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Abstract

Predicting the interaction sites between circular RNA (circRNA) and RNA-binding proteins (RBPs)
is of significant importance for deciphering disease regulatory mechanisms and developing novel
therapeutic targets. With the increasing accumulation and availability of genome-wide circRNA
binding event data for computational analysis, computational models have become mainstream
tools for efficiently predicting circRNA-RBP interaction sites. However, enhancing prediction accu-
racy by effectively extracting multi-scale features of circRNA remains a key challenge in this field.
To address this issue, this study proposes a deep learning model named SSAL, which can accurately
predict circRNA-RBP interaction sites on large-scale datasets. The core modules of this model in-
clude: first, systematic extraction of circRNA sequence features and secondary structure features;
Subsequently, an attention mechanism was employed to fuse multi-scale sequence features. To en-
hance model stability and generalization capability, we constructed an ensemble learning frame-
work that integrates predictions from multiple sub-models, effectively mitigating the errors and
randomness inherent in individual models. To validate the performance of SSAL, we conducted
comprehensive evaluations on 14 large-scale circRNA datasets and compared it with current main-
stream methods. The results demonstrate that SSAL achieved an average AUC of 97.66%, not only
fully confirming its advantages in efficiency and robustness but also surpassing all comparison
methods in prediction accuracy.
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1. 53|

PR RNA (CircRNA) & — 8l i [a) Y45 i i) 3540 P& PR RS RNA. BT 455k = 5'iiE
T 373 poly (A), XFHFFPEIRT 1 circRNA s A e, HH e Pt/ UL B (1) P4 A% [1] - circRNA
EEZMMER ) ZRE, BAESHREE. FARTROREEE SR, TonE LA BB EY ¥ IhEE
[2] circRNA JEid £ MLH RIEER : 1/F 8 miRNA 45, ST LS5 Mo a0 i b5 . iz o 5% 5% Ktk
ST 2555 2 Mg s3] teAk, #5) circRNA B & SE AR RIRE 77, IR SR gt T et 2 F1 4]
AT, RNA FIZhEES RNA Z&EARBPS)EVIMHK, EHE—RK) TS HERNEF ST, HH RN
RNA N T, #i8 KBRS R AR . circRNA & RBP RIEREINAEM £ 2 RNA #fr2 —[5]-[7].
R, PRAHEFE circRNA-RBP A ELAE AL A, X T [t B8 RE S50 (1 A ML . JF B B R 97 I i DA K%
U R 8 MBS TE R AR bR S B B X[8]-[10].

B mE R T HE AR D, RNA-RBP 456 07 s 3R FERR AR S, RiE S Bse 7 56mt . ARS8k
#EKE T CIRCpedia. CircR2Disease }% Circinteractome [11]-[14]. 7EMF 5T, Zhang Z5 A\ T 2019 42
H7 CRIP #AI[15], ZAR AR HE S %A 7R REGI AR RNA 751400 . I8t B & BB
2% (CNN) 57532 W 25 (RNN) IR & 2844, CRIP A i 17 8 N F R ikt 5 K2 B R s 8,
RERTE T INERE . SZIREES SIEAEE B USRI R K, A Jia S AJFRK T PASSION J5ik
[16]. HAZOOUFIE THEH T 6 RARFIE L FR SENE J1 455 XGBoost 5%, M /SFhgmhis 77 & Hh ik th £z 2L 9%
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W AR P45, MTTALEE 7 7URME BT, 7EUk3Eat ., PASSION FiIF VR & #1454 5 T ik 5
HEHEATIR Z RS, SO T ks P A7 05 70 . 2021 4E, Yang HIPA#EH T iCircRBP-DHN #i%4[17], ZAE
BRGE G T AR TG 56 (BIGRU) 51 B MU, M8 T IREE 2 REEFR ZEM %%, A 83K 7 A JZZH
T2 BRI - 2022 4, Niu 58 A$2H 7 CRBPDL #44[18], IR EE 2 RFER 2 M 45 (MSRN)F1 BIGRU
FAEFF ), FKH Adaboost SRS RAL T EE K . [F4F, Yang %542 H ¥ HCRNet [19]R A T IR BEI 2%
LR 28 20, d e [R5 (1 23 () S5 MR S B At , & 3858 T circRNA 25 & S5 AR 1R 5l
KGR 2023 4, I 7C A AE AT TAESERE b, @ 51 N R SHLHI% iCircRBP-DHN #4317 1 &
R GEE[20] o 1 BIHE AR GEAE B I R 2% 2] 1541 H AN [R) A7 BRFAIE 0 B LA, DT SRS 7 Al R DG B 25
AR, SRR AL Rt T BRI HE .

