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Abstract

Studies have shown that long non-coding RNA (IncRNA) influences the biological processes of many
diseases, such as disease onset, spread, and cure. Therefore, predicting potential IncRNA-disease
associations (LDAs) is important for disease diagnosis and treatment. In this paper, we propose a
new deep learning method to predict LDAs, called TCNLDA. Firstly, the functional similarity matrix,
Gaussian similarity matrix and sequence similarity matrix of IncRNAs, and the semantic similarity
matrix and Gaussian similarity matrix of diseases are constructed and processed for matrix fusion,
respectively. Then, the IncRNA-disease pairs are constructed and feature extraction is performed
on them using autoencoder (AE). Finally, the extracted features were input into Temporal Convolu-
tional Network (TCN) for training to output the prediction scores. In both datasets, TCNLDA was
compared with other models, and the results showed that TCNLDA outperformed other LDAs pre-
diction methods. Ablation experiments verified the indispensability of the components in TCNLDA.
The case study further shows that TCNLDA has good utility in predicting novel LDAs.
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1. 518

KJE4 5 RNA (long non-coding RNA, IncRNA) & — K it 200 MEHER, HEkZ s A i ae
1M RNA [1]. RS2 TR, IncRNA 25 AW d 7, flndiirsbsb2]. 2 mmE T3]
BRI 5 [4]. 58 A AR AR FH[5] AKX %% N [6]55F . 1E/2 INcRNA 7EA: iy i 3l o (1) 8 2 4%
TEH, MHSRZHMBIIRE LFRAEA . SR, AEVSEI0I 750G FERH A R AS & R fs, X
IRAFRSE FPR T AH S AR o JE o T AR S0t B SR W SE 0 2504, W 0 NI 4 Hh A B v
ST IncRNA-% 9% 5% B (IncRNA-disease associations, LDAs), X L6777 KB AT LAy N =3 T AWM
LRI T RERE I il (R 42) B VR AN T LR 2 S 5 1

BT AWM (57 152 BT A IncRNA R0 35 R AULRE IS B B R 4%, Al
FHBEALIE 25 A1 & R A% 38 M R TR A Y, 4B R IncRNA FILZS (O3B AE < BE[7]. 5171, RWRIncD [8]il i
7E INCRNA ThEe AU 45 1 33E47 2 5 BEALIE L KA M /£ LDAs. LncRDNetFlow [9]1FI ] IncRNA AHLLM
45 BTN EAE FH 48 R R AR AL 28 2 [ 106 &, R AR FR EVEHERT LDAs. SATM, 5 TA%M
ST E— RANE F T CAN SRR IncRNA FIE o

BT B 23 A (R4 ) 100 7 2B e 0 S AR BRI, R A0 AR B A4 17— P 4 066 B 4 PO A
Z8[10], RIBARZA T LDAs Fitill. LDCMFC [11]1488 FHAH S A ) 0 [ A6 R 23 fid ok U3 LDAs. GMCLDA[12]
KT U8 B EL AN S5 IR WTE 7T LDAS. SR1, 35640 2 At (R 42) 10 5 10 AU A A 7 20 )
LRPERAE, VAN S IncRNA Z AR 2455 4.

7E LDAs Tl $iis, HL#s 5% 21 5 ik 2 S ap fe 1 772 —[13] [14]. HLas 22 21772 IncRNA
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FIPEI (1) & PR AEHEAT 2 S I e, TRV ZE LDAS. WLES S ST 40 0 K2 AL GibL B2 SRR
%:>]. LRLSLDA [151K 8L T — 2 T4 3 b 7 1F Wb g /s — 3fedd fr) o i B AR bl o ST, Hoph A
PAT LDAs. BEHLARAK(RF) 2 —Fh M R 4L i pL 85 2 I 8L, RFLDA [16]JF & th— M 45 & RF AURFAE
PR LDAs FMANESE . LG8 2% S 5 i bG,  TR B 5 ) SIL RE RS T8 G Hh 3% I &2 44 I i 43 A A
FHIEZ (A T FEZEPE G 2. CNNLDA [17152 — Pk T B I HUE B S AR R 2 [ 2%, FH LA TI0I 5 5 994 A
KIFIETE INcCRNA. GCRFLDA [18]42 ) T —FhJk T B S A B b7 1) G B R B R 42 1) LDASs Tt 7
%o

