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K8 JE4ISRNA (Long non-coding RNAs, IncRNAs) 24 ffd 3 5 FIAE T E B R HEE 7, BERRFETRE
SRHE MR KAE. LncRNAsEE BT 5% A B A E/EH (IncRNA-protein interactions, IncRPIs)
SRRIELYZINEE. Fik, FFRIncRPIsY T ##IncRNAsHIThRE RACHEIREXEE., Hil, SHHES
KT C AR BT IncRPISH B A, (R0 SO IAF MR A BB PR . MiRNAsFE & 5mRNAs
245 SHERVLE, MIncRNASH/E N TEFHE N IEIERNA, TH4HEH S5 A miRNAsR B S iE T ERERIX.
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Abstract

Long non-coding RNAs (IncRNAs) are crucial regulatory factors of cell proliferation and death, its
dysregulation may lead to the occurrence of a variety of diseases. LncRNAs play biological func-
tions mainly through IncRNA-protein interactions (IncRPIs). Therefore, it becomes essential to
study the interactions between IncRNA and protein (IncRPIs) for exploring the function of IncRNAs.
At present, almost computational methods depend on known IncRPIs to build a model. However,
the samples that have been verified are limited. MiRNAs mainly bind to mRNAs to cause gene si-
lencing. As competitive endogenous RNAs (ceRNAs), IncRNAs can indirectly regulate gene expres-
sion by competitively binding miRNAs. This study proposes the LPI-MAM method, which uses
miRNAs as mediators to expand the prediction range of IncRPIs. The features of sequence, struc-
ture and composition transformation distribution (CTD) are fused and then input into the inte-
grated deep learning framework of convolutional neural network (CNN) and independent recur-
rent neural network (IndRNN). The results indicate that LPI-MAM has achieved good performance
on benchmark dataset. And by constructing a visual interaction network, it is found that the model
has the ability to predict unknown IncRPlIs.
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1. 5|8

k49 RNAs (non-coding RNAs, ncRNAs) 2 5 A w2 )i Y RNA. 245 ncRNAs KB AT LK H
43 N7/ ncRNAs F14: ncRNAs (long non-coding RNAs, IncRNAs). LncRNAs $% il & 54 35 . $H A 8Y 225
ZAMREARTTE, BRRIATTRES SR 2R AR L. Kk, #R% IncRNAs 2 RE A BT 38 g AH 50
FIMLEE . — KL, IncRNAs 7] LA A2 R8T EY) /7, 41 miRNAs. mRNA. DNA Fl& A JiE[ 1],
Hr, IncRNAs 5% A i fAH EAF F (IncRNA-protein interactions, IncRPIs) & IncRNAs & % H IhHE At 5 2
&1, B, wLLE T IncRPIs K 1 f# IncRNAs 1)) g 1A S50 19 A mALHI[2] [3].

LncRPIs 7] LI SEge /7 vESeE, W n] PLEE v R E Tl . vHE R IE 2 I TS 2] IR
2 S B 2 B0, BT DU Y S sR iRt B 2 L. H AT &G 1 2 1HE 72 0T AT IncRPIs. Muppirala
SEN[A4RH T RPISeq, ZJ7AM A RNA FIEE 57 51 80 9 AR TG RNA-2 AR AR . 2R
Ja#& t RPISeq MM FIARAAR, 7 il & A8 FH SCRF m) & HL(support vector machine, SVM)H] RPISeq-SVM F1 g
BEAHLAR K (random forest, RF){] RPISeq-RF. Peng %5 A[5]#&HH | RPITER. %77 V2@ id Uk Bk & = TR AE
(conjoint triad feature, CTF)Zwf5 , {# RNA F15K [ )i B 41 i 7 1 F1 25 ) F51iE . Pan 55 A\ [6]32 H T IPMiner,
B R HER 1) H g iS4 N AT RNA JF 91 276 RFAE Th i BUSS 80 7 51 B o AR 5 F B IS 5
NI RF H. Xiao ZEAN[7)#2H T PLPIHS, B H =T MZAHRL, #A)5iH1d HeteSim 845115 IncRPIs
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TE P28 i AR B8 RV o 5305 » SVM 73 R4 B F1Z0F 4 Tl IncRPIs. Hu 58 A\ [8]3¢ H T HLPI-ensemble,
LR T SVM. RF FIAR PR FE 311 5 (extreme gradient boosting, XGBoost) = Ff 5L IncRPIs. Ge 5 A
[9]#H 7 LPBNI, 1ZJ7WEESL | —A 50 M4, fEIERGE RN IncRNA-EE FA 2 A EAERW . A5
FE— Ty N5 % H 38 0 ZHERI N AR I 2% TR BEAS IneRNA S6F 2 IR 8 FEAT VP20 AHE R . AR TR
Wang 55 N[10]ETEREE: 2], H EDLMFC @G 541 45K = S5 /R T AR i RNA R 5
AHEAE F(ncRNA-protein interactions, ncRPIs). Huang %6 A[11]32H T LPI-CSFFR, 1ZJ7 V% R UG 7IME
B ZREKE BB E R BRSO R 1S R T 45 R TR -