RGO 7L I RAFROR, BAFEE TR . B, 2807740 circRNA ) —4E
AT SIE NN, KA BRI ERRE, M4EE RIS B TR RS A& B eEE. F
SRSk AL SR TN RNA 1) =4 45849[21]-[23], (HAZBR- TS5 MRS ek, 102875 30l i T s 1 AR Bk ik
HARZER R hAh, 1% 7 VELE I PR A0 (A= Wb S5 40 R B0 -5 4 1) 259 ) 7 T ) SE B BT iR PR o e
W, BUA AR BE 7S 0 12 30 AN FRRAE (R IR 2 05 Bk . ZYRRFIEAR AR B T 70, BRZ RO oS
A, FEGHEM P EAMESRIE AL, HTHIEE T I HrERE[24]-[26].

S AL LR 5 circRNA-RBP A TLAE FHAT &5, AT Rt 5230 T SSAL HHEREAY . RS E MY Y
B, MR ZYEREREUE R — SRR D . BT B A 8] B D T AR R B 5 R
3 — 771 F|F CDPfold A4 i RNA BCEERC 0T 46 B LA PR S5 MR- AIE . A R G IX B8 A RFAE, SSAL 51
R IIWLEIEAT 2 REERHERIAS B R G, (R RERS [ IE N 2% STR BRI OC R o BE S5 IR IE 4 i A
OV PRI A A B, AR ERAE R T 22 2 B AIHL(MLP) 5 Softmax p& 8, R 5 K 1 AR £kt m i g Jr HEATIR
FEAYHT, I % ANMZ RO 455 RBP 45 & (1 Tl A%

SEEGEE R R, SSAL AR TR A S450(5 8. NIRTHZALRE ), AT TE T2 A8
MR, 7F 14 AN RBEESE BB 2 YIRS R Bk, SSAL RILHEIM, T AUC {HEX
99.7%, EEMT LT ER ik, XFRALEZ MHOLNREFRBE] T IAE, FOMEH 7B R E .
e, ASOGTSE Rl AT T Al Ab B . 25 BRTIR, SSAL 2 — . B4 circRNA-RBP 45447
ATTIASE A

2.

SSAL AR SR 1 Fos . HA OB B USSR AL B, R B T AR G A T AR
B RXDUAMREBII I P AR ALSRIBURER . SEARAE SRR B . R Rl i LA B S0 A R
T ORI B 0RE PEARS ZH R AR BT SR 2 HL D RE S

2.1. BIESE

A 7T B SEBEE R IR E - Circinteractome %4 & (URL: https://circinteractome.nia.nih.gov/) [27] [28]. %
Bl PEAR AL 7 37 NAAHIFRIR RNA-RBP AH EAE &S, R I 2k 5 1P 5E5E 1 n] 5 A8
fille 9 7 W OREE i & IEBT L TUR A SN NN ZRR 2, ASCESRRH CO-HIT LR A #ds k17 1
TAb s . @ B G E AR RE, SRR B R P51 . 20l ks £ BRI, HL3R1E 32,216 s &
JiiE: circRNA-RBP AHE/F I #d . X EEREA T 7 2 Fh circRNA 881 S H M ) RBP 456515 8, #K
TR EERHERR IS BRI SRRz O8RS . BEE, BEEUEES CLIP-seq ¥ UE{H (peaks) JF iE o7 28 AH S ) 45 &
B el RIOEAE AT RIS 50 MEZHIR, A RKE 101 MZHERI circRNA FrBt[29] [30]. IE
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FEAKIE T AL S AL R, AUREAR AR ZIE R circRNA Fr B b BENLIII . Do (R & 427
iy, IEPEARLEBIZERAE 11, FEACHS 1) 37 Nl AT 14 MBI R 4L (A &
YJiEId 20,000 2%). IX S R TIPS AR (PR RE, OF 5 A A AT 0 BB, 31X 14 ML
PRARIVEANE Bk 1.