R FRIEEF IS I Ca g 7RI RS, (B0 Sl 2818, % S04 B 4 N 4%
(CNN)TE B SIS BRI 5 T B F 3 K o e 21 B[] P2 Z11 40k, (HA% 48 CNIN Sl = % B3 R SR O &R 1 e
FiRE J7. Pl 2018 4F Bai 25 A$2 T I FE AR M 4% (Temporal Convolutional Network, TCN), TCN i@ it 4]
FHBR. Pk GRRIRZEER:, MU TS RNN AT 2 FIR AR A 8, RIS 4k 7 CNIN [ s 2
THEAR S, O ] P 2 AR 58 ) T . TCN 454 7 CNN [ 54T Kb 3 RE 77 FVIE FR 40 22 W9 25 (RNIN) )
KA RIS RE 1, O —Fh 11T A0 3R 5 51 50 R R 2 S A 2

R, ASCHH T — R T E gid as A 2B U 45 (1) LDAs TR TCNLDA. EAkkid, 1%
T =l INCRNA FHAL: FH P Al s ARACLPE Hh A5 80, R FH AR B R 5 1) 7 V20K JL R 44 IncRNA
FEACA A R B2 R 0 AH ALY R B2 o JC 20, TCNLDA S #2471 IncRNA-J 095 % Y B b 25 54T 250805 e 4,
DUSREURHIE R AER N o 5e)i, TCNLDA SR I 545 AR W 268 HE 48 27 S R iE 56 il 24 1 T o 75 7 /N3
B b, AEHZ AR Fa AR T LDAS 4 kAT vl #iAk, AHEL T HARJL/MSE8Y, TCNLDA A E Ak
TRHIPERE . RBIEFEE— B Ui TCNLDA & —/NA i SHH TR 7Y

2. MREF*
2.1. BIESE

FEAHIE FEH S FH P A B8 B2 5T TCNLDA #E47 1 1A :

HARLE 1 kA T Li B FE[10] B HEEdndE . E 87 861 4> IncRNA, 253 F%ii, 495 1~ miRNA,
4517 4~ LDAs kK H Lnc2Cancer v2.0 [20]#1 LncRNADisease [21], 831 1~ IncCRNA-miRNA <EEX} K H
starBase v2.0 [22], 11,486 > miRNA-JJ% KX} >k H HMDD v2.0 [23].

Bk 2 REATH CEMMEHESE . EAE 707 4> IncRNA, 269 FH, 252 4> miRNA, 8101 4>
LDAs >k H Lnc2cancer v3.0 [24] 1 LncRNADisease v2.0 [25], 5K H starBase v2.0 [#] 1942 4~ IncRNA-miRNA
K, KH HMDD v3.2 [26](1) 9825 4~ miRNA-FZ i KEL .

I o T A A RS () > SR 2R SR, R4 2 S AT Y LDAs. [FIRS, SN TSR
HRE T DA St G it A, K PRAIE SR 4R 2 TP AR 4E 1 1 IncRNA Fl1 LDAs 1) %#E B3R K T 20%. WA
ol 5 b P AN RIS BV E N BHMERE A, AR A E A PERE A .

2.2. 1R

W 1R, KXANE T —ANFRIMESE, 49 TCNLDA, 343 Tl InCRNA-Z5 (< BE . #56,
Ir A=A TR A INCRNA AL A6 B R R AN 77 T A4 ST AR AL A B, R BT T MR
AbER . B RRA ) INRNA AFARAE B R o AR A VE R B 254 IncRNA-miRNA A FLAE R . miRNA-
R RIRHE PR R INCRNA-BRI R AR5, 8 F B mtE 38 b7 RpAE 3R L, FH A3RAS IncRNA-H T
IURYERFIER R, JRB RN T FIRHER R . e, B RS M AT RIESE 2], IR 328
T 5 5
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L) (optional) 4

Figure 1. The flowchart of TCNLDA
[ 1. TCNLDA K72 &l

2.3. #33 IncRNA EHRxf

2.3.1. FRAELIYE

Wang ZE[27] /77 8t R F THERE UL (disease semantic similarity, DSS). DSS 4% 43 U R
7y 1) M2 A TR (https://wwwv.nm.nih.gov/) & 2 150 I B 5 32 FR i (MeSH) . 7 T-3R19 ) MeSH
S, NEARIEAT A E(DAGS). 2) MBI d, % D(d,) i Tk, A 1. DAGs #iH
TSR (01 SO M . #o d, 7T BABEiiA 9 DAG (d;) =(d;, D(d;))» b D(d,) & d, SILArA s
R R 3) VLR o, MR TTIR, A 2. 4) 115 d, Fld, (1) DSS, W1/A 3. DSS T2 T

