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Abstract

Long non-coding RNA (IncRNA) refers to a class of RNA whose sequence length is more than 200 nt
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and cannot be directly translated into protein. With the continuous development and progress of
bioinformatics, researchers have confirmed in many experiments that long non-coding RNA plays
a crucial role in human development. It usually interacts with proteins to fulfill its biological func-
tions, so it is very important to predict the potential association between long non-coding RNAs
and proteins. In this paper, we propose a model called LPIMC that uses matrix completion algo-
rithms to predict the interaction between long non-coding RNAs and proteins. It can generate a
new adjacency matrix by using heterogeneous networks combining long non-coding RNA similar-
ity network, protein similarity network and long non-coding RNA and protein interaction matrix,
and achieve matrix completion by minimizing the nuclear norm. The model can effectively predict
the long non-coding RNA-protein association under 5-fold cross validation.
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1. 4R

k4S9 RNA (Non-coding RNA, ncRNA) 28 A2 5 %t =4 T H B 1) RNA, X458 RNA S350 N2
TN, KBEdE4R% RNA (Long non-coding RNA, IncRNA)Z K JE KT 200 ML L IESMID RNA, B
Rtk % W LR R B A R B N B B BT, KEEEmAS RNA IR A2 5 — RVl 1, s
AR MR A, RN AE[L]. B TR R KB AR Y RNA-E H BRI R A 2
B BANIIAE O KIS 7 v m DA e P 7 1 DG I, HIX U SR I6 4343 2 1 9% O B 1Y) INF [ ) 52 Ak
Ao W4, WHRNRCEELET S RS AR 7w E LR B, FEIE TR R

UTEBAESR, R HLES 2 S 07 SR TR 55 AE 4w i RNA 5 85 (15 AH ELAF FH (IncRNA-protein interaction,
LPI) & S T F MR, Pan 55 A[2]7F 2016 “E42 H i —F L T )7 5115 SR HE & X B 2 4a b4k
HEAT TR LPI FIARAL, FRJ9 IPMiner. BfiJ5, Xiao 55 A[314E 2017 $EtH 1 —Fh#E & 4 I 2848 H HeteSim
PEOr KT LPI R4S 5, FR A PLPIHS . 75 2018 4F, Hu 55 A\ [4]1 F 26 M 55 i SR SE A T S5 ) &AL (Support
Vector Machines, SVM). FHL#k Mk (Random Forest, RF) A i 56 /5 18 51 (eXtreme Gradient Boosting, XGB)
=M, JEHAEH] T B =M [F VRS B SR B RFAE, #EE T HLPI-Ensemble #1714 2019 4F, Zhan
EN[BIHRH T —44% N BGFE 2T 741 7Kl E4mid RNA S5EAFAHEAEN, 2 A0S
H 32t 2 P 2 S BENLAR AR ) A AHEE &, IR A T 73 58 70 i AP 1) k-meers H i 56 B P 4 BBCRFAIE 1)
2020 4, Yi FA[GIRH T — M HESEMITEA RPI-SE, 1ZAA A K T BRI TE VLS (Gradient
Boosting Decision Tree, GBDT). X HEHL(SVM). M mBENIR 52, [FREIET 2SR T LPI,

REE 2 2] [FIREE KRR AR MBS RNA 58 A FH OC R F Aidsca 1R 12 R A« 7E 2020 4F, Zhang
EN[THE T —MEE T B A WS IR T S HPIEAB IR % S8, #KA LPI-CNNCP. £
2021 4=, Shen 25 \[8]#EH T —F3ET GNN KIHEw IS RNA-E A AR B/E B /7%, FRA NPI-GNN,
BRI RIS 2% (5 BAF HIME BTG IS . 75 2021 4F, Li ZE N[OJHRH T — iy i 22 308 1o f 38 ko) 2%
HEZE, SERHT LPI TN 2 BERAE, MUf# Capsule-LPI. 7E 2021 4, Jin 25 A[10]42 H —FhIE T B H 5)
SR ) 25 R ) 1) 2 D B % 23 SRR RSR TN AE 4w D RNA R A A, #KCH LPIGAC, %
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TR AR AR S i RNA AN ER )5 (9 _E S B i) B 3h g B 45 2547 13 R ZRoR 3R BURFAE -

BeAh, V2 T REEARS IS RNA-HT 15T I T )~ M 2 31 D7 8 A 21 17 AR 70 B A SR R
Ge SE N[11] PP AL AR RRAE — 20 P26 L DA FEIA AR AT IncRNA-EE AR A ELAE ] . Zhang 258 A
[12] M H T — e ek QR A% 76 T7 VR R AR DI AN [ Zhao 55 N [13]1456 1 BEATLE AE MR E WAL R AR
Vo i ARSI, SRAGBITEAE O BE AR g % RNA-ZE B UM ELAERIAT 70 R 6% . Zhang 45 A\ [14]7E AR SR fE
A BRI RN 1 IR AR it — b R AR R R fE