IR, LA AR T S AN . £ SR80 50 IE (1Y) IncRPIs KA B . ST, T
BEIGUE ) IncRPIs AR, XA Je il 2 BOTE R VEREE R T — € FEI . 9 179K IncRPIs )]
TG, Zhou £ N[12]#&H LPI-MMHN, E#K miRNAs 1 Ay ) {435 0 2% () 75 VE R S AR AL R
IR I P 2 SRR T A OCVT 2 R T IncRPIs. MWAEY)ZTHE, MiRNAs i #lf] HA: mRNA F#I1E
IR R e MR K REIEA . T IncRNAs AJ1E N7 4+ WiEM: RNA (competition endogenous RNA,
ceRNA), 5 miRNAs 5e 4+ 145G M 1T BRI 3RIA[13]. WHARZHE, Zhou S5 A[12]385d R 77K 56
G5 M A B A L A miRNAs /E R A4 f¢) IncRPIs 7E A [ IncRPIs 1 FT &5 1 EL 2R s i) . AL,
miRNAs # 7% [E/E T IncRPIs B4R . (H 25T 2% 1) 77727l IncRPIs B, A IncRPIs 7R %%
R RES A R, XA TR R IR . Y3 4h IncRPIs W25 2 AN TN ZS 2R, BN S 40 AT AN 4
2 R M FLAR0I 45 9]

FEAREFLH, miRNAs FEAEA (a5 TR B2 2% SIS AE 4Lk Tl IncRPIs, 74 LPI-MAM. %75
FELVFINE B S5 BATH 3 #4041 (composition transformation distribution, CTD){& B A%,
T B AR Y 2% (convolutional neural network, CNN)FISH A JEI 2 M 2% (independent recurrent neural
network, IndRNN) At 5 il B 2% SRR SR EURFE , ¢ J5 R softmax B& 0% IncRPIs #EAT T . 45 % 0,
7t RAIDv2.0 £l RP15392 % #i4E I, LPI-MAM [HERGZ 53719 92.23%F1 98.83%. L LPI-MMHN [12].
RPITER [5]. IPMiner [6]F1 PRPI-SC [14] 550, A SCHEH 1) LPI-MAM AR A M Re s i - E4h, 18
b AL AT AL TN X 4% 2% B LPI-MAM A T8 122 o R R

2. MR E
2.1. EEHUESE

RAIDV2.0 [15]/& — N RHUEE ) AL 735 A ELAE B P2 - AT 58 AN Zhou 48 A\ [12]42 H1 ) LPI-MMHN
WP R T 1356 4 IncRNA-miRNA AHHAE . 1156 /N 5 -miRNA A 5 AF FH BLA 1925 > IncRNA-
EAFMEAEA. A IncRNA-miRNA FH A FFE [ -miRNA A EAE A& 3L F miRNAs §iik H
Kitr. ARJE, HRAECRAER 1925 4 IncRNA-EH H BAEX, M 1356 4~ IncRNA-miRNA HAEXAI 1156 4
F -miRNA B AEX ik H 2329 4> IncRNA-miRNA-E [ HAEGHE A AEA . BT RNAfold [16]7:1
IncRNA HIE —RERIES, NARUEX B F) H B §8(minimum corresponding free energy, MFE)& /)N, F41#K
FEMEBRAIAE 1 3N &It 2134 > IncRNA-miRNA-ZK A BAF X E A B PEREA . P REA A 2089
> IncRNA-miRNA HAHHEAER, miRNA-EHAMHEAEA, A IncRNA-E H 2 [8%A HBAEH A,
A% 7:3 PR . — ARG, IIGEE 1493 X IEFEAR 1462 XF AFEA . 57— 2 Ak
£, 17 641 NIEFEAR 627 MuFEA . SRJ5 M Zhou 25 A[12]#2 Hi ) LPI-MMHN #f 7t 7, T %k 20425
X} IncRNA-miRNA, 1349 X} &% [F1-miRNA F1 2803 X} IncRNA-& (5. F AL T ETE I ZhEE, ms
4 RPI5392. 1ZH 4 5 2 RAIDv2.0 ¥ e 1 K 22 Bkl 25 5 1) Pl 52 B A FH 8 A >k 1) — AN B K1
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2.2. $FAEIREN

