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Fig. 1 Framework of neural network model
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After extracting features, the model is trained by the features and

predict the contact map.

BEIHUHIRBIRY  LRRE UG B AL AN SR F SC
AT PRI R, DL R AR T 2 AL
USRI . 31 Al %, YA R G &
JIWLHD, ALEFH CNN AT LSTM B, BERIZE L/10
L/5. L2, LIWJe BN 7055 T 082, 0.82,
0.80. 0.75 MHEREA . EIALR H] T 1 2 1 L
Jo, FEAVAUERG RIS R T M, FEL/10. L/5. L2
AL BYFE N 5133 T 0.84, 0.82. 0.82 F10.75
MR R . BLAb, SOARTE R FIHLHIA BB SR R
RIRHERRSE, T MR L BEAE AH X 2 S A R
FIMERR, FEL/10, L/5. L/2 F1L 6935 N 43 315k
#'70.83, 0.80. 0.79 F10.75 FUHERA% . i, A
Sk PG 32 1 BIL 6 4 A RNA G 16 P 0 £ B
AR TR T B A R F RIS
FRYESAE, PR AE JCEE E B AT Teontact 1J HE
P15 P ) 35 X ARy S 11— 455 4 DA T s ]
IR TR PRI, ASETRLHRE o v B 23R L A
BARIK.

Table 1 Comparison of accuracies on different attentional

models
Parameters L/10 L/5 L2 L
CBAM+Self-attention 0.84 0.82 0.82 0.75
CBAM 0.83 0.80 0.79 0.75
Self-attention 0.82 0.82 0.80 0.75
Non-attention 0.82 0.82 0.80 0.75

2.3 REFM A B

N T 8 ATTcontact WY 4 #8 , 4» 7 FH
RNAcontact, PLMC "' 1 RNAcmap ** 5 il ] 1
£E . RNAcontact FI| F T & 58 TR B 27 2] J7 1k 2k fiil
DU RNA ) OCHREL, (0K B TR 2 45 38 B ABR 22
ML, Rt mA AR IURRIE[E VAR S . PLMC
FTRNAcmap WA 1 B[R] FEAL 732 5000 RNA 1956
R ASEB 2N SEIGHE RNA FE514E i RNAcontact Y
A, T BN S B E AT BRI RNA Y
KHEE . X T PLMC #l RNAcmap, B8 d i
RNA ¥4I F| ] BLAST 4k 176 2 2% i 4 b 4L 1R
VT, F6 2 58 FER SCHRE Ry R 3 (1 S
Ao 2 Ui T ATTcontact 15 S5k K T v A 25
R ER R, B BT AR . eI g S
H1, ATTcontact 7£ L/10, L/5. L/2 FIL Ff4351 3k 5]
T 084, 082, 0.82 F1 0.75 0y #E o F ,
RNAcontact 5 T 4%. 2%. 12%f114%. t4h, 5
1% 35 {9 B3 [ 33 16 J7 ¥ AT Teontact 5 PLMC A It
ATTcontact f & B KT} .

Table 2 Comparison of accuracies on different software in

test sets
Softwares Dataset L/10 L/5 L2 L
ATTcontact Rfam 0.84 0.82 0.82 0.75
RNAcontact Rfam 0.80 0.80 0.70 0.61
PLMC Rfam 0.67 0.61 0.44 0.31
RNAcmap Rfam 0.08 0.13 0.08 0.15

SN T 3 — 4 1 RNAcontact Fb %8 814 14 fE
ROC [ £ H PRCAE R T4 48 b R Ji 7 72 AN [a] 1 (.
MR IO AE R (K2) . K 2a FRZEMK
£ AR BRPELE AN TR B0 T (9 ROC i 26 AT AUC
fH. HEWTH, ATTcontact ) AUC{H 4 0.796, i
RNAcontact ] AUC{H 5 0.776, % FEH] ATTcontact
W& 5 O T RNAcontact, FH . 5E 1) — R A5 E R
ATTcontact 2 Z5 R AE(E B 5 A, BERI) AUC
fHIRF] T 0.868, X —45 AR T #5875 Fti]
RNA SR EIRT,  HERA I 2 235 ke XSS 7Y (13 T 45
RECEE, X 45 uE TR AR
Ptk ] 2b FRoR AR MR A A A1 A )1 1O
THPRC, [AIFEHL, B A5 AR AR
i ABLRY h JE A7 0 . AT, AT
RNAcontact, ATTcontact BUS T H iF-Hy45 5% (4
Mzt a2 5y B4 ). 24 ATTeontact £
T S WA e T e, 25 SRt i T
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ATTcontact FJHERAM:, LN 1 HERR I — LS5 XT
(a) ROC of the test set (b) PRC of the test set
1.0 1.0 —— 1 ATTcontact (true)
—: ATTcontact (predict)
0.8} 0.8 ——: RNAcontact
o 06F Sosr
S o4l 804k
g & 0.4
021 ——: ATTcontact_true (0.868) 02+
, ——: ATTcontact_predict (0.794)
ol | -~ | o RNAIcontact ((|).776) | ok, | | | | 1
0 0.2 0.4 0.6 0.8 1.0 0 0.2 0.4 0.6 0.8 1.0
FRP Recall
Fig.2 Comparison of ATTcontact and RNAcontact
(a) The ROC of the test set. (b) The Precision-Recall curve of the test set.
24 FHEERI SCAE R A R R 4 SRR VR T RO B ] X5 R