FEARSCH, FAFR T — PR R R b 2 SR T B AR 4 S RNA-E 1 B TLAE F 5C R A,
PR LPIMC. AR 1 Sk THCBE AR i RNA 55 2 5 50 AR ADUREL B B AH SR MR R A 2 1 — N ey
2%, B Ao PR R il RV AL A B MR BT VR R A 4 BRI RS, B 2849 B P O TINT 730
B, DA SRIOE R R B AR 2 5 RNA-ER 5 R HK

2. BURIRER

AT BE S A5 5 A NPInter v2.0 2048 FE[15] 0 T 2k 01445 21 8112 26 KA AR m % RNA-EE 1 i S
B HrR R ET 3046 MK EEJESRES RNA AT 136 MM A EA11FHIME B 44 NONCODE %#F ¢
(1611 UniProt ¥ PE[171iE S . 9 T H LR E AN ISR 4 LR L, AT M IncRNome [18] 1574 T
—NHEESE, 20D ik A NPInter EEMESY, RAAFENT 2729 XAHEAEFHESE, ¥ KXE 1184
AKAEIEGAS RNA F19 ANE R .

2.1. Y9EEARIEIEE

FATE S 3046 M KEEIES Y RNA 5 136 N I BTHEAT 1 8 dm 5, JF B R AT ) 8112 2% KKK
SRECNT — nxm 4ERATEEAERE, RARNY = R™™, n = 3046 FRKEEIERID RNA [%0E, m =136
FOREE ISR MR, FY, ) =1, WA | KRGS RNA 5538 | A8 R 7 72K
Hi Y5 =00 WSS | MKBERSHIS RNA 558 | N AR 2 A8 C AR .

2.2. faEarERERE

X HUR P v % (GIP)YARALLIAE SR [19] 73 0 M 22 K BE AR 2 i RNA 5 82 1152 AR AR AU RE % o v i A AR AL
R AR P TR R Y (40 4ME R0 AR L, 1 GS, RAVRKAEARZH 19 RNA 1) GIP ARUERERS,
i1 GS, RACKRE A GIP AR RS, AIHCHEARZM Y RNA 285BI 3E R, A AP [ R AR 21T RNA
SHANPAT B AR OB B, AP MBI MATER R Y R 104 AT RNA FTEERRARAT, RIEHAT
1A AR | AN 558 ] MKCEEIRH IS RNA ) GIP AU :

Gs, (I,.1,) = exp(—y, AP (1)~ AP(Ij)“Z) :

n= 7’1’/&2?_1

Horpy REEE TR BEARSRS RNA () GIP ARIAME IENMLAZA 558, 5 RIS SH. FE, GS, (it
HONES 2 L
3. HASIH

S B R AR G i RNA-ZR 15 SR IR TN i) ROV 0 Mg R e e 1) i, 2R ) A5 P e M A% v ok
SRARAFETRINFERE . ¥, BT LR KRS RNA 558 5 B AR B RE Y AP & 5 1)

AP (1)
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GIP ZAHBIWERERE GS, 5 GS, » FATERE T — DA K KBRS RNA-SR AR 2% T A8 HAsHERE, &

N/
T_g Y
YT s,

AFEAFH HARFERE T A (n+m)x(n+m) 4k, 8 HARHFE T i H B2 ARRAE SR AR 1K 8RR
i RNA-EE 1 B TR0 70 R AR R B . B0 T HARFE B AR 0, 75 e BATTHE A0 B 4 1) R A A B
/NMECH FREERERR B 10 #R[20] . ARFTE AL, S5e/MbE H R AR FERRAE TSGR R 2 NP Y, 08 35 K ke /)
Ak 1] R AR R B AN R AZ SE B ) L, 45 CA T RN SRR [21] . RATEMF R R R4 T
ADMM 5.5 [22], ADMM & —AMAAT LLor i, I BAEUS S fE B3R ILOUBR I BEAR Y o i i) m]
AN

min, | X|.,

st Py (X)=Py(T)

X[ A3 X ISR, @ & ERRARE M AehRaE, 15 DK ST gAY RNAZE B BRI R, P,
Q EHNEZHSHE T .

Xiis (i’ J) €Q

0, else

200, -]
Rtz sh, TR RTE ADMM BE, BAHET RO T IERLIUA R 2R, LARf OR 15
BMBIT 7375450, DFIFEE N, P80, DS ST 0B AR MR S IS BRSO T R 0 F -

min, | X[, +%"Pn (X)-Py (T)Hz

st. 0< X;; <1(0<i,j<n+m)
Hrp o REALREIZE, 0< Xy <UER X FRIFTA TR AL, DIVEEA . JAIFE T K e Hoh
EGINT — AR W R HE— D i mi R S RE . B2 AR R BN T

2

min, X, + B (W) R (T
st. X =W, 0<W, <1(0<i,j<n+m)
7 FRARKIFEERETS, 8 R B H R3O
LW, X, ) =X, + 5Py (W) =Ry (T +Tr(YT (X -W))+ 2 x -w?