2.2.1. FH4RME

LncRNA /7 415KJEF NCBI ZE[K FE[17]. MiRNA /741 )\ miRBase 4is /2 135£3 18], 5 57 415K
JET UniProt U FE[19]. XTI EEREI IncRNA, M Ensemble 4 7 48 22[20]. AHF 78K A RPITER
[513R H 7 2 gmtis J7vds, ARG RS k-mer X IncRNA. miRNA FlE [T 469 . X T IncRNA %
£ 1-dmer iS5 340 (Z‘k‘:l AN R . T miRNA I PVEGE, #5185 1-dmer 4ifD, S840
FEid FRRiEi[21]. BIEIESE 1-3mer X miRNA Zwfd, 753 84 (Zz:1 FNATEEMRIS AR . ST EAR,
$ 20 Fhaa FERR T2 M BE AR 738 G1~GT 12K, 1EF¢ 1-3mer £33 399 4\(2;% )NTCER G i
R
2.2.2. GE5¥IYRES

LncRNA (4515 Eilid RNAfold [16]F#5%]. LncRNA i) 4 M AR X AIZEIX, H$E5 A
MR AR 458 i SOPMA [22]Tiili#3 3], & 63 a-helix (H), B-sheet (E)F coil (C)=FhZ54,
H “hec”Fim. 5FFHEHRDZRML, SRt FBCE k-mer 412 . LncRNA i%E# 1-4mer 1521 30 4
(X2 A, R 1 3mer 3] 39 41X 35 iR

2.2.3. tARREEIR ST FRFHE

CTD R -T2 F HF o A [23] [24], F£ 30 4. AW 74 CTD $#4E KK R IncRNA Al miRNA
IS HIE B [21]. AR B A R e i A T IR B R ST IR e B b, e R R AR
S8 PR T A% Y IR i 5 R T L S TR A R R PR AR 1 L o 23 A AR AU 2 6 LA AR P T A% 1 TR
T EERKPE—. 14, 12, 34 iR — M EHITHKINE. BiE—1 RNA BF5H
“CTGTAATCACAGCTGTCAGG”, T8 i% RNA ] CTD 4H4E i+ id 2. i% RNA FEFIALHE 54 A
50Gy SATAHRIS A Co IBALLEAFIES BN 025, 0.25. 0.25 F10.25. FEHAEFAES 514 0.105 (AT).
0.211 (AC). 0.105 (AG). 0.211 (TG). 0.211 (TC). 0.053 (GC). /M ARHHIEMITHE LT RE A A, %6—
ARSI T FAIRIEE 5 AL E . 1/40 124 3/4 FliRfa— AT R b 728 6. 9. 11, 18 fir. Kk, A
SIARHIEA 025, 0.3 0.45. 0.55. 0.9. CTD FFEFH B G ML ERRATE KA, &4 IncRNA
miRNA # A AR A — A 30 4 HUHFIE A &
2.3. BRI

A it ) IncRNA . miRNA FIEE (4 57 17 SR . R EEMIAFIESE & CTD $FAE, 4 BITE R 400 4
438 HEFN 114 4ERFFAE M B . KX = ANEFAE B H N CNN M4, SREUBREI = AR IE . SR R 2
IR S BRERI N E] IndRNN 2, 22 JRHEZ B RIR R BJat IndRNN JZ 1) =M EEEAE— i,
FIF softmax JE B& Z05E T . N TAERFE WA 1 Fios.

2ot — R 5, EFE=)E CNN 454 — 2 IndRNN F @I ZRi iy, @l b A R B S5, et
SIE L PR K/ AR/ IndRNN Bl R /NaE, A BENLIE BB IE SRR T B AR bR 2R 1R T 2%
WIZHEAENEEL 35 JEIARST 45,0 964 128; 2 K/h 6. 64 6; EfL%: 02, 0.2, 0.2; IndRNN FRjEK
/N 64s AESRIZ RN 64 KT IncRNAs T, Br T WK/ 6. S F1S 4k, HAhSHES&EA
AR . MiRNA TS 505 IncRNA — 80, HRWZR/NGAN 6. 4 F1 5. I fa = 2 5e A
ZIC AN 128, 64 F1 2. A Keras2.3.1 5E .
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Figure 1. Flowchart of the proposed method LPI-MAM
1. LPI-MAM #i2E

