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W E K43 %A RNA(Long noncoding RNA,LncRNA)# 579 Zi2 5k sme) A B mZid 2 F 4%, 5 LncRNA 5
KRZAGBFERRAYN TEBERRBG ST RBAE, AEG T EARREELS MG L RUEARF I HHRBEIREAT, A
S, SUP R T —F K T ek & Ah 2 W %4 (Fusion Neural Networks, FNN) i ) 4% it #& J% 48 % LncRNA # 7 % FNNLDA., FNNL-
DA ¥4 5 LncRNA % % fo miRNAs 48X 09 % A 2848, R A S A a4 8, A R AX A % & 5 e Gk & A7 2 W % 5 A IR L 5
SIAEA 550 5 5] LncRNA- 9% 3109 & B AF B, U6 Rk & 7 A BE 3R 49 TR 518 & M LncRNA-R R 69 X B, 23 R LB e
%7 FNNLDA 7 ##) AUC 14t SIMCLDA, MFLDA,CNNLDA #= LRLSLDA 4 #1488 A 7 12.5%,15.1%.3.4% 4= 5.8% ., %
W3 A2 LncRNA- % Tt b b A s X, AT BB AR EH RATH R, 4 REW FNNLDA #4 A 2R 5 5 & % X 3K ed
# & LncRNA,

KR LncRNA-& 7% ; R BEFAN ; AP 2 M & s R K A %A 5%

REESES TP391

Fusion Neural Network-based Method for Predicting LncRNA-disease Association
LI Qiaojun"? ,ZHANG Wen® and YANG Wei'*

1 Henan Province Industrial Internet of Things Application Engineering Technology Research Centre,Nanyang, Henan 473000, China
2 School of Electronic Information Engineering, Henan Polytechnic Institute, Nanyang, Henan 473000, China

3 College of Informatics, Huazhong Agricultural University, Wuhan 430070, China

Abstract Aberrant expression of long non-coding RNA(LncRNA) is closely associated with the physiological and pathological
processes of diseases. Identifying potential associations between LLncRNA and diseases are helpful to understand the molecular
pathogenesis of diseases. Previous researches were scarcely integrated with heterogeneous multi-source data and seldom learned
high-dimensional feature representations. In this paper,we propose a new method named FNNLDA , which based on fusion neural
networks(FNN) to predict the associated LncRNAs of candidate disease. FNNLDA integrates multiple data related to LncRNAs,
diseases,and miRNAs. And employs the idea of multi-model fusion to learn high-level features of LncRNA-disecase pairs by using
two deep learning models:stacked self-encoder and fusion neural network, separately. Finally, fusing the prediction scores of the
two modules to predict the LncRNA-disease associations. Five-fold cross-validation test show that the AUC value of FNNLDA
method is 12.5%,15.1%,3.4% and 5. 8% higher than that of SIMCLDA, MFLDA,CNNLDA and LRLSLDA, respectively. It
indicates that this method has a significant improvement in LncRNA-disease prediction. The results of the study based on stom-
ach cancer disease cases demonstrate that FNNLDA can effectively identify potential LncRNAs associated with disease.

Keywords LncRNA-disease,Association prediction, Fusion neural network, Stacked autoencoder
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Table 2 Comparison of FNNLDA with other methods
Methods AUC ACC PRE F1-Score REC AUPR
FNNLDA 0.961 0.919 0.901 0.933 0.977 0.985
SIMCLDA 0. 836 0.742 0.684 0.764 0.900 0. 868
MFLDA 0.81 0.774 0.912 0.69 0.594 0.861
CNNLDA 0.927 0. 875 0. 879 0.862 0.853 0.938
LRLSLDA 0.883 0.794 0.803 0.792 0.789 0.879

Parameter optimization results
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Table 3 Top 10 stomach cancer-related candidate LncRNA
H 4 LncRNA 4 # A % 3E 4
1 MALAT1 LncRNADisease, Lnc2Cancer
2 XIST LncRNADisease s Lnc2Cancer
3 NEATI LncRNADisease, Lnc2Cancer
4 KCNQLOT1 literaturel>*]
5 TUGL LncRNADisease s Lnc2Cancer
6 MIR155HG unconfirmed
7 MIR17HG literature[27]
8 HOTTIP LncRNADisease s Lnc2Cancer
9 WTI-AS LncRNADisease, Lnc2Cancer
10 PCATI1 Lnc2Cancer

