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Abstract : Circular RNA ( CircRNA) is a kind of expressed RNA transcript with loop structure and its expressed level related to other dis-
eases. It is of great significance to explore the internal correlation between CircRNA and Disease in life medicine research. Based on the
graph attention mechanism, GATECDA ,an end-to—end deep learning model consisting of graph attention network ( GAT) , AutoEncoder
(AE) and deep neural network (DNN) ,is proposed to predict the candidate associations between CircRNA and Disease. It achieved 5—
fold cross—validation on AUC at 0. 961 8 and AUPR at 0. 903 2, MCC index at 0. 757 6 on CircR2Disease data set including 739
associations between CircRNA and Disease. The measurement result means the model performed well on the imbalanced benchmark.
Hereby , we believed the strategy by integrating graph attention network embedding into the deep learning model would improve the per-
formance of prediction CircRNA-Disease association. At top 30 of the predicted association of CircRNA and Disease , we retrieved 25 of
them with published paper supporting. As we thought that the AI tech. would boost the work of discovering biomarkers related with dis-
ease.
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TERSERT, F SRR G RRAE . A, 1 —Fi Bl AL
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2 87.06 92.70 82.47 0.747 4 87.29 0.893 3 0.9520
3 89.86 92.67 88.54 0.797 2 90.55 0.9252 0.967 3
4 81.75 94.33 75.14 0.657 2 83.65 0.861 4 0.963 7
5 90.53 96.48 86.16 0.816 4 91.03 0.9220 0.979 5
Fy 87.53 93.62 83.80 0.757 6 88.35 0.903 2 0.961 8
+hRifEE +3.49 +1.82 +5.32 +0. 062 +3.00 +0. 026 +0.013

Receiver Operating Characteristic curve: 5-Fold CV
10 g

..................

- fold 1 (AUC = 0.947 6)
— fold 2 (AUC = 0.952 0)
=== fold 3 (AUC = 0.967 3)
—-- fold 4 (AUC = 0.963 7)
—— fold 5 (AUC = 0.979 5)
«+ Mean ROC (AUC = 0.961 8)

o
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True positive rate,(Sensitivity)
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N
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False positive rate, (1-Specificity)

B 3 GATECDA #:# & CircR2Disease
H % SR A 89 ROC w1 £,
3.7 AETMER LR
L T E 4 KR R A FRIR RNA 550058 6 5 56 & il
M JLFRJ7 B2 7E CircR2Disease ™™ $iE 4 I H 3738 X
WUET R AUC fE, W3k 2, BT TERER R

7% GATECDA .iGRLCD'' fil GIS-CDA"! | ¥ i 2%
> HE7 AE-DNN'"*! 55 AANE-SAE" | DA b #i5 7E 3
AR R A N4, W AT LLE T, GATE-
CDA £ fL.47 28 LEHIE 319 AUC 4 0.961 8,5 T
iGRLCDA "™ [10.928 7 Fll AE-DNN'"" (] 0.930 3, %}
T AT B e R L BERY MCC {5, GATECDA ¥
0.757 6,1 T AE-DNN 9 0. 583 6 Fl1 iGRLCDA
R 0.714 6, Hivh GIS-CDA 5 GATECDA # %1 #§
KT B LS, At GIS-CDA J& 56 H 4 i #%
G AN ) 4t BE 0 ke AE S P OE I T ML
GATECDA #:#Y g 4 fift FH (&1 33 5 0 ALl i AN 2 24 T 4
(5 B R4, R e GIS-CDA 81 i) AUC B &
SEFVHTEBL T 5 I 25 A5 7R | BRS¢ 4 R L b
FIFHE S5 05 B, oA F F AR T, GATECDA
ANETEF S B 1AL (CAT) J& — Fh ik 2%
2P ST DA B R R 5 A Tk e R L
T2 AN B AR 45 (GON) A5 1 !

