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Abstract

Long non-coding RNAs (IncRNAs) are a class of non-coding RNAs larger than 200 nt in length and
are an important component of the non-coding genome. A large number of experiments have con-
firmed that IncRNA is inseparable from the occurrence and development of human diseases, but ex-
cept for a small number of IncRNAs with human diseases, the relationship between most IncRNAs
and human diseases still needs to be studied, so accurate identification of IncRNAs related to diseas-
es is helpful to study the mechanism of action of IncRNAs in diseases and explore new ways to treat
diseases. In this study, in order to improve the prediction ability of LDA, we implemented an LDA
prediction model based on stacked ensemble learning (SRFLDA). In SRFLAD, the first part is used to
integrate three types of features of IncRNA, namely K-mer, Gaussian interaction spectral nuclear
similarity of disease, and known IncRNA-disease association (LDA), as fusion features as input into
the model. In the second part, the stacked ensemble learning strategy is used to classify features
by combining random forest classifiers with multiple different parameters as the base model, and
the support vector machine is used as a metamodel to combine and optimize the classification re-
sults of the random forest, so as to obtain more accurate and robust LDA prediction results. The
third part is to evaluate the training of the model through tenfold cross-validation. The results show
that the proposed method has good performance in predicting LDA, with an average AUC value of
0.9246 and an average AUPR value of 0.9166, which is better than that of several other existing
LDA prediction models.
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1. 5|15

KHEJESM TS RNA (long non-coding RNA, INcRNA) & — KK KT 200 MEZFHER[L]. | ZA77EM. (H
RNE&EARMSEE I 0 T KESZIIESZ, IncRNA 5 A\ KBG & £ K AT 3 [2], AT AERM
e B 2 S ek Ja /K BisE R RIA, 25 X Q@ RyiBRk . 5L R 4 Epic DL Je i1
BESRBOE . BT NS YRR 3] [4]. KEEALIE Gt Y IncRNA 7] 58 A iU BAE
H, AR & E B AE HAR DNA X145 5% 1E[5]. NONO/P54nrb F1 PSPCL i 5 4 f A% .45 44
paraspeckle I R[6] [7][8]. LA, WFFTKIN INcRNA 5 12 Mo iE iy s . FLARE . s 525 )40
K, [FIRFELIEERE A 18,480 1 INCRNA KB AA T ZER, KU INCRNA 720 RA 1 I Biae /)
T miRNA. S5IE AR, AFFEEH—L IncRNA 7505 S 2 A L= i B inr il G R s e tha
BER. T, BRI, USRS 5@ R AT InCRNA RIAfEER R ZESR, Hh
H 177 Bl InCRNA FRiX BT 2 fiF. AL, IncRNA 15 %53 RGBS W RS HE ARG RAE
KT R EYIA 9] [10].
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INCRNA FA5 BRI 1 TH 7 KRB E W LA AW BE TR Geut S AN TR BE 2 S M T
XA 7715, Chen ZE[11142 H T — Ml 47 357 15 A4 i/ — SR B SR TN 7E 1) INCRNA 50 G Ik
(LRSLDA), i1 B WL & S B R a0 RWRHLD 58 [12] 55 o o T-IR BE 52 2] (R 1 KB E 43 AT R
P& f 22 [ 4% (GCNss)  [13] 1135 B 28 )0 2% (CNIN) [14] [15] [16]. SCHR[L7]4% H T — Fhig B 22 5 5 %
iLncRNAdis-FB . 7E ULz A1 5 24080 INCRNA AHC IR B R, Chen 258 A\K 5256 3 F5:(¥) LDA 5 IncRNA
KISEHHL G, $e 736 Th B R 0 =04k 5/ 3R /) LDA Tl (LRLSLDA) [18], iX 214 5 —
AR, Xie 25 B A4 DSS FIATZHILUE . IncRNA FIAARLLE FAT L AALEE , SBT3 F A
%A & 1 LDA Tl 8 (SFK-LDA) [19]. EAR FIR TS TR IR, (BAFE—E M RRE. 7£
ARFTEH, AL T —FhIE T HES R T IncRNA 550 BN /7% SRFLDA. SELA 1A
2, BATTI I SRR AL e F 3 S B il S SRIE I 21 & 2 AN [F S B BE HLAR AR 43 28 88 1B N LA AL ik
ITRHIESY S, HAE SO I AR A TR X L AR AR IR 20 S8 48 R AT A A A, TS B e . &
FEf¥) LDA T &5 5 .