2857 5 B0 I P R BOE X L L e BROT  HBORT 10 Ak
LncRNA 4 7 4B 1E Lnc2Cancer #l LncRNADisease %1
PP AR F I E, X K HX 4 LneRNA BSC S5 8HA . 5
B R BE A 52 5 6 LncRNA KCNQIOT1 Al MIR17HG
TESCHR A5 B0 IE , X R EAIE B F PR AB Xy b

BUE T A SO B R BT T 5 L IE T FNNLDA
A R B0 BE T

- N T e W = R e R
1 LncRNA-P 5 3¢ B # 0 55 % FNNLDA, 7 56, FNNLDA
FIH LncRNA, miRNA . % 95 ) H A B /8 H ¢ R W # Ln-
cRNA T BEHIUME L5 i SCAR LM DL B Lne RNA-% 95 £ 4
AT, I8 LA 5 2k 0 B A B8 5 JL O, R P AR TG A 4 A 2%
SAE )45 fiE 42 U B ARl & 4 25 0 45 FNIN [ 5 IF 42 BRASE B
G392 33 8 B R AE 5 SR s 38 2 R T R [ A9 AR T T 43 ok T
W LncRNA-$K X R . A T3 38 B IE )5 5 oF 17 88 53T
K DT vk 5 4 B A O 3k BEAT XS LG T AN &5 2R 3R
FNNLDA 7£ LncRNA-F 55 5B W00 J7 1 19 v et . X 8
Jor 20 HEAT Z2 8] 43 T, 45 R . 3R W] FNNLDA XF LncRNA-%
99 114 ¥ 7E DG IE EL A T ) T AR

FNNLDA R B 7RISR 458 B fFE — 21
JRBRYE . T B LneRNA-S 5 A8 11 F 5¢ 2 50 i, ol
FH LTS 0 B A R [R] B A AE 2 R B IR L ATAT S I T
A f R R BRI O — 250 38 0 2 4R T 2 56 1E ) B0 VR Ok
5 150 B30 B 1 AT A B R 52 A L B I R B T A R ek
A 2 14 0000 4 i

£ % 3

[1] GEISLER S,COLLER J. RNA in unexpected places: long non-
coding RNA functions in diverse cellular contexts[ ]J]. Nature
Reviews Molecular Cell Biology,2013,14(11):699-712.

[2] CHEN X,YAN C C,ZHANG X,et al. Long non-coding RNAs
and complex diseases: from experimental results to computa-
tional models[ J]. Briefings in Bioinformatics,2017,18(4) ;558
576.

[3] ZHUO W,LIU Y,LI S et al. Long Noncoding RNA GMAN,
Up-regulated in Gastric Cancer Tissues,Is Associated with Me-
tastasis in Patients and Promotes Translation of Ephrin Al by
Competitively Binding GMAN-AS[ ] ]. Gastroenterology, 2019,
156(3):676-691.

[4] LIG,KRYCZEK I,NAM J,et al. LIMIT is an immunogenic In-
c¢RNA in cancer immunity and immunotherapy [ ]]. Nat Cell
Biol,2021,23(5) :526-537.

[5] HAJJARI M.SALAVATY A.HOTAIR:an oncogenic long
non-coding RNA in different cancers[J]. Cancer Biology &.
Medicine,2015,12(1) : 1-9.

[6] CHEN G,WANG Z,WANG D,et al. LncRNADisease: a data-
base for long-non-coding RNA-associated diseases[ ]J]. Nucleic
Acids Research,2013,41(DD :D983-D986.

[7] NING S,ZHANG J.,WANG P, et al. Lnc2Cancer: a manually
curated database of experimentally supported IncRNAs associat-
ed with various human cancers[ ] ]. Nucleic Acids Research,
2016,44(DD :D980-DI85.

[8] LIY.QIUC,TU J,et al. HMDD v2. 0:a database for experi-
mentally supported human microRNA and disease associations
[J]. Nucleic Acids Research,2014,42(DI) :D1070-D1074.

