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Abstract

Circular RNA (circRNA) is a class of endogenous non-coding RNAs. Many studies have shown that
circRNA plays an important role in complex diseases. However, due to the functional complexity of
circRNA and the high cost of experimental verification, it is difficult for traditional experimental methods
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to efficiently mine the association between circRNA and disease, so efficient computational methods
are urgently needed to reveal the association between circRNA and disease. Based on the existing
database, this paper proposed a method for predicting the association between circRNA and disease
based on GraphSAGE model. By integrating circRNA similarity, disease similarity and known circRNA-
disease association data, a heterogeneous graph network was constructed, and then a high-level ag-
gregated representation of the corresponding features of nodes in the heterogeneous graph network
was obtained by GraphSAGE model, so as to effectively predict the circRNA-disease association. The
experimental results demonstrate that the GraphSAGE model achieves an AUC of 0.921, F1-score of
0.865, Precision of 0.879 and Recall of 0.852, all of which were better than the existing DWNN-RLS and
RWR models. In conclusion, GraphSAGE is an effective method to predict the association of circRNA-
disease.
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1. 51§

IR RNA (circRNA) & —FBi 2L AESR D RNA 43T, 7 s 18 5l 5 A0 D) R 256 R 4 25 320 T e )t 72
i1, circRNA FIRIRBHIHT 7 ##[1] [2]. circRNA & RNA AU A 5t ki, fEAE S 0 90 p o AR
T PR e IR 2 90 MR 7R W cireRNA 3BT 78 24 miRNA 73 T4 5454 8 A B AR
WIS UL e 2 5 B AR R PR G RAEA)F ThRe, R 558008 IR R RN A AR e A DB FH 3] 9l
circRNA T UESE 5 4R [3]. BEARI[4] RS0 RUE S| 5 E P A K, RISERNEMREY . |
AT LTI cireRNA 53505 2 18] R SR BRAMN AT Bh TR 2R B2 2 508 IR A AL, 3 2y 50k 1) S R 2 18
JE SR IT UL AN RS SR TR T . SR R 2R H 2 BT cireRNA HI D R85 4 A SLIR B0 IE 1)
B, AL GRS DT A AR . RO FS I cireRNA SR R 0E R 1E PR A T+ A
(O FII 7 3 B T A, B % U A T B s . B O TR 75 v BUARTE — B FR L AR % T
circRNA 555 I OCHE, (H7EACEE S5 ot BB 4 52 2% 0% 38 DA 0] B30 A it 4 46 5 TR A7 18 =) PR
[6]. 1 GATCDA [7]54 2% [EAHE I =5 B 2R . GATGCN [813% 4 % & iy s A K4S E R & e AT
fil LR, ARSCHEH T T GraphSAGE AU cireRNA 5500 BRI 77 vk, B EEd ES
TR L8 BOE A cireRNA B 2 FHREAE, AT S [ mr B 25 A6 (5 U2, DT 4 v T %) A 1 A0
BRI ZTTIEAUN cireRNA 5905 BRI S He it 7R 8 LR, A5 B A2 e ) S ot P 4

A HTHAL T R, B S R U N A

2. XTI 1E
2.1. circRNA-Disease XEXFUNE BRI E 5%

IE4ER, cireRNA CHHIESL 5 NRZ R RIINA K, HHEGKI ST 5T circRNA-disease <
A 5 51 I ELAR AR PR ATT 38 V) 75 BEAR BRA A = R B T ST oKk 3878 cireRNA 5500 Z [ 158 &
FATFH T3 cireRNA-disease SKREXHITHE I iR AT BT MBALERRITT 5. 2T BRARHITT %
SEFRERE PRI R TIRE S T AN AL AR 22 ST T5A[9] . A SO IR % 2 A B AR
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B, WENEWTR:

1) DWNN-RLS: ERI{b /N —3HE[10]

TE1#C DWNN-RLS H', Cheng Yan %6 A\ K INBUEN k T45(DWNN) 721 H 5 circRNA 59255 4]
MRS oy, B R T IENL R/ 3RIERLS)# T Kronecker R HTM1F 5 . %745 BY
circRNA FHBIH 17 GIP ARABMPE S iR SORA:, # g 7 — /NS Y . DWNN-RLS FJ A IERIAEEA
KBRS G, HARE B ISR T S HUR A T TR A HERA Y . SEER 45 IR R i S A
6 Tl W IEIEAT T LR R AR