Hrb Y REMSHIHIRE, B>0 KA. TATH W, X T Y VIR A P, (T, RIEHHTIEN, 7258
k iEAREE, AR4E ADMM o DLHFEEARRW, ;X AT, o 2RI, B pEwW ™ v] LLR
Wl T BTkl sy, o A RRKEEAERIS RNA 5EABTTINREOER:, S5 M S, AKEEE
Zmts RNA 5 8 0% B AR AR R, et A" H 2 BT AE 1) 25 R M B , SE 7 B K BE RS RNA
58 A TECITIINAT 43 o TN Sk AR 1 2 A R om

REN

W* =
AT s

p
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3

Xiq = X -
k*l—k"Fstoll, d2k+l=M§t0|2

I
di,, =
Xk max {|d1, |1}

HABNSHEEN: a=1; f=10; y=1; tol,=0.002; tol, =0.00001. HAIFHFEEIIE 1 FiR.

|
| The IncRNA similarity network : r-r-r--r———~—~>""™>"™"""™>"™""™""™"™"™"™"™"™"™™7 |
: | : The heterogenous :
| | | IncRNA-protein network |
| | | |
| : | |
|
: | I Target matrix: :
b o e e — | | |
o | |
| |
| |
| |
| |
| |

':E: The key equation:
The known IncRNA-protein min ”X “ + Z”P o (X )_PQ (T)
association network X -2

i
000000 ! 61.0< X, <10<i,j < n+m)

2
IF

Use ADMM to solve key equation:

" X h dicted
' . . . . . W = { Si ., A assgciztpi:; rllcettework
—————————————— A S

Figure 1. The flow chart of LPIMC
1. LPIMC #12E

4. MEREVE(Y

BRI 5T, FRATTRAH AUC (ROC ik NTHAR)ME AL TEdR. ROC RISZiA# TAEREE ML, H
AR 1 B 1 % (False Positive Rates, FPR), k47 4y B FH M % (False Positive Rates, TPR), 5 AR A:
FPR =FP/(FP+TN), TPR=TP/(TP+FN). XM [{EH TP, FP, TN, FN 5K, b TP MR sE
NIEZ B I EY IERIIFEA, FP OIS SR TN A IR IAEAR . [FEE, TN RSN 728 B R
[F) 9 S RIREAS, PN Y BUSE ESREN T A 1 2R IR A

FRAAE BB E J (B 4R FdkAT 1 10 WK 5 8 XRE, 7E 5 #rac XKEREH, 8112 MK AE
eSS RNA-T B ORI BENL 7 6 4, BN ESPARICHENNREE, HAR AN RS G I NI,
FAE FHAE N ZR5E E N 2R H AR R R TR0 P (R OGS 43, R midid TH AR B AL IR~ 3 AUC {H A
0.98 +0.01. M VIEMIER Rz AR /), FRATIEFIP N IncRNome #dfi e FoRAE 7 — Mg, &l i
EARR| 7 2729 WAHEAEREGE, ¥ AF] 1184 M KEEIES Y RNA F1 9 MEEM . 253 LPIMC #4111 %%
MERAF 2 5 H758 XIEF) AUC 4 0.985 + 0.003, HEALEIMEREEIAE NPInter v2.0 ERINEE A, 4
SIHT AT g 2 IRAFE 125000 e v CL K B gm0 RNA 588 15 G 7 LG g T 83 A 2R 7 B N B 4 1)
ROC &l 2 i,
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Figure 2. The ROC curve on two dataset
2. WANEIRE E#Y ROC Hi%Zk

5. &hig

AT, FATTHE T bR FH AR b 4 SR R AT K BE AR S 5 RNA 15 82 AR LA FH 5 2 M FrO 8

RY(LPIMC) K TN 3 & HTEEAE R I . SEIR B R W], V8 T REA T IR SRR Bt + 0 A PR, BT S T
RER, HALDHM T KRS RNA 58 A5 B FRe R, IXEEEER Y] T LPIMC AR AT
IR RIS 70 RAE 55 - KBEARSAS RNA 5 8 (5 (K QIR T Kcdie 6 T ORI 2 i Bt 2, it
H1F LPIMC {1 7B AT B, BB P AR R B . (A, JATT X LPIMC B e )
A7 SR, GRS AN R A A BT ORI RIR S 2] R s SIS &, TP EE RS Z T R R,
BRI i HE AT B S . IX B ERRE T DO ST T T 1 e
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