Ds,, (t)=1 if t=d, .
DS, (t)= max{ex DS, (t')|t’ € D(di)} otherwise M
XL AR R IR G TR IR 7. O BUEAEO0<O <1, XH 0.5,
DF(d;)= 2. DS, (1) @)
teD(d;)
DS, (t)+DS, (t
DSS(di,dj): ZteD(di)mD(dj)( d.( ) d]( )) (3)

DF(d,)+DF(d; )

B TANHEAERE LD THE 1 950 = AH ELAE 3 A% A 8L 1% (Gaussian interaction profile kernel similarity for
diseases, DGS). R¥ZEHA m 4, N DGS A:

DGS(di,dj):exp(—"LD(:,i)—LD(h i fd) (4)
=/ Sl ) ©

2.3.2. LncRNA #8114
FRIE TS (05 8 SRR AT LDASs 7572535 IncRNA ZhAEHI Ll (IncRNA functional similarity, LFS) .
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AT, HAEE

(B INCRNA L 1L HIGIIE 4B m T n B, 58878 4 B4 0 dy (1< < m) ATy (1< <) o 8
Jei, L ALY LFS A L5

2.1 (055(dy. )+ 3o e (DS (0, ) .

LFS(l, 1) = L

5 DGS ek, F:TARHAEFE LD 115 17 IncRNA w1 AH B /R F 35 4% AH {1 (Gaussian interaction profile
kernel similarity for INcRNAs, LGS). f&i% INcRNA G n />, M| LGS A:

LGS(1, 1, ) =exp(~|LD(i,)-LD(i)[ & %

s =n/(Sloof ®

Liang Z5[28]# [ IncRNA F51i+5 1 IncRNA /751 AHLL P (INcRNA sequence similarity, LSS). FAiTA
[ K B2 2 A5 R 3 1 IneRNA B R FIE B o ARSI AL, RIFR SR FE 7000 9 S RS, 1, AL, R SRS
RSN Dis(l,1,) . T LSS M

_ Dis(l,1,)

LSS(l,,1,) =1
(I.12) S, +S,

)
2.3.3. I&EH IncRNA 1H{VERERL S

Lu %[29]3% T DSS #1 DGS @47 FERl G, 3B AH MR FE(DS), WA 10, FAT#E— 5T
LFS. LGS 1 LSS #ATHER A, 182 IncCRNA ALMPEHRELS), WA 11,

DS(di,dj)=%[DSS(di,dj)+ DGS(d,.d,) | (10)
LS(1.1;)= maX{LFS(Ii,Ij>,%[LSS(Ii,Ij)+ LGS(Ii,Ij)]} (11)

2.3.4. InNcRNA-FR R T B #I3E

AR Xuan S5 [301H @RS RE A7 M@ T InCRNA-ZXT o 7E3X HLAEH |, A1 d, St 358
INCRNA-ZR A IR A, Wik 2 ffroe H 56, WER I AT d ;) S5%0EE FAI2EAS IncRNA [ BAT AR
FARSEAE, R 2 A7 AE SRR R AT R 22 R 8. INCRNA-BRIRXT P 85— 40 O35 — 4T 42 I, 55 344t
IncRNA AR, 25 4T/ d; 5 IncRNA [fUREePE. U, @ikt A0 d,; 5 50 e b 00 580 R
AARSAEAAR U, M EATZ B A A RBR A T BEVERS AR o B 38 B0 I3 — AT 2 I, SR HOAR R 1,

IncRNA-disease pairs P, ;

d e dy mymy

DL lad i
MMy B
4

Dl e L d dy .[d). 4, d dy .. d .. d L dy .. m, my ;
I 4 1 d,

I A 5 d,

=ali R
: ) C o J} C ICl ml
e 2 . W] . ]

