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Improving RNA Base Interactions Prediction Based on Transfer
Learning and Multi-view Feature Fusion

WANG Xiaofei, FAN Xuegiang and LI Zhangwei

College of Information Engineering, Zhejiang University of Technology, Hangzhou 310023, China

Abstract RNA base interactions play an important role in maintaining the stability of its three-dimensional structure, and accurate
prediction of base interactions can help predict the three-dimensional structure of RNA. However, due to the small amount of data, the
model could not effectively learn the feature distribution of the training data, and existing data characteristics (symmetry and class
imbalance) affect the performance of the RNA base interactions prediction model. Aiming at the problems of insufficient model
learning and data characteristics, a high-performance RNA base interactions prediction method called tpRNA is proposed based on
deep learning. tpRNA introduces transfer learning in RNA base interactions prediction task to weak the influence of insufficient
learning in the training process due to the small amount of data, and an efficient loss function and feature extraction module is
proposed to give full play to the advantages of transfer learning and convolutional neural network in feature learning to alleviate the
problem of data characteristics. Results show that transfer learning can reduce the model deviation caused by less data, the proposed
loss function can optimize the model training, and the feature extraction module can extract more effective features. Compared with the

state-of-the-art method, tpRNA also has significant advantages in the case of low-quality input features.

Keywords RNA base interactions, Transfer learning, Data characteristic, Loss function, Convolutional neural networks

FIFEHE: 2021-12-16 EAE AR 2022-05-11

HEWiH: EEXBARERS (61573317)

This work was supported by the National Natural Science Foundation of China (61573317).
WEEE: R4 (zw@zjut.edu.cn)



Computer Science 5 ML 2

jilll

1 3

RNA [ =445 e A A i sl b A £k
EER, AR TR IR, [HCmgi
R RNA ks b, W, SR HEITH
AR(X AT BREIERA R TS50 JlE
RNA 25 ) 75 ZEHE 3 X5 (¥ R USRS (] 1. (R E,
FIT5E RNA S EiH HERFERIT K. ©
HWEFIFRY RNA BIEAR TR ARV WA 5%
P 2 e A A U0 ASE R O o A A T
RNA Bl FEAH LA F R T 3w 45 1 To0000 4 2 14
A SEAT AL,

SR, B RNA BRESHH B4R A 00 7 v
(L3130 e 368 Jo 489 N RF AR R AR TR RL (R Mk B, T 22
W T K D AR AL I A R (B
AT RE 7R 5 2 SIREAR I RHAE 70 A, BETT
SERANREMA) o RS BRI HES)
THEME B SUEAR AE SO R R, HRD
MBI T RNA BEAR B A BNAE S5 h e [
TINS5 i FE B A7 (Rt 2 M R (1
IZRIEAR,  BUSREAS BEHAA IR BREE ) 75
FIEAEF, BOSSAIASTET R LA F Bk e
BN TS A ELAE P IO BREE A B0 ) FIBOR (o
PRAFIE IO RS AR LA F B 0 FRHERE)

YTk, ARH P RNA B3 HIE 1 B
77 tpRNA. tpRNA 7324 3 M4 1D 5IAIE
o 2 IOV AR B B/ DI BRITIE R, IR ER R
FRAEE R pre protein /EA tpRNA [T 2k
B 2) $2H4 MFF (Multi-view Feature Fusion)
PRTHRFAESRELAE /1, JF A ResNet!®f i 0% g
MFFnet ERHZ ML 3) FpflHiR B E tpLoss
BEAR B e = AL U2, 7E MFFnet Hh 4%
pre_protein 124, LL tpLoss VIl £ 10 155 B4
tpRNA. FEAENHARH, FINTFE Y I Bk
TR T 4% 2] W, tpLoss fAk T BEALY

1) https://github.com/xiaowang121/RNA

R, MFF EERA & 1 0 I S H0HE B RFAE 42 X
A€ 1. 5 E S J7 15 RNAcontactlBIAH L
tpRNA 7E L/10 PR T _E B B 2 13
2 RNAEMEEIER TN

RNA 55 AH B A F T 55 2 14 )57 5k ik 43 fi
TRMAEARL, #2 TM —5K contact map (Bk&:4E
i | BB (AR EAE D, B R AL ARAE
o3, W1 BRI YRR, B RN,
SR X0 3 I SNTTE S OP L E AL TRl
(Multiple Sequence Alignment, MSA) it & %
L BUHAE (1 A B2 DU i i B B 2 T
AAEAER, B RNA A B X AH B AR
— AN R AR AR AT 5 — M EEEAN T RNA
DIREMIATIE TR A, Ak, fAd HAEH
TR AR N R KRR A HAE
(N>24) , PREMEAEM (12<N<24) MIFEREAH
HAEM (6=N<12) .