Multi-Head

o . ! Attention !
'l mm T e (W H H
{1 mEmroo - oo : ; Linear :
E E Spaced codon encoding gencat E
‘i 3 [ H s
E é :%iugi/_/, BEEES ; E Attention E Att out
é i Codon stacking encoding % s E
E [ == E i Linear Linear Linear
(RN =cimnn smssssmas) + [
' E o . O ] ' f ? f : !
i Seawence feature extration ! e
. | Structure feature extration '
: E E ncozw ovfoia Mfafﬂ 000000 0.00000. ‘I E Conv1D Sigmoid gate linear
D ototoamc  ohi s e e o PEOTH
P cAAGGTG & ! ooww omom o HemeMowo LT }
E E E RNA base pairing matrix H BN Relu
Figure 1. The overall framework of SSAL
1. SSAL HIEEHRZEH
Table 1. Datasets statistic
=1 BUREST
CircRNA SIZE CircRNA SIZE
AGO1 34,636 HUR 40,000
AGO2 40,000 IGF2BPI 40,000
DGCRS8 40,000 IGF2BP2 20,000
EIF4A3 40,000 IGF2BP3 40,000
FMRP 40,000 LIN28A 36,554
FUS 40,000 PTB 40,000
HNRNPC 28,448 ZC3H7B 26,238

2.2. circRNA FrFI4&4EREY

W, KH T EN TSN 20T MR T SIS B AR S SRR, TEAR
B R 46 e SR S B IR, 5 3 kb 1 Bl #4 g i (One-hot encoding) (1) R B 14

DI FER L BIREE circRNA FPAIAMGE, @30 E D7 aE I kK MESAZ TR, =L BEAAR
FIALA IR IE A . ISR AS R R B t k (k= 1, 2, 3) MHARZ R M A A . N T gk e &
50, WXL T AT HE S AT, B NEEAS circRNA B — A 84 4ERS IR & . N T i
WA b ) R X — g AD AR, Al R e e
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sz[xl",x;‘,---,xi‘k} 1)
X, =concat( Xy, X,, X;) @)

XE, X, e R™ FR circRNA 3511 BB EFmR . WU B A X AL . JUrF, 755 concat()%
INPHEAEAE, X, € R™® NIRRRFE SRS J5 (K7 51 %R .

BT JLCRB #iik 17775, SIAN T EMFHEB NS, DU =A% R IF i — P IR T wigaE 7). F Ak
M5, %258 B R = MR —H, HR B R 2R, AT AR BUR 46 circRNA
(L R IE R P A R . B R, A A 4 it (One-hot encoding) Xt N Z FE IR HHAT b, MK A L 1Y
CIrCRNA [F A AR il —AN L x 21 ZEFIMBERE X, o feJa, B PHEgID 5 HEIE X A1 X, , circRNA J¢
FURFAE ] PLR R

X, =concat ((W, X, +b,),X,) 3)

Hrp, X, e RM® IR circRNA KIFFIRHE, W, I b, 5 5128 7 A5 70 2 H At AR B8 0 4 0 i 2807

TEF 51 E R SCHRFE(Sequence Context Features) BT 4a AL I B b, AR SCAMUCR A T k-mer 4wt 3851 A
THA k BRI 0 (CKSNAP) G i K S B 46 7 F1AFAE[31] o 1X et /7 V2 7E 2 M AE M B 25 R
BRI 1 755 BIEEAE ). fEARWEFEH, CKSNAP H TR k MEE R AR A . ASCK
M7 KAEZ 3800 10 20 3. 4 K15 A% TT 58, SA&AN T —A> 96 4ERUHRFEIR] & (6 x 16 = 96). _ik%F
MESRBGS AR R A iLearn THAL32]58 M, 1% T EAELE T X Begufidh 7 ik M LI Ui e . 7EARRAE A3 5 5
BB, W gmiJE MR AR 81 X A CireRNA AR X BEAT HF B T 73 31 J5 SR B circRNA 751
RFAE :

X, =concat((W,X,, +b,), X;) (4)

Her, X, eR" 2 circRNA FA IR IER IR, W, A b, 43 1) 2 7oA 70 23 400 140 AL B 40 o2 AR v 2L 00
2.3. CircRNA Z5 145 EHR B

ARSI I A RS X MR R A S PR RNA ) 45 {5 B, I8 RNA BJEEC6 AR RE, LA
BE— DG UE I R . BRI S, A KEN L IR RNA 751, FIHIFE T CDPfold i
MFEAERR—A L x L 4ERREE R RERE M, [33]. AR LATA L FU4 L, HP s ifr. 3 janns
RFFHIFEE | DRI j AN 2 8 O % . BRI, CDPfold J7 VA AR 4 S8 £l AN A [ B 2 et
SECAUE (B, A-U BLEN 2, G-C BUEN 3). N T #E— B iPAEANIRIETE 25X (Stemregions) ¥ il fa &
B Xt (K938 71, CDPfold 51\ T Ja s in A 244 [51 U4 (Locally weighted linear regression) (M . 1% 7K F
ek B E AUE R, 256 5 RE AT DR U X IR AS B 52 o P b 5 24 A OB LA A R M, T2 A S
T CircRNA [ &5 FIHREAE -