LS LD LD DS IncRNA-miRNA interaction miRNA-disease association

Figure 2. Construction of li-dj pairs

2. li-dj B9 38

DOI: 10.12677/hjbm.2025.153070 615 AW


https://doi.org/10.12677/hjbm.2025.153070

wAT, WHEE

AT d, SIHABBRE A LINE. BUS, A A d, SR PE R A miRNA [ A AR FRIGER,
e Z AL R T RV R . P B =800 ISR —4T/2 1, 5 miRNA RIAEAE, 3 472 d,
5 miRNA K56, 2, 4 IncRNA FHLLE. Zi AN . INcRNA-mIRNA H FL/E FH A1 miRNA-# 5
ORI, MR T AL - d; 19 INCRNA-BR S P, o FFIRE (¥ 757 7T AR A IncRNA-BRIF X

2.4. BYrLsE

I g A [31152 — Al KRR I 28 28, T T 2808l R AR SR L. 22 J2 3K B AP 22 X 2% A — A
A B it as 2 4R e g, HaT—/z B gidas im HAEAHe — 2 B9 S A . AR
) B B s o A 47 1Y) IncRNA-JR T o BEAT R B4, 3R HUEHE IR 4R

Z I B Gt & 00 A B AR R 2 iR e AN B L 22 25 65 2 A 21— MIRZE R FER R, AR e Il
1oL 5 G ) 5 0 R 010 2 A PR ) 2 s A D SR et o 3 IR T LB Dy — Ml ) T 2 R e L
At FE, HABEGER S BCARBAER A MMERE. 22 B 9925 K555 385 11 B b5/ K N BE y
P48 — NN GRS . ASCHE I I A as 45 M2 2 )R AP e M 2%, o B s b oo s, i
5 W0 2 2 T AR 2K ) T BRI o AR RS2 0 0 (Y H AR R BB s RS v A B dlE ¢ o SRS AR AR I
Sk S RIS ARAL, (B AR TORCRIZATI N, B A S M N BEE AR DL RS et o MSELoss {4
KEEL B

1 -
Loss, = HZ( V) (12)
WIE L], 193] INCRNA-GIR X B 4E 5 (KR -
2.5. RYFFEHRMZE

I P AR 28— P L TR A B SRR O ER P o ST . e 4G 1 B AR A I 28 ) AT b B e
TRV IR AR L ) 2 B IR AR I RE /g, OV AR BR PP SRR AEAE 55 h B AE TR qnl&] 1 pow, TCN E#
AFERRER . §IkBERARZER =M, T DAL AR IEE B ERIE T FEP T, SERTIINS
R, T H s B R G BINETE, SN S e S — 2, ARR & & 7 SIRTE 5 20 K 4E 55 - TCN 7 LDAs
TR e R FH AL AZ O AR TR B S AR R e (O R BUFR SIALRIR, K IncRNA [RIBIFE 7 50N “ By
WEFES 7, SRR K PERER ., IR BN ZEES, iR iS5 2 RIE.

25.1. ERER

[R A& F7 (Causal Convolution) (14 A == B2 Ay PRAR R AN 238 I 7 FIIT o AR ST A DR SR AR 1 it AR
#TMHT LDAs R ILZ BN, AR T )5 A B LDAs. fEFRHERIERERES, AN H (A 5
THE B ANE, SRR E . BERRERS, BCENSH T S80S LM E, R T
HEVI T A, R TR B B YA . N T SEBLX — L, Wl SR A ME RS, B
IR TS, XFE A Yar A 22 0E B H T S .

SEFHNTFI X =X, X0+ Xy | FIEERUZW =[Wo, W, W |, BRIRBBUIHN y, £ HN:

kL
Yo = Z(;Wi X (k1) (13)

H k BRI KN

2.5.2. ¥ HKER
¥ 5K & (Dilated Convolution) ¥1{# H] =22 8 1IN BT i A InZEcicE . §ikER, Bx
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WA T, HEE

NEER, R—FESRRZZAMAZRIEREA, PR o, MR RFRAEA
FEINZ R RO LN S P RS2 B, AT S A AR i A\ 0 N SCE R R S NGTRRER
(dilation rate) d, ¥ KERALMIESZES, MKW, HovE TR TR 2 mEEE. 5 KE/RN
i y,

=
Yi = ZWi “Xi_gi (14)
iz

H sk d % ERIEHM KU d=1,2,4,8). 2d=1, B NEEREEH,
TCN 2852 7 (Receptive Field, RF)}:

L-1

RF=1+(k-1)->.d, (15)