2) L JH I Y

Seo J & NFRH T — kT 5 5 BEHLIFEE (RWREL BT circRNA 5505 (1 5k o iZ A B AR 5 76 57 7
W2 AT RN AT, R SR circRNA-disease JCHEAS EOR T A A 9. RWR #5784 GE 45 A 25th
FHHE circRNA 5B 2 MG LR, I HAELCI AU i 2 0 52 = iR B8R 6]

2.2. GraphSAGE #aI{g 7y

GraphSAGE (Graph Sample and Aggregation) 5% Gt [t BB FM 45 (GCN) AN A, B & —Fh s B[ e
W% . GraphSAGE B IE I RATFIER A 40 F5 715 st R RFAE AR Jl B AR R RN R [ 1] X AP ERAERE
i b PR R RS BRI HH s R Rtk b, 3 — 2 ROl P27 s 2 B ) R S5 R 15

1) GraphSAGE 3£ A% Ji7 B

GraphSAGE AW DIMESL N = AP 0R: R RA & EHT . BAAKUL, GraphSAGE #%cM B AT
R JE AR T LR — E R AR5 7 5, SR F I RS A (E R &« LSTM R &%) X L4l g
R HRHIE R AR, BJE Bl — AN IR AR i H AR AR RN R IR . B 2 R B RERAE,
GraphSAGE Refig i P2 21| & i 51 = B i 50015

2) GraphSAGE 7EAEW)15E B2 TR 1 R

GraphSAGE #/Z B FHTEAEDE B, Wide Sl 254 A ELAEF[12]. SnoRNA 559 O Bk Tt
[13]. &EAF - EAFUHEAERTN[14]. 315 259 5 FEARRRAAE[ 151550080, i R ARSI LR 00 37 f 1t
RE. HEl 2 fEALHE 7 57 BRI, GraphSAGE Refig A A B & AN RSB35 R ML 5 B, sEmifgm 17
IR AE R o

2.3. BIEENE

1) CircR2Disease Z{HH4E(v2.0)

CircR2Disease 4 FE[16110EE T 661 4> circRNA 5 100 Fhcfi 2 8] 1) 739 SIS B . B % circRNA-
disease LI 7L R RZ, CircR2Disease 4k ALK circRNA-disease J<HA5 S ANGE 4 1 Y n)
RN .

T fR BRI, CircR2Disease 45 2 #7142 2.0 fitA . CircR2Disease v2.0 MY $EHE T circRNA
S5PMIREAE S, EIRMET circRNA 757G B RIBEHIE. Bk ID 55, NS circRNA 59505 K
PRTRIER A 7 = & i Echs R 17] .

2) B AT T

fE circRNA 5% KRBT, S AHAE TSR — AN P IR . 8 R AR T B VA B
Wang’s 777218181 =y Wi AH ELAE FHAZ(GIP)

—FhEET GO(Gene Ontology) A 1E1E SR i AH A T35 58 Wang L 88 N2 1. 077
T BT R AR BRI GO AR TE TH SUMBAE AT 57093 < [A) (R AEABA T o S8 45 BIE Sz T VELE B AH
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LU v 857 T LA e (R HE R

e A ELAE A — A ik 0000 R S 2 BRI R W AR U ST i . 1207 ik BATH SR AR S 2R R 2R
AR 2 [ PR v A R BRI 1) AR A o (BLAS V R FRD 2 e STA T4 PR A A A B vy 4 e o 2
MBAFHITERE, JF HRENS A ROt S Z B R 28 K AR .