BT HTR M 1) RNA B ECR AR, RS T — N L TS MRFE SR BB R . B 2 AN HE S
()35 572 (Convolutional layers) fl#tt )9 — 1k J2 (Batch normalization layers) 41 i : 552 MUk Bic ot 4 & vp
PR R 0 45 A5 T—— 191 11 25 (Stems) FIFR (Loops) 5 g 45 M 5ot s #H— 40 JZ X R-AE ¥l (Feature maps) it
ATARUEAGALBE,  DAT 1E 0 BT S BURR BE R o AN BB R 3R circRNA [ R S5 FRFAE, I8 RN
HRA N EFHERIR, WA ZRAE RNA 77 N30 08 AH BLAE . 245 MR R IO 72
LU

X, =0 (CNNy, (M,)) (5)
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X, =RL(BN(CNNy, (M,))) (6)

Horfr, X, eR' TR TR EIMEAHFHES B X, R circRNA Z5HRHIE. CNN R R I BB [ 24 ,
Hrp “1D” FefRfEM 17— dEE BB, R 2L & T, BN L T4R L) — 14 (Batch Normalization) )z,
HEED R RN G RZ B4 AT PR e AL BE, A R B 70 A AR € 1. RL AR ReLU WH 4L, 1@
T R B T AR 40 1) S BRI DR ARFAE AR FU BE ST - o MIZROR Sigmoid W0 eR %, A0 T W4 AR, T4t i
LR A RER TN 25

2.4, MILERAERIRR

AT, @i 2 FRFESR U VE, BRI T cireRNA BT FIRHIE X, « Z5HRHIE X, LA S5 My
TEPFr X, o EFHINES, ZUURHIEIR 724 N\ 4 2 AT 0 KT Bt AT 9% . SR, AT it
KW, CircRNA )5 I 5 G5 WAL 2 [ A 2 25 AOAR SC R [34] [35] . IX WA TRl SR DR AE T RE &
FECRAE R ELAME A5 B R R — @, 5IN 7IEE U], G 5 9 S B Fr 515 I Y ik
FF PR UCELRFAE A REME - AT S B B o R A A R 5 -

Q =X, xW<;
K, = X, xW*; ()
V, = X, xW,"
head; = attention (Q,, K;,V;)
T 8
= softmax Q <K, V, ®)
[dy.
Multi-attention (Q, K,V ) = concat (head, ,---, head, )W, 9)

o, X FORTER BN, WO WS WY FORTER IR S, d RORRERE K YRR
b5, 4 circRNA [P FIRHE X, , #iiN % 3k H¥EE 1 (Multi-head self-attention) HLil,  LAZEE AT 1)
SLHAXFFHRHE X, « B, B2k BiER IS H G PP IR S 25 M R AEREAT ] i, AR &
TR B A 2R 7R (Joint representation)
X =concat(X, x X, X, ) (10)

W 2 EHAHESRI S G, ASCIREUT circRNA RHIEH %0 15 8., I HAE & i m &R
7~(Vector representation)

2.5. HEGIZGMNIEE

AEERCR AR RN, HZOREREMDELEZAMR. N T ERR ISR FEE AT T
RIFFIERE, MR T —ANMERSR (Ensemble model). 78K TR (ot A rhr, gt R AR RN 22 RE (L
Kl SR G A IR B A TERE, SR K 3738 ARt SR SR AT Ab B . BT &, RS 41 %)
N KAEFTE. EB—RUIIZ - WHRIERH, R K — 1P TR SR DL ST SR RRAE,
R NTEUEANREH TR, 5ER K BIIgGE, (BT K MREARSHN) A
[36]. Bt Je, RS 2] SR X B AR R R4 Ry — A KR R o 128 P 2 1) B 28 Bt bl T T
PR  BCT I E AR 2], FRIG AR AT R . e K R, 64 G PR AR &R
(Grid search)if AT THRAK[37]. %%, LIS ATVMY, e 5 128 XIRUF 7 ERHAT LB I 25, SLERAIE
B, ZERCRISH RS S T & TR, BRI TR B RS .
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N TR FEM SO RAL 558, ASCENZRM Buk £ — 5038 XA (Binary Cross-Entropy, BCE)
VENH R REL[38]. BCE &I 1HX /2RIt ieit, HbgoO Je BRAE T4 5 AL Tl ME 26 15 52 Br — gk b
B RIS B IEREAR A T A e 20 1 H SRR 1 T e 20 O i, BRI T % Kk
2, TR SR T, SRR 0. X — B BCE Refs A AL S AL B A it e Ak 5 17
AR BR B E AT