2. M55 %
2.1. HIEE

BN — TSR INCRNA-I IS SE 0T T HERA T 7E (1200 - IncRNA SCIAE R B2, £
A, EAI InNcCRNA-FZR K IncRNA Disease 3 125 [20] - £E 51 B #1543 5 4 Ko Al i 2 ¥ )
AR 2435 240 > IncRNA, If HAE NCBI H & #8017 1% 240 1 IncRNA 751 Fr B K B2 & 4 200 bp,
432 M, 1420 D OAT INCRNA-BR KRIAEA . 8K R B IR T A 1P KR, A KK
B R A2 B € 1R BB R ARHIESR R, 27525 IRk FRBUIUIC B2 0 200 bp [ IncRNA 741 FdiTH#
AT AH SRR AR AR N IEREA, A PR 10 A AR LS 3 HIAE A o (B BT T INCRNA IR 7351 9 N,
FIN, , EBRT i €[0,Ny], INCRNA je[0,N,], MIFEAXT (i, j) kAT LLH]

A(' ) _ {1, if disease i is associated with INCRNA j
0, otherwise

(1)

FFBNEEAERE A, A7 SIS UESSHR | Al LneRNA j ARG W A(, j) N 1, BIA 0. BEAIEREARL
I TRWE B M ARR, SERBGEM 0 Met, Stai RIS, FrARAI0IE[21] [22]
PRI S, MR R G BRG] BENLIIURE A, ARIC N SOREAHEAT IR, e rh BEM LA A A
5 IEREABCRAMA .

2.2. AT

N B AEAR S T ST R A SR R AT S AR O, BRATTD R I SIREAT 1 ARG, A
[7 1) B 7 ACEAT AT ARG BRI 20 W7 5 JRATTT DU LR A Rt e 91 e it AT 70 28, 7 B EHT R HURFE -
KT AT Ul B IZ B S T R SIS R ANRE LR 222K, AR S H R A R AL LR IncRNA 595
R T R B T AR S HUR S R h b AT IR, A BUNAS 2 25 502 HIOMar ), thil2
VAT TR 2 A ST B S R PSR o AT P AL S SR W B 5 1 B SR SE IR IR 7. R,
T RAT R Py B s AR R A5 T FEE A 228 X 2% A P PR AR ek A0 R N SIS L 2 v R IR 8 P 31 R AR
B o EFT DU AR e TR B AR AR B 0 e 2 6] v AR S R B AL, T3 )
HY ARSI E B AR, 5 A DR B A6 e 1) B LSS A BRFAE . KRN T -SNE, RSB ARBRATEE Y
T A EE, EAIIEASS T AR AT R ) BB G TR . ICA A1 FA FARBRARER T HiHiE rh ik
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BIEAEIAER, T PCA AR 1 i h 107 207 ). TARALEE R AN 1 R :

Independent component analysis (ICA)

Principal component analysis (PCA)
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Figure 1. Dataset visualization analysis map

B 1 BEETIALshE

2.3. FHEEEEL

FAESERUR AL 822 > P LB Z A7), B mT LA BALES UM B o (AR SRAAE 32 B2 il Tt
PERE. A IncRNA FPEAERGEA R — A ARG 5 5 R, IX R I AT LA SO g B B 2E 4 2
BEo FTEAEAHT ST 4R HL T IncRNA 1) K-mer RFESE A1 ) e A TLATE HIUE AR UL K-mer $5AE4E /2
BT 1) IncRNA H 1) 5 ELRHAE AR &, 6 T3R5 IncRNA 2 JR] (R AR AL B2 115 IncRNA 55525 22 [ 1) 5%
BRPESR it 1 B A5 B SRR SCHE R (0 e A EL A P MR AL TSRO M T IncRNA- 5%
T B0 NSRBI BEAT THEEAF 2, BT LS ) vt A EL A PV MUREABL A R T AR 4 9 S A i 5
FORFAE, B RT DA R A vt A LA P MR BL A R 7T DU ORI BT A s IR AL A

2.4. K-mer $5{E2H
K-mer ;24544 reads i A S K MR FH], —BAEKEN L # reads AT LA L-K + 14
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K-mers. K-mer &, &M TREAM AR MRER A, WA RERAR KA. BRI AR/ NAT
PLHT (5 K-mer $508)/(K-mer 312800 0 ) ke A i1 . K-mer J& — R i BT A5 2% ) RNA/DNA 5 51 12
B, eARE kK AMHEAR R I IR 2 [21] [22]. S EC RN TAME RS EL 7. BRA
KERN K SKNLEIE D, RIEHEshE O#EE IncRNA P51 FIAH T2 K-mer (k = 3)IEHE
éfﬁﬁ'—%:

£ ¢ (444, 440, 446, ULU) @)

(230U N (t) vt 2 K-mer N4 NOURHERR PP . fEARBEFE R, AP 5% K-mer (k= 1,2,3)
() BT AT T BEARR R BRI AEFE o X TR — A ko JRATIAE 3 4% ERERSAE, AT 55 3E 84 AN A4S
fiE.