2.4. HibHEXAZE

BT iR T7ikAN, B e H A 7 VA T IR cireRNA 5905 558k . HLA iCireDA-MF [ 191K Fl 48
BRI R IIEAR, @i 733 A circRNA-disease JCHRHTFE K FIH 1) S GATCL2CD [20]1i2 H 3125
VERL T 4% R B AL R 2 cireRNA 580 Z Al K 5 KATZHCDA [21]i# 1 115 cireRNA
MBI 5 2 B [ B AT A BRI & circRNA 580 A Se bk . DL _IX s 07 ke AN R R L
P T VI RHERYE, N circRNA 55005 SR TR 7 324 1 37 it JE 2%

3. SCENgit
3.1. HEmALE

1) circRNA AR THE

circRNA FH A A2 T cireRNA 550 SR I R BERFIE 2 — o cireRNA AU @S BLAST T AHE
FEFIRBAPESS 53, RS54 cireRNA [WIhREFER(E ST S IhREAI I . 3 FUAR LU AN 3 g AR AU S 3 A
KA, AR R A cireRNA AHRLPERERE . BARA T

Seire (cl.,cj)za-Sseq (c,.,cj)+(l—a)-Sﬁm (ci,cj)
Hr, s

e (cl.,cj) IR cireRNA - ¢, Ml ¢, FAERS 7, S, (Cl.,cj ) FoRFPIIRIERS 5, S, (cl.,cj) ESZN
HEEAMEDS 70, o BUE R (SRIE T I E N 0.6).

2) FIRHAANE 5

PAARUNE SR 525 18 Wang’s JHEA s ikl AR IR 5. — & Wang’s J7idi3k 0 A5G R 1Y
GO ARAERIRATHIp (785 SO o 2 Ry A LA A% A T i A DG B A (i, Sl S e A 1E 2
PRIZIE T T AR ARADURE RE KA B I RH UL o 5 A SCORE I P A 7 325 1D 45 SR 42 JEAE 82 R B AT ISR
A, 13BN BT ERERE . B A

Sis (dindj):ﬂ'swang (di’dj)+(1_ﬂ)'sgauss (dindj)

Her, S, (d,-,dl,-) BRI d, AN d, BIARUERS 20 S, (dl.,dj)?%ﬂ? Wang’s J7 V&R ABITESS 53
S s (dl.,dj) FOR A BAE AU LA RS 4, B OB RE(EER TR E R 0.5).

3) circRNA-disease <Kk &

A M CircR2Disease v2.0 #4f 2 $EHL circRNA-disease B E 4 , #4)# circRNA-disease FBEHI[E
EFR CHIP RERFERE S cireRNA ARV I DL A s AAUMERE B 3047 8 5, B TR RN 2R B0 B A\ B8
TERIEEE G IR T, ARSI cireRNA FIBR IME— AR IRRF— 3, Ti (e m i . mAHuREA
£ 1234 /> circRNA. 567 Figfifl 8912 AU circRNA-disease k.

3.2. REREME

1) 7 SRR
S E A PR SEAI Y A circRNA 5 SAZOR T Ao SN AUE I HAFHE M B ROR, circRNA 15
RRRE ) B HL P A AT REAS SRS, 5 Y s B AIE 1) 2 AT SO RIATE (S B A . Bk
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Ut, circRNA 1 s RFIE ) S48 B2 128, S0 19 i AR [ S 4E PSR 64,

2) HER

S B R 5y N =FP Y circRNA-disease KEKIA . circRNA-circRNA AL A disease-disease
A . circRNA-disease Fe I MR HE LA circRNA 59500 2 (B S BER % 7%,  circRNA-circRNA
UL B cireRNA 2[R IARUERS 73R R IR, disease-disease AL 2138 ixd s 22 [A] B AR ABLIEE 1540 R 3R
TNo AEBIABAMEAR 7 40 R PR E AT A — A0 B8, B ORACE(AAE 0 3] 1 2 [A],

3) Sl E

AR SR FH AR R MR TR e T B R 2854 o AR B AT DA IR cireRNA 15 SR 19 i 2 [A) 2 5 47
TR R, DALY sz (B AR AAPER E . 5t BRI i 9 5 48 GraphSAGE AR R A B AL 1 2%
fifio sEEGH, SREE 1801 AN R 12,345 k.