N
Loss:—%z y; log(p;)+(1-y;)log(1-p,) (11)
o, NRRNGHEARSE, v ARRE | MERR ISR, BUER 081 (0 RARFMFEAR, 1 RRIER
A, pe(0,1) XA TNNZAE AR T IEREARIMER . EBLEEAD b, $12K{E (Loss value) i & 1 R84 T
SR 5 HSARR A Z R SURAEUN, FRIIEIRL ) 1 GEBk R .
2.6. EWIGE

SSAL LT Python 3.8 Al PyTorch 1.11.0 HEZLSLHL, F7E LA FAEAFACE ERT T UI14%:
CPU: 16 vCPU AMD EPYC 9654 96 1% 4bF 58
GPU: NVIDIA GeForce RTX 4090 (24 GB) x 1

3. XWHERS5 7
3.1. Wihigdr

AR HIUE T PPAEFRR RNA-RBP 454 Tl inl A48 bR: 23 TAERAE th 22 R AR(AUC).
HEFI A (ACC) HbHfi % (Precision). #[m % (Recall) LA [ F1 73 #¢[39]-[41]. IXLEFRHRHEH] T2 1 PFAL SSAL

B MERE . H AR L
TP

R= 12

TP+FN (12)

p__FP .
TN+FP

_ TP+TN 14

TP+TN+FP+FN

recision = 1

P TP+FP (15)

recall = (16)
TP+FN

F1 — 2, Precisionxrecall -

precision + recall

BARTI S, TP (B RN FE PR A HE, R SChr 8 T 1528 AR (R A T 9 1E 2R AR AR
TN (FLFAE) X BT B PEREA R B, R SERs @+ 92K B R HER 0 S SRR AR . FP (B E) AR
RARPHIEREA PR, RISEPro O R B R TN IE SR REAS s FN (B ) WU 2 s R R R A )
Kok, RISERRoA RSB PR EHR 70 FON R IIFEA

T VAl SSAL BELEANH circRNA-RBP LA M5t N R&E Mk 5 &8k, A3 14 DAJTEE
HEHE AR _EAEAT 1 5 P58 IR SRS o 758 R A — i Fe vl , IR SE 2 S Bt AT s 40 4
—BNGESHGE MM, A 20 H N KRR SR BEAT M I PEREVE MY, VR S EBR R S .
T LTSI R M SRR, BRI RENET T AT R . LIRS TR 2.
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Table 2. The experimental results of SSAL on 14 different datasets
% 2. SSAL #£ 14 M FEIHIRE LRSI ER

B AUC ACC Precision Recall F1
AGO1 0.9973 0.9825 0.9859 0.9794 0.9826
AGO2 0.9967 0.9844 0.9758 0.9935 0.9846
DGCRS8 0.9981 0.9857 0.9826 0.9898 0.9862
EIF4A3 0.9986 0.95 0.9986 0.901 0.9473
FMRP 0.9979 0.9771 0.9572 0.9995 0.9779
FUS 0.9964 0.9811 0.9806 0.9814 0.981
HNRNPC 0.9988 0.9938 0.9913 0.9965 0.9939

HUR 0.9974 0.9846 0.9802 0.9893 0.9847
IGF2BP1 0.997 0.9858 0.9785 0.9942 0.9863
IGF2BP2 0.9939 0.9738 0.9675 0.9813 0.9743
IGF2BP3 0.998 0.9855 0.9767 0.9951 0.9858
LIN28A 0.9949 0.9822 0.9784 0.9859 0.9821

PTB 0.998 0.9851 0.9769 0.9937 0.9852
ZC3H7B 0.998 0.9888 0.9871 0.9905 0.9888

SEORRE, SSAL TEFTA 14 MRS By AUC EI#IE 17 0.99, &I Bk AR 68 71 BA KR
TorREME. HAh, FREUER R (ACC). K= (Precision). 7 [a1Z (Recall) & F1 2> Bt5id 7 0.9. &
AR5 SR 2R A R IR, ARG Rl B LS 45 A AL s R (R B , f A g 42 o 41 P 22
FEAUE B TRHMERL G 5 IR B R s . SR g RN 2 AN YEREUESE T SSAL £ circRNA-RBP
S AL R TTINAE 55 vh 1A RE 5 Se I .