K2 REITRMALR 6 e
o LESE WREE: )
GATECDA iGRLCDA GIS-CDA AE-DNN AANE-SAE
AUC 0.961 8 0.928 7 0.930 3 0.939 2 0.88
MCC 0.757 6 0.714 6 N/A 0.583 6 N/A
F1/% 88.35 85.11 N/A 59.52 N/A

3.8 ARESFESEILE
[t # GATECDA FIAS [H] 4325 #5455 AU 7 00 E 48 I
BT B F7., Hid KNN, RF, XGboost I SVM

iLearnPlus T H"* B4 4f (1732 %% . GATECDA J£i%
SCHR H 0 37 ) 0 T T D I 4 8l 8 1 TR B
Z AL IR 7 ) 157 (GAT_AE_DNN) , Hft
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AE J2 F s g i #5 i i 2 4 53 25 4% DNN J2 VR B2
Z W25 93 4% . SVM & 345 ] £ #L ( Support Vector
Machine ), KNN /& K 4B $ 7 25 %% ( K - nearest
Neighbor) ,RF J& Bifi L £ #& 43 25 #8 ( Random Forest) |
XGboost A% PR % 2] 432548 ( Extreme Gradient boost) ,,
VI_b A BERVERTE 1 428 A 1F 11 5¢ R A U Il 246
RIS  FF#E AT X0 43 Hh B 50 S FEAS A S E 4 1 il
PERELL AL, MK 4 R Al DUFE h, 7E B iR SR FE A
GATECDA ) AUC #5° 0.972 6, XGboost [1) AUC
{25 0.895 0, KNN 3 0.733 3, RF %5 0. 640 8, SVM
40.667 2,

ROC curve
1.0
0.9
o 0.8
S
© 0.7
o
= 061
% 0.5 i
Qo4
@ 03| —— GATECDA AUC = 0.972 6
2 ---- XGBoost AUC = 0.895
= 0.2 —.— KNN AUC = 0.733 3
o1d {7 e SVM AUC = 0.667 2
o ---- RFAUC = 0.640 8

0 01 020304 05060708 09 10
False positive rate

A4 FRRSEBBEAAERIESE E6 ROC B &
3.9 4HEERASIE
T A HrE SR T A UE B S SR EE R
XPRAIRE ST A TTmR , BT TR AE T Rl SE g, DLk 3, B
i, GATECDA #RIREfH FH A FiRM K 6 dk
AT B M RRE 15 2] B9 T 245 S AUC h 0. 961 8,

& R ZE R MR B 15 2 A9 BN 45 % AUC R 0.582 7,
AUPR } 0.785 7, GATECDA-G & GATECDA #& #
S & 8 kR AR, 15 ) Y #0452 AUC
0.491 5,AUPR 4 0.732 8, fuJi Wik RAFH Wi,
PRI 38 P A 25 T P 254 0TS s MR AR B 7T LA
FEFRFIEAS B .

A3 AR AR R

FRIELH G AUC AUPR Acc. /%
GATECDA 0.961 8 0.903 2 87.53

GATECDA-F 0.5827 0.785 7 59.35

GATECDA-G 0.491 5 0.732 8 47.36

4 ZROIFR

i it GATECDA M 661 4~¥RIk RNA F1 100 g
WY 65 261 A AARIETEAELL A P 0 3 743 4N HKSE
BRI BB 5. 7% o 35 4 51 T 45 SR HE
ZHT 30 (I 56 R, JF L O SOk A 2R A EI A 5E
CircRNA SCH T 7E 5L 72 ARG 2B 5256 i oA RS
AHOCHIRAAAERR R, 76 U A 25 SR 45 2 A9 15 30 S 2F
AR RNA 5805 1 B & b, Hoh A7 25 A RER RIS
T F5 3 5 27 SCHR P e A AR DRI TO 285 SR T LA 45
BIIFZE N 5 4/ N e 3 P, PRk 380 5 98 9 R G 14 56
HEEREY), LR RRNESEERE, MWk
SRR HE A AT B E B DR 3R 3K I 45 TR OCHESE A
WRZEE C A FR X TR RNA 55005 19 DG 15 56 & 1
DAY DA Sy 34 G e 35 R 05 s o A — b 3 1