3.3. GraphSAGE =&

1) HRIZEH

GraphSAGE B N2« BIAEAUZ A = A J N JE 3R BT B o R &, IS
JE B R RAE MR G 4019 R BRFAE A S AN, B 20 1 X 2% T circRNA. 15 73 P S BB REE
o MR EARMEZR A 1 R

disease features

\ )

Sigmoid E

circRNA-disease
TR
Figure 1. The GraphSAGE model framework
1. GraphSAGE ###I4E42

2) T RRA A T R
T RUIRA A LR A RAEA RS PP IR KA BON B AR R 140 i i BEHLRAE — 28 B
ORI E N 10 DAESE), REPrBOB EME R A& R R IR R SR . RE )5 IRHILIE
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AR LA A R H AR R IR TR . 2R EGRRE RS b m i Mg E 2. Rk A
e

%wZO(W“%AGGREGATEH@”WVueA“Vﬂ»

Horb, W0 R Rk BIOBARR, N (0) R MAEES, Y BRE BN S
B o FORWIE RS R ReLU H%0).

3) Bk B

1k B R P — TS SR B B, T R B T8 5 O 2 I 2 5. Bk B et
F AR R M T2, WA B A TU A A . 0 S50 R I S B Fro e B A, By L
RO A, HAEA R T

L== 3% (vealogd,+(1-y.4)log(1-3.,))+ 2]e];

(c.d)eD

Horb, y,  FORESLM circRNA-disease KIKARAE, ., FABBIIRIN A RIEMER, 2 R IENAL R sk
B E o 0.01), O FREREBH,
34. BERENESHE

1) FdE L5

TEAEYE B, JUIHRE X IROR RNA 5500 ST B T R I FE s, Bs e & 3 k1 4)
SR ORB Y M RE A AL RE S D IR . AFAL R, AR ERRI = AN IR SR AT
8, KB SRR 7:2:1. R LB 18 B 78R I R0 78 70 P SRR DA% 1 % W1

2) HSHUAL

BSHAFEER KERES. AR RS, Wil AR RS AE, &Rt nEs
H. (1)

Table 1. Search range of hyperparameters
1. BN ECE

e HRVEH IS BRI

C [le—4, le-3] xR Adam FLALTR I HLE T AR Y5
EIE R4 {1,2,3} PEE A 22 AR (2~3 Bk)
A JE R {5, 10, 15, 20} EHUE TR 515 B8 & VP
BeZ Yt {64, 128, 256} 2 K RHIEFR I RE /) 5 fUL A AL
L2 IEME R % [le-5, le=3] TR B 13 oA

AT FER PR B, JefErR BV AT WP R, B R I s R I S5 A AT 40R R R
H ol FATE ML (patience = 10)B7 IEIS LG, B ZEFRITESE Fl-score B¢ M NS HU G - LIRS KW,
W2 EIEGFE F AR LE B 248 Fl-score $&7F 5.3%, 1 = 2450 W S EUEGIERI K ETF 12%; 4BFEREEECH 10
I, ARSI NRFE R R IVE RS T AN L 2% BT H R RA 58N . Py S 80k #4840 3 2 S I I,
FLRBSLN R SRR AR AL 7 REIIET 0.5%, AR T 45 R nl SE A SR

3) RIS

PRI G R /NI R BT B2, R MR A LR AE — AN /ML E U (batch size A 128)
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BEAT IR IR p, 50Kk Ol I S AL St AT Ak, B S HOE R b FE T Rt T B I
R REFF LRI UESE IO PEREAN B IRTT AL (SEB P IIZR T 100 4> epoch).

3.5. TSI

1) T circRNA 5595 ) R B R

WRTERE, BT HIAR AN circRNA 5800 SRS . Tl 45 i8I sigmoid BREHATIH—
b, 1330 3 1 Z AR . BER(EE, RIR circRNA 5505 SCHRI AT fe 18K .

2) PHAE RS

TR REIE T AUC. Fl-scores Precision 1 Recall ZF8brdE (T iFl . AUC i &AL AEA R BIE T 1)
53K PERE, Fl-score £5 575 & Precision £ Recall, F T PR F-PATPERE . Precision SR A7 S A% AL Tt g
IERMIFEAR A SLFRONIEZEI LI, Recall FHSRAMT SR H S PR IE AR AR IR IO (1 e

3) PEREXT L

FERME B S 7715 DWNN-RLS A1 Random Walk with Restart)#E4T%} b . GBI %F e szie, 36
GraphSAGE RAIFE T circRNA 595 S T7 TH BT . SEER 45 K W], GraphSAGE EALFE AUC,
Fl-score & 48ts LI TEIE ik
3.6. AIRHLEER