2.4. FEIEHR

Dense(128,relu)
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0/1
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/l output l

AWFFERA 5 G XIRUERTTE, ERE L. HERIRI AR TR, Ah, 2kE TARRHE

2k (receiver operating characteristic, ROC) | [ FX(AUC)F8 bx 4k 15 1

ACC = TP+TN )
TP+ TN+ FP + FN

SEN=— 1P Q)

TP+ FN
SPE= 1N _ (3)

TN +FP
PRE TP 4)

TP +FP
MCC = TPx TN xFPxFN )

J(TP+FP)(TP+FN)(TN +FP)(TN +FN)
Fl=2><SEN><PRE )
SEN + PRE
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:

JESCHE 2

o

Horb TPACGREFHPEFEAS, TN N BB PEAE A, FP R B P PEREAS , FN A2 AR VERE A o #E 1 % (accuracy,
ACC) 72 K7 T IE A R AS o S B A b sl o R B (sensitivity, SEN)FRZR BT BHMERE AR B X E 91
5 5 P (specificity, SPE) B IPEREA ) T RE 7. ¥ BE/Z PRE (precision). & HiAH % &£ (Matthews
correlation coefficient, MCC)H T IE A FE AR EA P HIE ML F1 0% % SEN Ml PRE # % fEEN LR &
AR o

3. 58
3.1. FREARHEE EREERI

FIEE K] LPI-MAM R ZE 5088 42 RAIDv2.0 11 RP15392 FifATII4R. M 1 ATLAEH, RAIDv2.0 3k
PE4E 1 ACCIE N 92.23%, AUC {H N 96.80%, RPI5392 3 45 1) ACC1E N 98.83%, AUC{H N 99.67%.
TE W3 FP O 1 25 3R I H A8 407 1) Tl 2 B o

Table 1. Training results on RAIDv2.0 and RPI5392 datasets
= 1. BIEE RAIDV2.0 #1 RPI15392 LHYIIZRER

G ACC (%) SEN (%) SPE (%) PRE (%) F1 (%) MCC (%)  AUC (%)
RAIDv2.0  9223+0.12 9347+028 90.97+031 91.40+026 92.40+0.11 84.53+023 96.80+0.09

RPI5392 98.83+0.02 96.01+0.10 99.44+0.02 97.35+0.09 96.67+0.06 95.97+0.07 99.67+0.02

3.2. FHESTHT

T A3 TR g NAS R AE AU R AR LA I I RE 22 57, R AL R 341, A 5458, R4
5 CTD, #4515 CTD, J¥¥. 415 CTD 5 M&ILE RAIDv2.0 Al RPI5392 ##i4E FabATillZk. 4550
%2, [ 2 AR E R 4R RAIDV2.0 I ZR15 2 ROC B2 FURE 1% — 74 [71 3 (precision-recall, PR)H 2% .

ROC curve PR curve
1.01 ~ 1.04 T
o 0.8 ff
= 0.91
~
206 5
E .é 0.8
= 0.4 s
= 0.7
0.2 — Seq+Struct+CTD (AUC=0.978) —— Seq+Struct+CTD (PR=0.980)
— Seq+Struct (AUC=0.974) — Seq+Struct (PR=0.975)
— Seq (AUC=0.976) —— Seq (PR=0.976)
— Seq+CTD (AUC=0.973) (0.67 — Seqt+CTD (PR=0.974)
0.0 “ Struct+CTD (AUC=0.970) Struct+CTD (PR=0.974)
0.0 02 04 06 08 1.0 0.0 0.2 0.4 0.6 0.8 1.0
False Positive Rate Recall

Figure 2. Model performance with different feature inputs on RAIDv2.0. The left figure is the ROC curve. The
right figure shows the PR curve

B 2. 7£ RAIDV2.0 EREFHEMABTROR BN RE. B ROC HiZk. AIEJ PR BhZk

M2 aTLLEH, 2 NG HIRFAER] CTD HRAER, BAL 7 MR bs KT AR &, BE0
PG B EEME . 75 RAIDV2.0 HUR& b, U A RHERIE RS, BB R RS R m .
1 ACC 1A% 92.23%, AUC k%] 96.80%. [FIFE, M7 3 nJLUEH, 78 RPIS392 FdEEr, YT RHIEHT
YEFINET, #3[%) ACC. SPE. PRE. F1 1 MCC f&#rfk =, KA SEN EIK TN T FI A A,
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Table 2. Training results of different features on RAIDv2.0 dataset
3 2. HiEE RAIDV2.0 L REHHERIIZREE R