3.2. 5EMAFENLER

N T AT VPG SSAL ASEAY [ FRGINE AE , FFH 5 #7538 XRHIE, 7 14 AN KK cireRNA ¥ 52 ¥ SSAL
55 TM i S i (State-of -the-art) IR PR RNA S5 A7 SRS AT | RGexf b P i SMER AN o5 | 2
FRRHMESEDUTVE SR FE S S 5840, BARULHIT

HCRNet: & —Fh3& 14 s} 7] 5 A2 9 2% (Deep Temporal Convolutional Network)iR 5l circRNA-RBP 4
AR HESE[19].

JLCRB: /& — I T Z W [ il & (Multi-view fusion) ) circRNA-RBP 45 &7 5 Fiil 77 9%, SE A% T HNF.
CircRNA2vec. PSTNP Fl DNA-BERT %5 £ Figwtt /7 A% circRNA J7 5147 £ AE[42] -

CRBPDL: F XA 19248 8 5. 76 (BIGRU) BLE AN H vE = ALK IR circRNA-RBP AH LA F A7 55
[18]-

PASSION: /& — % I JR-& #0122 % 4% (Hybrid neural networks) Fiiilll circRNA-RBP 45 &7 5 1) 75 1%:[16] -

CRIP: @ id % T 24 ¥ (Codon-based) () /LAt circRNA #BEAT4ifi, 8 F VR A 1% B 4 28 X 4% Fi )
CircRNA-RBP 145447 £i[15]
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W] 2 A 3 o, SSAL AR FE FIT AT H a4 b (R I8 A0 T~ FoAth T b FE AR AL  FE £ ] 14 1 circRNA
BAmEMI AL, SSAL #A[) AUC fH14A%% = T HCRNet. JLCRB. CRBPDL. PASSION f1 CRIP,
SFH) AUC 53] 1 0.997. 5 JLCRB HiEM L, SSAL 7E 14 A KHUAR circRNA $dii 4 14528l 7 AUC 18
AT, I T EERr PR .

1.1

O Mean
O Median

0997
1.0 —o—
0.998]

0.91

AUC Score

0.8

07 SsAL NCRNet JLCRB CRBPDL PASSION CRIP

Figure 2. Average AUC values distribution of SSAL and baseline models depicted by the violin plot
[ 2. SSAL 5EERBE/NMREE AT AUC ENTIFR

Table 3. System resulting data of standard experiment

F 3. ERERREREE

Hre SSAL HCRNet JLCRB CRBPDL PASSION CRIP
AGO1 0.997 0.905 0.941 0.923 0.909 0.905
AGO2 0.997 0.881 0.854 0.823 0.822 0.881
DGCR8 0.998 0.914 0.930 0.924 0.917 0.914
EIF4A3 0.999 0.812 0.857 0.853 0.823 0.812
FMRP 0.998 0.898 0.930 0.897 0.900 0.898
FUS 0.996 0.858 0.900 0.862 0.859 0.858
HNRNPC 0.999 0.972 0.978 0.977 0.976 0.972

HUR 0.997 0.874 0.911 0.876 0.879 0.874
IGF2BP1 0.997 0.843 0.902 0.855 0.845 0.843
IGF2BP2 0.994 0.821 0.886 0.843 0.827 0.821
IGF2BP3 0.998 0.822 0.878 0.823 0.831 0.822
LIN28A 0.995 0.865 0.903 0.875 0.875 0.865

PTB 0.998 0.826 0.861 0.835 0.829 0.826
ZC3H7B 0.998 0.792 0.863 0.815 0.804 0.792
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PP (1 e = 225 DT SSAL BEARLFERHE SR B i G it . BT =, 51\ 1 CDPfold T
HIREFZHE circRNA I A5G R, AERT ROWLHsIE FC Rt HE 2 10 45 M RRIE R B . S5 AR 4145 B 1
J7iEAHEE, CDPfold S i S5 FRHIE SR 75 T RNA Z3 1 N K 25 18] 44 4 (Spatial conformation) 5 il & AH H.AE
Fi X (Base interaction patterns), ARERLKN 7R |7 S EHE 2 AN SGREESE . 18] 2 BEDWLHB R T SSAL AHXY
T H AR Y TG 5546 L I T AR 1 AR