AUPR /7 0.903 2, GATECDA-F/ZGATECDAL7 I o
F 4 FRMHELHT 30 ANIRK RNA 5 R A0 £ AR Lk &k

Rank CircRNA_ID Disease_Name Gene_Symbol Pubmed ID
1 mmu_circ_0000375 Colorectal cancer Hectdl 35611198
2 circ0817/hsa_circ_0024169 Breast cancer CULS 14641918
3 hsa_circ_0003146 Pancreatic cancer EHD2 23283488
4 hsa_circRNA 102049 Colorectal cancer TADA2A 32799891
5 hsa_circ_0003707 Gastric cancer CD44 28639908
6 mmu_circRNA_30664 Colorectal cancer C3 33765255
7 hsa_circ_0020397 Breast cancer DOCKI1 34771489
8 hsa_circ_0084021 Liver cancer PLEKHA2 N/A
9 circHLA-C Gastric cancer HLA-C 19883394

10 rno_circRNA_006508 Lung cancer LOC681740 N/A

11 hsa_circ_0000893 Breast cancer DHPS 28744405
12 circRNA_010567 Breast cancer N/A N/A

13 circETFA Breast cancer ETFA 29221160
14 hsa_circ_0026143 Cervical cancer TROAP 35722431
15 hsa_circ_0020397 Bladder cancer DOCKI1 30983072
16 hsa_circ_0001721 Breast cancer CDK14 36103813
17 hsa_circRNA_100918 Breast cancer PICALM 30979686
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Rank CircRNA_ID Disease_Name Gene_Symbol Pubmed ID
18 hsa_circ_0006404 Colorectal cancer FOXO03 34549306
19 chrl1:34060062 134073206 Pancreatic cancer MORC3 34839357
20 hsa_circRNA_102101 Colorectal cancer CDC27 28900500
21 hsa_circ_0029067 Triple negative breast cancer CLIP1 32194644
22 hsa_circ_0009910 Lung cancer MFN2 35582383
23 hsa_circ_0000554 Esophageal cancer LIN52 33470617
24 hsa_circ_0000069 Colorectal cancer STIL 28003761
25 hsa_circ_0089974 Esophageal cancer NHS 27465405
26 hsa_circRNA_100258 Lung cancer N/A N/A
27 hsa_circ_0007006 Gastric cancer DYM N/A
28 hsa_circ_0005529 Gastric cancer VPS33B 31105852
29 circRNA0003906 Cervical cancer ZNRD1-AS1 26328261
30 hsa_circ_0037911 Colorectal cancer GSPT1 33819920

5 EEERRE

EHE NN, BHETR H E 2R 22 > $2E BURRIE 217 24
IR RNA 5905 JCHK G 2 T 4 5 72 b HoAth 75 7 RE AR
B G EReE . B X H TS iUk, — 5 TH 75
SR 5 AP W 48 AR RIVR &2 2% 5 4 I 4%
SEHOSAE L FRIR RNA 5855 10 F500 ] s OrA 463k v
BARA R PH 2, iX — 5 -5, GATECDA 1Y 5 fil
TET O A MR AN 2, BB S A T R AR PH PR 20
BN BIEYE . 1 — 5, B R R RNA 58500 &R
) TN 5 ) A S AR S B ERIR RNA P4 401 AW it
T AR W PE IR B35 o o R A I 1 S0 LR G %) TR
TR R URTIA A B —E iR R Bl 1] #2845
[ e 2 2] FAE W A 8 A5 J7 I A0 AR DG T g | oG
R AT TS A IR AE R KRR
W7 R BEE 7R 5 KB AR IS AW g5 & 5k e . F)
F GATECDA Z ki 2 Ll A1 5 T U ZR i 45 a5, 7
% B PR %R ( bipartite graph) 254 4N 2425 L BE
FH L F248 b () f R L R S B T

6 HZERIE

PRk RNA 559005 01 56 2 000 452 50 76 1) 7] Pl 2
TR S HLRG MERE A P B T, Vel b 28 190 46 15 TR B 2 5
GEAIRIRE 5 TN 524k, EF A NATA T
BB A0 O A A= AR R AT A G 00 B | o4
ST LA B T A R A A S b R A S 1
B ORBFTE GRS SR G i GRS A X
S8 DR T2 AR S AU B 5
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