R T RFEA RV RE R s, AR 4351
R —4ER R (RNAF4) A4, ATTcontact
FER R AR EfE A T R Fi 45 8 (£3),
GERENT, Y HAH LA YRR AR, s
XA AT B S BUmk, FEL/10. L/5. LI2 ML
T Bl PR T ) 7 A 2R 43 ) 4 510 0.82 . 0.82, 0.80 Fll
0.80. i I3 7 220 W A B A S M S R 1 Sy Bl
TURRRAEE A AR, R B vE R R T s
F o BAFEIEREE AT A, 45 FE R Y
A MR YRR EA BRIVE T . B, P52
JE R S M AL, BER A BIAE /10, L/S
L2, LY E o5l %8 17 082, 0.81, 0.78.
0.74. 4k A 3AFFEAE T, AR 38 3] 5 g B T 1
R, IR A 2% B4 A RRE R SRR
ZRIOME R . Mo, BB REEHE N AR,
FERIAE L/10, L/S. L2, LY 5k 8] 7
1.00, 0.99. 0.98 #10.96, Kb, ATTcontact HA
[EY IR e E YNy ey i

TR R, RNA B 45 H % RNA Bl &
UK BLAT e e, OB 250,
Ja AL E R R . X% O RNA BRI 7E — 4
(Al R AR R, il R R A AR PR B AR
BCXT A B o HEER BT JL B R SR AT B
FoXF, ABAE =i s [ rh e A ik, N ITTAE RS
& E4ERRE RNA =5 MRR0E . P 2556 R AE
L0 BTG RIN A 2] TR g R . X R IR
A FR RIS RNA T FIES, GBS 2751 L XT

Table 3 Comparison of accuracies on different feature

combinations

Features L/10 L/5 L2 L
PSSM 0.35 0.34 0.25 0.23
SS 0.82 0.82 0.80 0.75
Cov 0.60 0.37 0.24 0.18
PSSM+SS 0.83 0.81 0.79 0.75
PSSM+Cov 0.72 0.65 0.53 0.44
Cov+SS 0.82 0.81 0.78 0.74
Cov+SS+PSSM 0.84 0.82 0.82 0.75
Cov+SS (True)+PSSM 1.00 0.99 0.98 0.96

2.5 FRiNsEH

AR 43 S8 43 5 L #R 3 A4 AS [F] B9 RNA T 41
(PDB ID 4 i Jy 1P50. 3F2Y. 2A64) % J& /R
ATTcontact 1 RNAcontact )25 5+ . &l 3~5 43l 7~
TELIFERIT, AN A RNA P51 A4 5Bk E & = 4k
gEME, ERAEY, (a) b ATTcontact Fi| H B8
(1) R P ) 1 SCHR & s (b) Ay AT Teontact F)
FH I A — R 25 A9 A5 B B SCER B (¢) W% sk
RNATE =425 [ By /R, 203850 3R X =4
E R EmEAE P AE e, iR iR R
X = G 45 ¥ A7 HEEE S A B B R EE X (d) FROR
RNA contact F FH Tl it — 2 254045 21 1 SR &
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Fig. 3 Contact map and 3D structure of 3F2Y
(a) The contact map of ATTcontact by native secondary structure. (b) The contact map of ATTcontact by predicted secondary structure. (c) 3D

structure of 3F3Y by PyMOL. (d) The contact map of RNAcontact by predicted secondary structure.
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Fig. 4 Contact map and 3D structure of 2A64
(a) The contact map of ATTcontact by nature secondary structure. (b) The contact map of ATTcontact by predicted secondary structure. (c) 3D
structure of 2A64 by PyMOL. (d) The contact map of RNAcontact by predicted secondary structure.
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Fig. 5 Contact map and 3D structure of 1P50
(a) The contact map of ATTcontact by nature secondary structure. (b) The contact map of ATTcontact by predicted secondary structure. (c) 3D
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Abstract Objective Long non-coding RNA play an important role in genetics, metabolism and gene
expression regulation. But it is time-consuming and costly to analyze the RNA structure by experimental
approaches. However, prediction software based on co-evolutionary algorithm has not made breakthrough
progress in prediction accuracy in recent ten years. Therefore, it is necessary to propose a new prediction
algorithm to accurately predict the tertiary structure of RNA. So, this paper develops prediction method of base
contact map of RNA that can be used to improve the accuracy of tertiary structure prediction. Methods To
utilize the physical and chemical characteristics of RNA, we propose a deep learning algorithm based on multi-
layer convolutional neural network and long short-term memory networks to predict the contact map between
base pair. In addition, we employ attention mechanism to deal with complex global spatial independence features
in RNA sequences. Results By combining multilayer neural networks with the attention mechanism, our
method can effectively obtain local and global information in RNA features, which improves the robustness and
generalization ability of the model. The computations show that the proposed model achieves 0.84, 0.82, 0.82 and
0.75 prediction accuracies for the base contact map of 4 criteria (L/10, L/5, L/2, L) of sequence length L.
Conclusion Prediction method based on attention method is better than traditional computational methods and
common deep learning algorithms, respectively.
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