N
H

VG S
Fr 31
o + 45k
F%| +CTD

44 + CTD

FPBl + 45%4
+CTD

ACC (%)
91.88+0.12
91.98 +0.33
91.74+£0.22
90.91 +0.28

92.23£0.12

SEN (%)
93.02+0.22
93.09 + 0.49
92.86 £0.26
91.67 £ 0.39

93.47+£0.28

SPE (%)
90.72 +0.31
90.85 + 0.40
90.59 + 0.33
90.12 +0.27

90.97+0.31

PRE (%)
91.16 £ 0.25
91.27 £0.36
91.02 £0.29
90.52 £0.25

91.40 £0.26

F1 (%)
92.05+0.11
92.14 £0.33
91.90 +£0.21
91.06 +0.28

92.40 £0.11

MCC (%)
83.84+£0.24
84.03 £ 0.66
83.54 £0.44
81.87 £0.55

84.53+£0.23

AUC (%)
96.73 £ 0.15
96.71 £0.10
96.54 +£0.14
96.37+0.16

96.80 + 0.09

Table 3. Training results of different features on RPI5392 dataset

3% 3. BUIEEE RPI5392 EARIEHERMINGE R

ACC (%)

SEN (%)

SPE (%)

PRE (%)

F1 (%)

MCC (%)

AUC (%)

2l
A+ 45k
K% +CTD

44 + CTD

FPo + 45k
+CTD

98.80 + 0.03
98.82+0.02
98.80 +0.02
98.61 +£0.03

98.83 +£0.02

96.02 £0.13
96.07 = 0.10
96.02+0.11
95.35+0.13

96.01 £0.10

99.40 £ 0.04
99.41 +0.02
99.40 + 0.02
99.31+0.05

99.44 £ 0.02

97.16 £0.16
97.22 +£0.08
97.18 £ 0.09
96.76 £ 0.22

97.35+0.09

96.58 + 0.08
96.64 + 0.05
96.60 + 0.05
96.04 £ 0.10

96.67 £ 0.06

95.86 +0.10
95.93 +£0.06
95.87 £ 0.05
95.21+0.12

95.97 £0.07

99.70 £ 0.02
99.69 + 0.02
99.70 £ 0.01
99.63 +0.02

99.67 £ 0.02

33. EEMAEKER

#iZ A LPI-MAM 5 LPI-MMHN [12]. RPITER [5]. IPMiner [6]#1 PRPI-SC [14]PUFf 72 b4,

en

-1

BinZk 4 Pfros. WFE 4 FEETLIEH, LPI-MAM B ACC. SEN. F1 fl MCC B & THMER, HF
SPE {& %% RPITER #1 PRPI-SC, PRE # AUC & I&{&T PRPI-SC. &KL, A 72 H £ LPI-MAM
FEARNE BE A& B AP

Table 4. Compared with other different methods on RAIDv2.0 dataset
4. FERIESE RAIDV2.0 E5HMTREFHELR

i ACC (%)  SEN (%) SPE (%) PRE (%) F1 (%) MCC (%)  AUC (%)
LPI-MMHN 72374000 62.12+0.00 73.84+0.00 32.80+0.00 34.94+0.00 29.04+0.00 82.10+0.00
RPITER  73.58+0.95 47.38+3.95 91.67+1.35 81.50+1.70 58.67+329 4538+1.63 83.96+0.20
IPMiner ~ 77.37+1.16 61.00+2.45 88.67+054 78.95+1.19 6855+2.03 52.61+250 74.83+135
PRPI-SC 9218021 92.73+0.84 91.61+1.05 92.04+0.83 9229+0.19 8452+0.33 97.56+0.15
LPI-MAM  92.23+0.12 9347+028 90.97+031 91.40+026 92.40+0.11 84.53+023 96.80+0.09

3.4. I IncRNA-miRNA-ZT A RMLE

¥ RAIDv2.0 43 tH ) = B A A, NS SRR AL, 15 2T 25
cytoscape [25]4% IncRNA-miRNA-Z H M. HTHKEMNHEEH, S&EFH®E 3 MEES.

o KA REN
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Figure 3. Prediction network of hot spot protein FMR1, DGCR8 and PTBPI. (a) Prediction network of hot spot protein
FMRU1. (b) Prediction network of hot spot protein DGCRS. (c) Prediction network of hot spot protein PTBP1

3. S EH FMR1, DGCRS8, PTBP1 HIFUNIMLE . (a) M mEH FMRI1 MIFUNIMLE, (b) #=EB DGCRS BIF
ML, (c) P aZEH PTBP1 HIFRNM 4
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