(a) lem8D & [ (b) 1f7u_B RNA

1 B P TS A L1

Fig. 1 Residue contact map and base interaction map

P WA SAE T 1) R ARREA 20 F
AL, 1M RNABREE U 4 Fhs 2) FRIEREAR I,
HEI Cp CHEER N Co T I/NT 8AP, i
B B 0 A B AR 4R E AT AR R - 2 TR e
FEE/NT 8ARL 3) B EARAEL S
T RNA ¥ &,

TR B2 ] AR R T AR T e SR TR AT 5%
B f PE BE . W1 RNAcontacti®], MappredIHI

ResPREU3), {EX 771515 UM 17 H00s 4 1 o A6



EBE, &

ST IR 22 2 AN WL PR E R 5 B i RNA B AR ELAF FH T

RN ZR I o

5 R A ARk 28 DA AT AE A e ek )
R, A RERS 27 21 K BAT FABRRAIE 73 A1 1 8 115
PRIEFMBERAE N TN R, DA AR AN 78
Iy S T, LT R BR B AR 28 I 2% [
RBAEAF X BRI ZR 520, 3215 RNA B2k
FHELAE F TAE: 55 FORE JEE o

3 ETIBFSIFFHER S HY RNA fRE
HE{ER TN %
tpRNA HJBARES I 2 fros, B A fl
B 7 AIVEARIAS B T AR RS S RNA B
FEAN LA AR 55 OB SRIUNURHE SR I B, C
A1 D LR R T PMESS IR

A (Protein : MSA generation and feature extraction) B (RNA: MSA generation and feature extraction)
protein sequence RNA sequence
HHblits 0] 2 Infernal
[Orwelestsn ] ® i
MSA MSA
C (Protein residues contact model—pre-training model) D (Prediction model of RNA base interaction )
Numbers of 8 @ @ Numbers of 6
f—/% /—)%
o 3 -
g S b 3 S
El < Q P <
o g% 2 X X 3 v v . g
= % 2|z X gIZ2[—1% |~ — | — =
3 2| cll® pt & = = Q 1§}
s ik 7E £ 5 2
N @ o o g g
load % §
— s
Used for auxiliary loss g <
® g2
2%
E (Interpretation process)

@ Use the HHblits tool to search for homologous sequences in the Uniclust30
database

@ The inverse covariance matrix between residues and the covariance matrix
between bases are calculated and converted to tensor form

@ Use the Infernal tool to search for homologous sequences in the nt database

®

Input feature of the model (L is the protein sequence length, N is the RNA
sequence length)

® Weight parameters of the model (remove the input and output layers of the neural
network)

K2

BasicBlock

Basic residual block of ResNet neural network

A feature extraction residual block proposed in this paper

:

Normalized layer: InstanceNorm

ReL U6

} Activation function

Sigmoid

Load the parameters of the model as pre-training weights

tpRNA [ kS5

Fig. 2 Overall structure of tpRNA
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Table 1 Prediction results of different network structures