1) 55 E BT AL

S o Pl £l B AT AL T B (B Gephi) 34T J7R o I HR 1Y R38R cireRNA RGN, 138711 i 2 [8] (1 535
FARABATE o PTARA S 5EE B T B A S o PR R 5 A AT s 2 TR IR SR R

2) circRNA 5575 I IR X 45 ]

KB circRNA 59595 1) 5 TR DX 26 1 A2 30 e vy MR 2 ) Pl 5 SRR AR B o i 2% B R 1 Sk 38 AH K
f1) circRNA 5%}, A B T 42988 22 I AR VbR SRR TT 2549058 R

4. LHEER
41, THIPE

SIS FH B8R 4 N CircR2Disease v2.0, 128 1234 4 circRN A 567 #1595 A 8912 > L4011 circRNA-
disease k. FHRAEL NG WIEEMMRE, RO tEA 7:2:1. AZN T ABAGTE—2 45
HEBF VR AT, 1 I#&Z CircR2Disease v2.0 FiE & H4THAE .

4.2. KRR

1) ASEERL YRR X B

NT Pl GraphSAGE BA [ fE, AT GraphSAGE 5 DL BiFhBILA 5 ik 47 EL i«

DWNN-RLS: 2T 1E N4t/ 375 circRNA-disease KRBT /772

Random Walk with Restart (RWR): 2T~ 5 Ji5 B HLIF B3 (10 B0 75 7%

SIS A5 RN 2 PR:

MF 2 W] LLF H, GraphSAGE % (1) AUC {8 b DWNN-RLS FI RWR A5 Bl 5 H T 6.9%F1 4.5%.
1M Had i M 227 LLA HH GraphSAGE #5%I7E AUC. Fl-score. Precision fll Recall 545 kx4 F DWNN-
RLS F1 RWR 75, RHAEFMIOR RNA 59255 S 77 1 B AG 5 m B AR i 1 A e 1k

2) GraphSAGE HAAEA R Z 40T R I
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Table 2. Performance comparison of different models

2. FRIEREMEREXIEE

it AUC Fl-score Precision Recall
DWNN-RLS 0.852 0.783 0.801 0.766
RWR 0.876 0.812 0.824 0.801
GraphSAGE 0.921 0.865 0.879 0.852

N T #3508 GraphSAGE BB IPERE, SLIGING 7 ASFRDE S HOS BRI PERE (520, RG22 5T %
BIGAZ BN BB AR SIS R INE 3 Pos:

Table 3. Performance of GraphSAGE model under different parameters
5z 3. GraphSAGE {RE E A ESH T HIFRIN

)R BIBR = A 8 RAEEL AUC Fl-score
0.001 2 10 0.921 0.865
0.001 3 10 0.915 0.858
0.001 2 15 0.918 0.861
0.0005 2 10 0.912 0.853

M3 ATELEH, 2% 2035 0.001. EBREECN 2. & RAEECN 10 B, GraphSAGE B8 (1)1
RE AR -
3. GRS

1) BIRMERERIR S 400

GraphSAGE #BI/E AUC. Fl-score 5548hs D3R TIA Tk, F 2R RAE T B et A 208 &
circRNA A1) 2 FREAE, JFdid B FER AR 2 M= E . M2 T, DWNN-RLS #
RWR J7VETEAC 3 5 Jot BB o SR BAR 55,  Tovi e 0 R 1 s IR S R &

2) A [EPRHALE B 0o &5 SR s el

SERGHE D b T AN R AR AL B B R M RE R S . BRI T X cireRNA AU FH 7
FUFRABME A FH D REARALAE DA K 7 FAR AU AN T BE AR IIBRFI B IG Ol. SEB 45 R+ 4 fis:

N

Table 4. Impact of different similarity metrics on model performance

7= 4. TEHEINEE EXHEEE RERY R0

AR AUC Fl-score
SRR FUAH AL 0.892 0.831
X Tl aEAH A 0.901 0.842
Fra + TheReM e 0.921 0.865

M 4 WU, S ARAUE AN D BEAR A BRI BOR M REAS A RER TP e, 2R P35 7 T
circRNA 55555 IR 2 b AN v /D (R 3
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4.4. TILER