=0

KHE LA SRERREL dONER T EREIT 7K

25.3. FREERE

PR ZEVEF R I 22 P 45 (ResNets) U R BEAL AR A 70, & A0 2 2 AR AR R 2 A0 2 I 4 1T v RO B
RERNE R, AR AR S R SRR AR R . AESRZEIE R, WA R — Z Rt Bz L2 2
JEHIS—E R, TERPTER “BEERER” o A TCNLDA A FH % 22 3 5 R 97 6 B2 3 % Ir) g ik 5
WRIZMERI SR BRI, RIAE — M x, & JUZE/RE] F(x), B4 RZ& R H A2 Fm2 x
+ F(), WM + fth o KRGS R SOVFIE AR S A AR S I T DL R E RN =, > TR R
o, JF HAEAS M2 BE AT RO ZREE IR I 284 o SR ZEB 0 th w] LR IR O -

Output = RULU(F (X )+ X) (16)
TCN ARG M BIE L ANREYL, FAREZEI N HR -
H, = ReLU (WeightNorm(CausaIDiIatedConv(X ))) 17)
H, = WeightNorm CausalDilatedConv(H, )) (18)
Output =ReLU(H, + X) (19)
wJa, WTHNTE X, @2 MRzESE, BRI Y, BUR)S NS % )@ Softmax
BEAT 732K
exp(Yr_ie
P(y=c)= —Zs_lzip (YT_)“) (20)
3. &R

3.1. X XEEAITAEIEHR

g2, 5 A8 XIGAIE(5-CV) 8 FHZE - TCNLDA HItERE. Fefi 1 E %1 LDAs 53/ IncRNA-
PIRAERPIVEREAR, RENFVEAPIEREAR . TR TR ORE AR K T IEFEA, X 2 520 i J 1 Tl
MEZR, RORFERH TP IR OREA . FRATR IEREAR ) BT 148, Horb DY 55 55 RN AL ade 438 10 B PR A
AT INGR, R — 5T 42 B 2 r AT L Ath S8 250 1 B 1 A g A7 03

N T HERIEAS TCNLDA [MERE, 2 AT AR Z 8F 70k ROC i 2 PR 42, L 45T 1 IR (AUC
A AUPR {8)1E AN FaFR . BRIEAS T2 ] 7 ROC BhZkA PR #h4k, JHiT5 T AUC Al AUPR f. itz
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Gb, B T HARN A VP R bR P VP B ) N LDAS BIRE ST, BT 2 HER ZE (Accuracy) . K
2 (Precision). # [71Z(Recall). F1 ff(F1-score). kappa Z A1 &0 2% & £ (Matthews correlation co-
efficient, MCC). XN MNP FRFR I THE A R -

MCC =

Accuracy =

Fl-score =

kappa =

TP+FP+TN+FN

Precision =

Recall =
TP

2Precision x Recall

Precision + Recall
Accuracy — p

TPxTN—FPxFN

J(TP+FP)(TP+FN)(TN+FP)(TN+FN)

1)

(22)

(23)

(24)

(25)

(26)

o TP A1 TN 73 337 IR R FI000 B PE AT A PEAE A OO, FP AT N 20 35 37 A 3R 00 B 12 A B 1

FEAS IR
3.2. BYUEHF

TEIX BLE/R 7RSI AR 1 I SEB R SN BB S B ARSE R, e hE: ARLENERGEE
AN M), B F BN R TR E R KR (RN d), HERKNERIR A bs) FI S % (KR A ). m M
3, 5, 7 HFEFCm =31, AREBEIGHRAZ. MLENERZ, BaTEZE), dF2, 4, 8 Fik
¥, bs 7E 32, 64, 128 fik#%, Ir #£ 0.002, 0.001, 0.0005 Hik#t. 1% 1 Fiax, 24 m. d. bs Al Ir 535
WHENG, 4, 128, 0.001 i, TCNLDA f£ 5-CV 1 a] LLFRAE AR 4 f 4 AUC Fl AUPR.