L2 L/5 L/10
Model

short mid long short mid long short mid long short mid long

ResNet34 0.37 0.431 0.509  0.523 0564  0.657  0.655 0.703 0.75 0.698 0.746  0.785
ResNet36 0379 0431 0.508 0.536  0.577 0.658 0.685 0.692 0.768  0.707  0.716  0.789
ResNet38 0.368 0429 0517  0.536 0.57 0.650 0.66 0.678 0.752  0.705 0.72 0.791
ResNet40 0.37 0.439 0.5 0.547 0.6 0.657 0.69 0.715 0.75 0.729  0.741 0.789
ResNet42 0.365 0439 0517 0533 0.598 0.665 0.687  0.714  0.756  0.716  0.735  0.804
'MobileNet33 0344 0397  0.468 0.493  0.553 0.627  0.631 0.696  0.726  0.664  0.733  0.774
2MobileNet33  0.353 0.411 0.485 0.512  0.567 0.655 0.659  0.692 0.748 0714  0.724  0.773
MFFnet30 0.37 0.443 0.504  0.532 0.596  0.648 0.671 0.705 0.751 0.731 0.736  0.789
MFFnet36 0.37 0.431 0.51 0.54 0.582 0.652 0.68 0.709  0.757  0.725 0.731 0.791
MFFnet42 0.37 0.431 0.523 0.53 0.576  0.672 0.679 0.72 0.771 0.748  0.741 0.803

R AL R R

Table 2 Model complexity of different network structures

Model Flops /G Params /M
ResNet34 50.31 1.26
ResNet36 53.27 1.33
ResNet38 56.22 1.4
ResNet40 59.17 1.48
ResNet42 62.13 1.55

"MobileNet33 7.26 0.179
“MobileNet33 7.86 0.194
MFFnet30 7.86 0.198
MFFnet36 9.41 0.237
MFFnet42 10.97 0.276

Fz 1w, L, L2, LS A L/I0 K 4.1.3 F5%)
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W 2 7R B AR E T BOE G  64-64-96; MFFnet30
T BREEN 30 HEEHIREF 64 ) MFFnet.

RSN CxWxH = 25%200%200 5

BRI . R 2 LU L, 224

1) https://github.com/xiaowang121/RNA
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Fig. 4 Prediction results in L/5 range
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Fig. 5 Prediction results in L/10 range
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7~ MFFnet36 K1) CE Jll%:; CE!Jy MFFnet36 X
Fi CE, SiBhBiRAN 4 Rk MACESN 1 A
#9145, CE? 77 MFFnet36 M CE AR =
0.1 ¥ 19 %l Bh $1 & H1 T I 2% 5 baseline
MFFnet36 KHa = 0.20 1) WCE #iTIlZk: +8
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Table 3 Comparison of different loss functions

L L2 L/5 L/10

Loss
short mid long short mid long  short mid long  short mid long
CE 037 0431 0.51 054 0582 0.652 0.68 0.709 0.757 0.725 0.731 0.791
CE! 0364 0419 0516 0518 0586 0.664 0.664 0.710 0.769 0.728 0.748  0.805
CE? 0384 044 0514 0.545 0588 0.659 0.698 0.703 0.749 0.739 0.736  0.793
baseline 038 0432 0.522 0535 058 0.663 0.699 0.736 0.769 0.759 0.77  0.802
+p=0.1 0381 0449 0525 055 0.608 0.683 0.702 0.735 0.777 0.76  0.773  0.804
+p=02 0382 0429 0522 054 0591 066 0688 0.711 0.749 0.744 0.738 0.793
+p=03 0376 0433 0497 0.537 0589 0.641 0.687 0.705 0.754 0.734 0.722 0.781
+p=04 036 0415 0501 0.508 0.564 0.652 0.652 0.69 0.758 0.725 0.744 0.779
+p=0.5 0378 0437 0.505 0.531 0.585 0.666 0.666 0.709 0778 0.712 0.731  0.809
+p=0.6 0376 0417 0506 0.548 0.57 0.666 0.693 0.71 0.759 0.753 0.757 0.789
+p=0.7 0377 0404 0505 0.524 0.541 0.654 0.658 0.668 0.764 0.684 0.700 0.792



Computer Science 5 ML 2

+p=08 0372 0434 0513 0533 0.580

0.660 0.703 0.751 0.724 0.736  0.778
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Fig. 6 ResNet: different loss calculation strategies
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Table 4 Prediction results of TE79 dataset

L L2 L/5 L/10
Model
short mid long short mid long short mid long short mid long
ResNet36 0.379 0431 0508 0.536 0.577 0.658 0.685 0.692 0.768 0.707 0.716 0.789

1) https://github.com/xiaowang121/RNA
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