3.3. jHRESELE

FEARTH, St SSAL HAFIHE ST 7RG M. B, SR TEAE 75125 55 SR
X CircRNA-RBP 45 & A s AL 35 RS2, f b 7 2 M F sl gati7rik, DA E ORI PP RAETT 5. H
Ry FELEFE GRS JT SR AVHEA b, BE— D PPl TRHE SR OB 55 R A i 5 S 1A Rk, i v R S
A 7 SO A L B B m, X PTIRE R REAT VIR DT, AEEA ST 8RR B SRS bk
DA S R e P 45 7 TR s 1 HAE BESR TH IO N AE R o N SORF AKX = ASIF TE 48 2 FETT VR4 e 3

3.3.1. NE4wIG 75 AR HRL

N T VA A AR RNA PP 51 25 75 10 R PERE RO RE I, ) F AR 20,000 1504 4 (IGF2BP2)
BEAT SRS, JFOTRR 7T 5 P XIAERH AT 7 . GBS 7 VA B rh e B 7 DU R T 5 k- H IR AR
(KNF) [43]. 50 # B AR (HNF) [44]. CKSNAP [31]LL & CDPfold [33]. 1 PUAh 4% 77 v i 44 T X
M 4,

Table 4. Ablation results on different encoding methods

4. TS T AR AL R

KNF HNF CKSNAP CDpPfold AUC

Encoding-1 v v v 0.941
Encoding-2 v v v 0.931
Encoding-3 v v 0.933
Encoding-4 v v v 0.983
SSAL v v v v 0.994

T AN [ 5 Jmh SR mg s, X T SSAL 7E 2 LA D ik N IR, S5 R 4 FiR.
£ IGF2BP2 ##54: I, SSAL 528l 7 0.994 1= AUC {i, 437kt Encoding-1 #1 Encoding-3 2% /= th
5.63%F1 6.54%. X — 23 72 R AR 1 Yafith 7 B B ELEE S LA R T AIE B RE 7T, [ EGHIE T
R RNA F3 s & 5 RBP 455 A CIIMNE R B . 2, UK KNF 5 CKSNAP AT REIE S i
ERE R Z R AR, HAEAL. RE UMM T I ARG, 7 R84 R T 51 A 8UE
B A MG BT R E g5 52 A 7820 11, SSAL 34 11 55 7 51 15 45 M R AE 10 58 4 1H A5 2 .
Encoding-4 ] AUC {i 0.983, fE&F&mts Jiki 2 5IHi%, A& )5 T SSAL. %48 Rt — R E T 45
R A5 B0 BT R0 M RE PR DG B DR, 2 BSOS 471 J2 T P 2 ) S g DA 58 448758 circRNA-RBP AH HLAE
R 25, R, SSAL % Encoding-2 S28L T 6.66%M AUC &7, 7845l T 3R RNA 7514
18 N P LR T 41 (Pseudo-amino acid sequences) [ R « X Fh 5 1R B L RE W6 A Rtk 3 5 2 1 BRI AR
RIVE FHRAE (A B RS TAW ) o 25 B RTIR, AR 5K H ) 22 440 & 9 772 2 2 52 T 1 B R DIk 74
U RE .
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3.3.2. FEHESRAYERS

BE—2B Ll IGF2BP2 #di 4 AT R A 7L, B TEIR AR FEA [FRFAE SR OB | KR Rl A SR i LA
S B ASRINE SSAL PERERISENA o 8T 3 AR AR % 58 5 e AR Ak, T DA T b AR H 6T
e v TN AE A 1 A SCRRE R I BTt e &R .

R 1. BB T FIRFIESR IR, 0K 45 M RRAE S N TR, DLVPA 3 S5 S0 45 6 67 a5 000 1) o

B 2. BEBREEMRAESR IR, AU 5 FUARRAE EAT 0000, DA Es a4 S5 0 6 1k

B 3: B RRyE R IR A LE], TES N TR R K PP SR 5 G5 AR AE B e, LIS IERFIE Rl A
WS IR R

B 4 AR SR R 0N, T 2 LR A TR AL I S A N I TN S5 5, B RS IR B o)
TR SXoF 2 T ABE 2R R M AN AR B P 1 DT R

3 IR T SSAL BiA 5 H K AR AISE AUC {E_LI\xT L. 75 IGF2BP2 $i#ii 4 I, SSAL S8 T #x
75 AUC 15 (0.997), 735l ELREARY 1 FBEAY 2 m s 1.5% M1 57.7%, XA /3HIEH] T 4 circRNA 53 4F1E
S EE AR B B . B 3 () AUC 189 0.965, Lt SSAL ik 3.3%; % 4 A% ) AUC ¥ 0.991, Lt
SSAL 1i 0.6%-