1) 5 E T4k
S5t @ TRk TR (40 Gephi)i#EAT 7R o 5751 B A5 SRR cireRNA FI, 10587817 22 (8l
RERAAHALE . B AT R 2 P, JEMTHL R R 1 575t B a5 i AT sl 2 (a6 & o

Complex Heterogeneous Graph Visualization

Di -D
Di -C
circ 101
circ 789
___dire 56
Di -B

Figure 2. Visualization of heterogeneous graphs

2. RERERARL

2) PSS R AUC H

TR HA ROC 24 388 1o 222 11 B BH P 32 (TPR)FIMEL B 4 26 (FPR)AE J . 23 T X . GraphSAGE 5
) AUC {8 0.921, 23T DWNN-RLS (0.852)F1 RWR (0.876).

3) KA circRNA 5P R G I I £ &

KB cireRNA 5555 1) SR Ik 09 265 368 1o 7 1 v R ) 0N 28 SR AE R B R R 10 7 A i SR I
fi) cireRNA 5%5xF, W& 3 fros. X LG Al BeAE A E R AR EVANRIT LA, AE1F3E— P sk

B I6IE o

ERB

Figure 3. Key circRNA-Disease association network

3. X circRNA 5&EHFER KM% E
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4.5. BREYEIE T ARBRIL
AT e B ISUE R ) e, SRS I AE I ZREHE SN 7S (BEHLERE 10%IAR55), IR 7E
W P A N BOTERE . SREGEE RN 5 PR

Table 5. Model performance on noisy data

=5 BRERIETRERERN

B L) AUC Fl-score
0 0.921 0.865
5% 0.918 0.861
10% 0.912 0.853

M5 ATELE Y, B ZREE h AR 10% 0, BRI REOR FPEL = P BE . R W] GraphSAGE #
B A BRI DR RET]

4.6. INGE

AR W VRGN SRR BETH AN SE BT, B0 73T GraphSAGE [ cireRNA 59 S BE T 7
ELERYE . FEROR I REFN AP A R I 7 T S b g . EEORE T, A Q03T 16 e b B =
FINUHIRTZ AL B4 5ms, SEPL T AUC {55 0.921 F1 Fl-score 4 0.865 [FiMIMERE, #ift G kiR
Tt 8%~12%, F HAE 10%Me /04l FAAREFE 0.912 (1) AUC 15, eI Sk, EEMSEH, B
RIS T EL AN cireRNA-SOR KBEIAEE, 10 miRNA 45 & 07 5055 B (TTHR . 32.7%) RS54 1% 51 8 )
(Q4.1%) I REEVER, BRI T 12 MEBIERIF B AEYIbR &Y, Fodh 8 AN TR SR IO TE . IXLL RN
PR circRNA TEZR T H/E - BLHER 78 A

5. &g

A 53T GraphSAGE #2Y [1) cireRNA 555 BRI 77 V3647 T IR A8 . GraphSAGE A7
AL TR S R BRI R bR RE, RN RS cireRNA AP I 22 FhEFAE, @it P AR il 4
ML B AR5 R, AN B R v T TR A HER I . SIS R GraphSAGE #57%U7E AUC. Fl-
score ZEFg bR _LME T HA A DWNN-RLS A1 RWR J57%, RIS 7E AL BRI 7S B i) 22 B0 H 50 o 68 i 1k

SR AN FE AR AT AE 35 75 Bk I 77 T - 2 0, A6 AR ILIE 1) cireRNA 28930 1032 4k g 16 Rt Tt
TEFE PP TUME VERE T REL) 15%. LK, a7 22 M DU AR circRNA RIB BB RHIE, IXTE—E 2
JE BRI T FER P AR AT R RN o Al BRI BE SR B BRI, (EX AL A AR AR R
BAE . IR JFIRYE R 5 SRR A T ), AR ARG B T A RE IS A B A 4 . R B
22 A AR AR HR R, DA SR 3 B e 3 1A P AA R 1  BT E B

AW FE BTN AR AR IAE J5 v RO P AN o 7E 771552 1, ¥ GraphSAGE HEZL . h N FH T
CireRNA-ZH R TIN, SAMR X — AR5 B R T of % . (R ZET, RIEE R S
A CHENIGARRIGE B, FRBLH BT 103 (B 22 00 5. XSS R REHESN T TS A 7 v R &
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