2.5, HEiRHERTHEEAEREFEE

SR LRGBS (B 55 IncRNA. 3 HEH oA A 1 FEL A b 20 0 i B8, AT M EL
INCRINA-F575 96 Fh 46 T 955 1 6 07 AL L4 PRV MR . 5%, D600 df (1) 10 L 0
IP(d (i) P2 B R A 3 B d (i) 5 ELAIR-InCRNA. SIS0 o g 4~
INCRNA 2 [ 5 77 75666, BARHEAERE A [0S 47« SR, JRATISI N o054 66 O Ao b A P i
PP, B d (i) R () OBE SR, 36K BOE A R 2 [ IR L V743

KD (d (i), d ()) = exp(~r, |1P(d (i)~ 1P(d ()] )
3. SRF-LDA

SRF-LDA HIBRLRAREINIE 2 fros. E6, W& RASBIEE RS T Bl R 220 LDA LA
J AR IncRNA 11574145 2., 357 F ELAIE IncRNA 5956975 < B B 15 5 530 H 97 10 o 0 A0 B PR G A%
LIRS, BRI K-mer FRAEFREUE ] IncRNA FHEFFE, 2% 5 IncRN [HRFAE A S A7 e Ay
R RHER NS . SR )5, SRFLDA IZk T IR SEIBENLARMAE R, I SR E L
DA NTURRAL. e, TEFASRURI O (Rl RIS 4R B ST, KB 2 B N B A o
FKAFIATINGR, BT ZRAMEE MGG, BT T3 Xkt v ae, Bl s
MRFE SR N B 00 838 TP AT RN GR R T, A3 B ATl 45 . BRATTHE 10 %28 IR AE %
SRFLDA IJtEREREAT T 1T

HE BB F SIHESE

SRFLDA i FH HE 8 45 1l 2 S HE SRR T VB E () LncRNA-JIR IR o AR SCHR HY [ HE B 5 1l 2 S B 4y
RFEG KRN IO ARy o HEB AR R 2] B0l g 2 AN AR I T 25 SR BN, PRI —
ANTEor KA RIAT B AT . AW T AT B T IncRNA 550 S BE R T 285 & SRFLDA,
“s” X% “Stacking” , “RF” % “Random Forest as base-classifier” . iZ#® g ] 10 £%32 X3 iF it
ITNZGIHPNEAIMERE . £ SRFLAD w1, 35—, B 50ilid 78 & KA JLE0s e b 8 & s U0 iE B 1)
INCRNA-J% ) EL 01 < BEFIA 5% IncRNA 7 Fil45 B8 kg I BuE 4, JLk, R K-mer $2EURRAE 7772
XF INCRNA 7SI BEATHFAESR L, FAH AT IncRNA 55007 SIS 21550 H 00 1 73 20 AR EL AR FH A% A A0
PEFERE: PR, B InCRNA FRIRFAE i) 55 505 114 i 300 AH B AR FH 3 AR AU ) A T R 49 21387 IR R ALE 1)
&, KA NRE R AR 58 AR F HE B AR U ) R A 2 AN R SR B oy R AR
ITHHREUIZR, 33] InCRNA 5500 S BT TN mT REMEHEATRRIE 7328, BT I3 4 R TE I 2T
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W2 5 B EHAT IS SRR 75 2 AT 45 AL R TR R AT AL S L, IS B S HERG . Bk
(¥] LDA FRINEE R o 5 = #8303l i 15 52 AR R A R BEAT I 2R PP
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Figure 2. Structural flow chart of the SRF-LDA
[ 2. SRF-LDA MIZEHRFZE
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4. LRITIR
4.1. MEREVEE

FEARSCH AR 3728 SR UERVEAL T SRR I L §E - 9 1 VP4l SRF-LDA fEHAT K 48 F
A2k, 1420 A A1 INCRNA-FIR SRIBAE AR INZRBA TR TH AR, MR A IncRNA-B Kk
AZ HEATINGRL . AV T 10 55 XEE, X FHZAG 10 MRS TR KT EteE. 78
AHEFTA,  FAE I 32105 TARRFAE 26 T AR (AUC) R AR I PR RE . a0l 3 Foms