[9] FU G,WANG J.DOMENICONI C, et al. Matrix factorization-

based data fusion for the prediction of IncRNA-disease associa-



232

Com puter Science I HEMLEL2:  Vol. 50, No. 8, Aug. 2023

[10]

[11]

[12]

[13]

[14]

[15]

[16]

[17]

[18]

[19]

tions[ J]. Bioinformatics.2018,34(9) :1529-1537.

LU C,YANG M.LUO F,et al. Prediction of IncRNA-disease
associations based on inductive matrix completion[ ]J]. Bioinfor-
matics,2018,34(19) :3357-3364.

CHEN X, YAN G Y. Novel human IncRNA-disease association
inference based on IncRNA expression profiles [ J]. Bioinforma-
tics,2013,29(20) :2617-2624.

XIE G.MENG T,LUO Y.,et al. SKF-LDA ; similarity kernel fu-
sion for predicting IncRNA-Disease Association[ ] ]. Molecular
Therapy-Nucleic Acids,2019,18:45-55.

XUAN P,CAO Y,ZHANG T,et al. Dual Convolutional Neural
Networks with Attention Mechanisms Based Method for Predic-
ting Disease-Related IncRNA Genes [ J]. Frontiers in Genetics,
2019,10:416-426.

XUAN P,PAN S,ZHANG T, et al. Graph Convolutional Net-
work and Convolutional Neural Network Based Method for Pre-
dicting IncRNA-Disease Associations [ J]. Cells, 2019, 8 (9):
1012-1022.

YANG Q,LI X. BIGAN: LncRNA-disease association prediction
based on bidirectional generative adversarial network[]]. BMC
Bioinformatics,2021,22(1) :357-373.

LIU G.BAO H.,HAN B. A Stacked Autoencoder-Based Deep
Neural Network for Achieving Gearbox Fault Diagnosis[ ] ].
Mathematical Problems in Engineering, 2018,2018(PT. 9) .
1-10.

ZENG H,EDWARDS M D, LIU G, et al. Convolutional neural
network architectures for predicting DNA-protein binding[ ] ].
Bioinformatics,2016,32(12) :1121-i127.

HOCHESTER S,SCHMIDHUBER J. Long Short-Term Memo-
ry[J]. Neural Computation,1997,9(8):1735-1780.

CHEN X,YAN C C,LUO C,et al. Constructing IncRNA func-
tional similarity network based on IncRNA-disease associations
and disease semantic similarity[ J]. Scientific Reports,2015,5:

11338.

[20]

[21]

[22]

[23]

[24]

[25]

WANG D,WANG J,LU M,et al. Inferring the human micro-
RNA functional similarity and functional network based on mi-
croRNA-associated diseases[ ] ]. Bioinformatics, 2010, 26 (13);
1644-1650.

FAN Y, SIKLENKA K, ARORA S K, et al. miRNet-dissecting
miRNA-target interactions and functional associations through
network-based visual analysis[ J]. Nucleic acids research, 2016,
44(W1):135-141.

LIJ H,LIU S,ZHOU H,et al. starBase v2. 0:decoding miRNA-
ceRNA, miRNA-ncRNA and protein-RNA interaction networks
from large-scale CLIP-Seq data [ J]. Nucleic Acids Research,
2014,42(DD :D92.

FERLAY J,SHIN H R,BRAY F,et al. Estimates of worldwide
burden of cancer in 2008: GLOBOCAN 2008[ ] ]. International
Journal of Cancer,2010,127(12):2893-2917.

SUN X, XIN Y, WANG M, et al. Overexpression of long non-
coding RNA KCNQIOTT1 is related to good prognosis via inhibi-
ting cell proliferation in non-small cell lung cancer[ J]. Thoracic
Cancer,2018,9(5) :523-531.

BAHARI F, EMADI-BAYGI M, NIKPOUR P. miR-17-92 host
gene, uderexpressed in gastric cancer and its expression was
negatively correlated withthe metastasis[ J]. Indian Journal of

Cancer,2015,52(1) :22-25.

LI Qiaojun, born in 1983, master, asso-
ciate professor, is a member of China
Computer Federation. Her main re-
search interests include neural network

and big data mining.

(SEAE S48 - AT BD