Table 1. Performance of TCNLDA using different values of m, d, bs and Ir on Dataset 1

5% 1. TCNLDA ZEHUEE 1 EFERA m, d, bs # Ir WA EERTHIMERE

2 ZHUA AUC AUPR
m 3 0.9323 0.9425
5 0.9762 0.9773
7 0.9147 0.9022
d 2 0.9665 0.9723
4 0.9762 0.9773
8 0.9548 0.9572
bs 32 0.9732 0.9769
64 0.9762 0.9773
128 0.9643 0.9721
Ir 0.002 0.9540 0.9327
0.001 0.9762 0.9773
0.0005 0.9637 0.9705
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3.3. 5HMERE

N T UEBH TCNLDA BIEERPERE, 7850 Bt 88 Hole 5 DU DU R 7 & T 1 EL#: SIMCLDA (2018)
[32]. IPCARF (2021) [33]. VGAELDA (2021) [34]. gGATLDA (2022)[35]. ¥+, SIMCLDA FI IPCARF
TGN 21 77, gGATLDA Fil VGAELDA 181 Fl IR 0 B 2% =] Tl J7 2. VGAELDA 524305
LR A AN, HAE I EREE R A . A T R AP, B IR B R AR SC R F AN Eds
£ FHHATINGRANIAR, R 5-CV HIJ7 V24 H Tl &5 5 o [RIEF, YRRt b B 456 FH i S 400 o S

I BN S
ROC Curve PR Curve
1.0 1 1.0 4
0.8 1 0.8 1
8
©
& 0.6 _ 061
g S
=] @
v 0.4 0.4
s |
£
TCNLDA (AUC = 0.9762) —— TCNLDA (AUPR = 0.9773) N
0.2 1 s —— gGATLDA (AUC = 0.9619) 0.29 —— GGATLDA (AUPR = 0.9654) .
—— VGAELDA (AUC = 0.9538) —— VGAELDA (AUPR = 0.9451) .
—— SIMCLDA (AUC = 0.9310) —— SIMCLDA (AUPR = 0.9039) M.
0o0d b —— IPCARF (AUC = 0.6617) 0.04 —— IPCARF (AUPR = 0.6552) .
0.0 0.2 0.4 0.6 0.8 1.0 0.0 0.2 0.4 0.6 0.8 1.0
False Positive Rate Recall

Figure 3. The ROC and PR curves of TCNLDA compared to other benchmark models on Dataset 1
3. EHURE 1 £, TCNLDA S5HbEERRAE) ROC #1 PR L XLt

ROC Curve PR Curve

1.0 A 1.0 A

0.8 A 0.8
g
& 0.6 _ 0.6
s 5
=] @
o 0.4 & 0.4 1 N
2 ™
(= AN

Y
\\
—— TCNLDA (AUC = 0.9647) —— TCNLDA (AUPR = 0.9661) AN
0.2 1 It —— gGATLDA (AUC = 0.9619) 021 —— gGATLDA (AUPR = 0.9654) .
P —— VGAELDA (AUC = 0.9314) —— VGAELDA (AUPR = 0.7857) \\
4
—— SIMCLDA (AUC = 0.9541) —— SIMCLDA (AUPR = 0.5198) \\
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Figure 4. The ROC and PR curves of TCNLDA compared to other benchmark models on Dataset 2
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Figure 5. Comparisons of precision, recall, F1-score, accuracy, Kappa coefficient, and MCC among various models on
Dataset 1
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Figure 6. Comparisons of precision, recall, F1-score, accuracy, Kappa coefficient, and MCC among various models on
Dataset 2
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Table 2. The impact of AE, BN layers and dropout layers on model performance and computational time on Dataset 1 and

%aﬁseéﬂzﬁﬁ 1 FN¥IEEE 2 LAY AE B BN EFFHIERE 3R E M4 g8 011+ BR8] A9 520
T Dataset Atk 1 K 2
Model - AUC B 41 () AUC IRF i) (43 )
TCNLDA 0.9762 11.28 0.9647 19.49
TCNLDA-noAE 0.9699 463.73 0.9652 728.25
TCNLDA-noD 0.9490 11.15 0.9056 18.91
TCNLDA-CNN 0.7239 2.14 0.5961 459
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Table 3. Top 10 TCNLDA predicted IncRNAs associated with GC and LC on Dataset 1
7= 3. BUREE 1 $h5 GC F1 LC HH5XHYAT 10 N TCNLDA FUl IncRNA

UL 5= LncRNA IEW (PMID)

1 MALAT1 32104001
2 NEAT1 FAIF 5K

3 LINC01133 30134915
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Gastric cancer (GC)
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5 KCNQ10T1 HRAIF 5K

Lung cancer (LC)

6 MIR155HG 32432745
7 HOTAIR 32248643
8 LINC01133 26840083
9 GAS5 30926767
10 XIST 29812958
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