture language

models on biomedical data analysis: A survey [J].
IEEE J Biomed Health Inform, 2025, 29(6) : 4486-
4497.

Liu H, Jian Y, Zeng C, et al. RNA-protein interac-
tion prediction using network-guided deep learning [ J].
Commun Biol, 2025, 8. 247.

Agarwal A, Singh K, Kant S, ez a/. A comparative
analysis of machine learning classifiers for predicting
protein-binding nucleotides in RNA sequences [J].
Comput Struct Biotechnol J, 2022, 20: 3195-3207.
Avsec 7, Barekatain M, Cheng J, et al. Modeling
positional effects of regulatory sequences with spline
transformations increases prediction accuracy of deep
neural networks [J]. Bioinformatics, 2018, 34(8) :
1261-1269.

Deng L, LiuY, Shi Y, e al. Deep neural networks
for inferring binding sites of RNA-binding proteins by
using distributed representations of RNA primary se-
quence and secondary structure [J]. BMC Genom-
ics, 2020, 21(Supp. 13): 866.

Du Z, Xiao X, Uversky V N. DeepA-RBPBS: A

1165



% 63 %

W KFFHROBRHFRR) % 5H

(72]

[74]

[75]

[80]

[81]

[82]

1166

hybrid convolution and recurrent neural network com-
bined with attention mechanism for predicting RBP
binding site[J]. J Biomol Struct Dyn, 2022, 40(9) .
4250-4258.

JiaC, Bi1Y, ChenlJ, et al. PASSION: An ensemble
neural network approach for identifying the binding
sites of RBPs on circRNAs [J].
2020, 36(15): 4276-4282.
Lasantha D, Vidanagamachchi S, Nallaperuma S.

Bioinformatics,

CRIECNN: Ensemble convolutional neural network
and advanced feature extraction methods for the pre-
cise forecasting of circRNA-RBP binding sites [J].
Comput Biol Med, 2024, 174: 108466.

Cao C, Wang C, Dai Q, et al. CRBPSA: CircRNA-
RBP interaction sites identification using sequence
structural attention model [J]. BMC Biol, 2024,
22: 260.

Jeong E, Chung I-F, Miyano S. A neural network
method for identification of RNA-interacting residues
in protein [J]. Genome Inform, 15(1): 105-116.
Huang Y F, Chiu L-Y, Huang C-C, ez al. Predict-
ing RNA-binding residues from evolutionary informa-
tion and sequence conservation [J]. BMC Genom,
2010, 11(Supp. 4): S2.

Li P, Liu Z P. PST-PRNA: Prediction of RNA-
binding sites using protein surface topography and
deep learning [J]. Bioinformatics, 2022, 38 (8) :
2162-2168.

Zheng J, Kundrotas P J, Vakser 1 A, et al.
Template-based modeling of protein-RNA interac-
tions [J]. PLoS Comput Biol, 2016, 12 (9) .
€1005120.

Tuszynska I, Magnus M, Jonak K, ez a/. NPDock:
A web server for protein-nucleic acid docking [J].
Nucleic Acids Res, 2015, 43(W1): W425-W430.
Yan Y, Zhang D, Zhou P, er a/. HDOCK: A web
server for protein-protein and protein-DNA/RNA
docking based on a hybrid strategy [ J]. Nucleic Acids
Res, 2017, 45(W1): W365-W373.

Zheng J, Hong X, XieJ, et al. PSDOCK: A protein-
RNA docking webserver based on template-based
docking [J].
2020, 36(1): 96-103.

Xie J, Frank A T. Mining for ligandable cavities in
RNA [J]. ACS Med Chem Lett, 2021, 12 (6) :
928-934.

Wang J, Quan L, Jin Z, er a/. MultiModRLBP: A

deep learning approach for multi-modal RNA-small

and template-free Bioinformatics,

molecule ligand binding sites prediction [J]. IEEE J

[84]

[86]

[87]

[88]

[92]

Biomed Health Inform, 2024, 28(8): 4995-5006.
Sun S, Yang J, Gao L, et al. RNA language model
and graph attention network for RNA and small mol-
ecule binding sites prediction [J]. Bioinformatics,
2025, 41(9): btafd47.

Chen S, Huang Z, Wang Y, et a/. MVRBind: multi-
view learning for RNA-small molecule binding site
prediction [J]. Brief Bioinform, 2025, 26 (5) :
bbafd89.

Oliver C, Mallet V, Gendron R S, ez al. Augmented
base pairing networks encode RNA-small molecule
binding preferences [J]. Nucleic Acids Res, 2020,
48(14): 7690-7699.

Carvajal-Patino J G, Mallet V, Becerra D, et al.
RNAmigos2: Accelerated structure-based RNA vir-
tual screening with deep graph learning [J]. Nat
Commun, 2025, 16: 2799.

Ma H, Gao L., Jin Y, et al. RNA-ligand interaction
scoring via data perturbation and augmentation mod-
eling [J]. Nat Comput Sci, 2025, 5(8): 648-660.
Chhabra S, Xie J, Frank A T. RNAPosers: Ma-
chine learning classifiers for ribonucleic acid-ligand
poses[J]. J Phys Chem B, 2020, 124 (22) : 4436-
4445.

Zhou Y, Jiang Y, Chen S J. SPRank A
knowledge-based scoring function for RNA-ligand

pose prediction and virtual screening [J]. J Chem
Theory Comput, 2024(12): 4c00681.

Szule N A, Mackiewicz Z, Bujnicki J M, ez al.
Structural interaction fingerprints and machine learn-
ing for predicting and explaining binding of small mol-
ecule ligands to RNA [J]. Brief Bioinform, 2023, 24
(4): bbad187.

Krishnan S R, Roy A, Gromiha M M. Reliable
method for predicting the binding affinity of RNA-
machine

25 (2)

small ~ molecule interactions  using

learning [J]. Brief Bioinform, 2024,
bbae002.

Sun S, Gao L. Contrastive pre-training and 3D con-
volution neural network for RNA and small molecule
binding affinity prediction [J]. Bioinformatics, 2024,
40(4): btaeld5.

Huang Z, Wang Y, Chen S, ez al. DeepRSMA: A
cross-fusion-based deep learning method for RNA-
small molecule binding affinity prediction [J]. Bioin-

formatics, 2024, 40(12): btae678.

(REHE: mDE)