AUC
0.997
1 0.982 0.965 0.991
0.9
0.8
0.7
0.632

0.6
0.5

modell model2 model3 model4 SSAL

Figure 3. Ablation results on different modules
B 3. ETREER ERYIHRER

ARG RR, HETVER S PRI AS B A AR 08 5 S)RHE IR R B IR O R, i R
THERYERE. RN, S 4 M, SSAL 1) AUC #2717 1.76%, X3RS 2 A~ T 1 by 2 45 pe 7y
AT LASRAS S 47 (032 Ak B SR LR TR R B . 45 LA, SSAL ALt 38 AR E SR BRI . FFERl & 7
125 DA S BRI SER AE SR ) FERE T S FHT o

3.4. ERAML

N T EEMMIE AL SSAL MR X 0 25 S i S ARG S AL s I RE ST, R -0 Al AR (t-SNE) 5125
Xt IGF2BP2 £ £ H T 45 SRAEAT 1 AT WAL 4R BT Al 4 s, KRR circRNA J 51 25 ) Rl 454
a1 RE a1 [=i9): 7S 157N 1/ e 1 PV NT(TE 2 < e <Vt T 2 VA 1 ol LT 3 S A Wi
RARIEMAESRE G A), EOAAERAREARCARSEGALR).

FIRRAL S SRIEITHbR I], SSAL 7Y RE NS AT Rt 1 SRR AR 2 SR AN IR % (Clusters) o IEFFEAS
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B L LA AN AR A1 2 8] v 27 2] A A g (Discriminative) R AE R 7 A E

t-SNE Visualization of circRNA-RBP Binding Sites (IGF2BP2)

30 1 o® ) @® Non-binding site (0)
@ Binding site (1)

20 A

t-SNE Dimension 2
-
o o

|
[y
o
L

—-20 1

—30 1

-60 —-40 -20 0 20 40 60
t-SNE Dimension 1

Figure 4. Visualization result of SSAL on the IGF2BP2 dataset
[ 4. SSAL 7 IGF2BP2 H#E&E F I AT ILEE R

4. EFRFIVTiL

AR, BEAEN RN G E, MU R T KES circRNA 256 FM GBI, R3]
BEALZE TN circRNA 5 RBP AH B A FH A7 2 77 T L B H 2 32 [45] [46]. #RT0, Q] R 3% H & R
HY circRNA 12 U RHE Ak — DA TH TR P, 982 A T G (R OBk ik . X — i), A
WL T —Fi % SSAL B circRNA-RBP AH B/ FHA s TR B RS, HAZ O I RETE T m RO &
CIrcRNA (115 FIRHIE 5 S5 FIRFIE . 76 14 A KB circRNA 3l 4 F3ET 7 9258, K SSAL 5 4T sk
BERFRIASE R AT 7 X EL . S5 SR 0T, SSAL 78 Tl HERf 1t K o fh Wit Fabr_ESO00 T BUA M sE ik k. sk
gt RAUET T SSAL TN AY (1 =y 5 1 5 B i

SSAL sl PERE vl IHIh T =AMZ B & . B4, SSAL BEARURAVFREL T circRNA HIF AR, i85
AN T SRR, IXFh 2 RO RAIE 235 100 T RFIERIERE 1, 1S BRRE S o0 A Th . TR MBI 4240
GRS R, NAERTI B E 7 RS FERE . Hk, SSAL I TFIER AIMLEI A R E R & 7 LA FEA
)PP R, 1275705 R 05 WE AR 1R 591 R FH AN [RIARRAE 8] 74 A ZE A Dk, AT A B B L 2R 40 2 7 S O ey
fE, BE—DIRF THRHMER & . 55, SSAL M@ SRR ML TR EE T KRR AR OB . X P A Ak
T RUEAR T A P B — R T BT 7 A O 2, SRS R T B P A RE ) S TR

KRG, SSAL MR AAERE— B R1L =18l . —J51H, SSAL Hif# F CDPfold T-H A s (1
B B R B RIRFE . 4R, RNA G5 BRI EAWE S0, X Rt L ge
TE B AR RIS BB 7 VA e 0% B RS T bR 42 circRNA IS WREME[47]-[49]. 5 — 5T, HETC AN RBP 454
PR BIEAR, TR REBEEEE R IE AR, M Bias L. Bk, ARSRMAF T AT Dot
WAETE £ 56T circRNA-RBP Al LA FIAL U AR SE 0 B0 kb e A B 4, [FIB RRER R B & iE 1)
CiIrcRNA 45 RAE 738, Lhik— 042 T+ SSAL TR 14 BE «
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