ROC Curves for Different Folds
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Figure 3. ROC plot of SRF-LDA
3. SRF-LDA H#J ROC HhZ[E

4.2. 5EMFEEE

97 vHil SRFLDA HItERE, AT IS H i /oty LDA PR 347 T HhEL, H) GCRFLDA.
MFLDA. SIMCLDA. BiWalkLDA. BiGAN. Jy | #& bt Seie i ik /7, FRATT B LB AR 25 1 & T
WRZ& B 7% JE T WL ST B 5 AN T IR B 2 ST B 7. B AR AE B8R 10 i CV I PERE Bom I
* 1.

Table 1. The AUC and AUPR of the different LDA prediction models
5 1. 7R LDA FUN4=EIA9 AUC F1 AUPR

Method AUC AUPR
SRF-LDA 0.9246 0.9166
GCRFLDA 0.8120 0.7806

MFLDA 0.7223 0.7895
SIMCLDA 0.7836 0.8203
BiWalkLDA 0.8435 0.8727

BiGAN 0.5246 0.5029
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EpY

MNE 1 e[ DUEH, ERIFEIEES, SRF-LDA KRt T Hosth H A0 ik,
43. B¥RE

N TIRN T fift SRF-LDA HITEgE, FATTE AT INCRNA-B BHE4E [ (1) JLRP 7 7 v S0k 47 7 JL v
ko XFT SRF-LDA HISZEl, AT FENLARM S SEGEAT 7%, 38 7 n=100, max_depth =4
FFEALUIRAE =100, =T HFHESEOR B FEAE B 2.

Table 2. The parameters of each machine learning algorithm
F* 2. BENHEFIEAENSY

n_estimators max_depth random_stat
Random Forest-base_modell 50, 60, 70, 80, 90, 100 3,4,5,6 100
Random Forest-base_model2 50, 60, 70 3,4,5,6 100
Random Forest-base_model3 50, 60, 70, 80, 90, 100 5,6,7,8, 100
Random Forest-base_model4 50, 60, 70 5,6,7,8 100
Random Forest-base_model5 80, 90, 100 7,8,9, 10 100
SVM-meta_model 80, 90, 100 3,4,5,6 100

5. iig54ER

ITAEAR,  IncRNA FHICAT FEEE N AN E B AT, KIEZAS RNA (INCRNA)FEAE fr i 3 i K 556
HEMEH, HAPaRERIEAMERN . RS G R A i s . — AN B2
X Bett R EAMENLR], Fodr Xist-IncRNA 75— 2Kk FAZBR A G ik b 4245 2500 AR N iR .
ERIR TS J7TH . ceRNA HLHT & IncRNA. miRNA F1 mRNA 2 8] 28 HAE L, i 4% 56 IR 7 R 78 AT L
HINFAT T A IncRNA 5 %35 Rl 2 [B] (1 12 WL DA B G €2t = 28 )4 FH » 3 4, — 2% IncRNA, 41 IncND5.
IncND6 Al IncCyth, 7ELRRi AR A gmis, H HAET S5 mRNA M E AN, M el tt.
WX EL IncRNA [)TRE, FRATAT DU IR KL [ e e N I E 2R . S aFREEANRZ
Pl BB G, L IE IR SCA 2R A B 22 U B 78385 . INcRNA T8 KR B FHIJE R ik vh R A5 5 2R 1 1)
VA T REAR R MR 7 J DRI 2H A2 i 1k X A, [ b g AT DN 58 K] ik 4 D 86 1) 48 P38 SR TR AE A R 1)
HRMETF R B R, E2&E R IncRNA [FIAAIAT DAULE A TERIR N B, AT BRSNS, A 2 2R
Zo PR, T IncRNA 55 8 B OCBOR A Bh T A2 o0 AR BRI R 58 %E . A, &
WHPT W, TpAET N REMANGCEI K T LT H 3R HEB IncRNA 555 1)
PRI

TEIX R SCE PR T — NSRS I . 53 B HUY IncRNA RREAERE. B
e 0T AH LA P VS AR ALPERE RE AT 0 InCRNA-00 SRR FEVE BB N o P4 FH 3 B A R 2 S IS Y 3
TR ARSI HES LR SIIRY 43 5L 5y AR AT 0 A i oy MES A 2] BRI I 4 T
WZRG FIRE SN B Z A [F S B R B8 R AT RAE 2 28, FRIIZR— o0/ R0 7 2838 M
HBATHERA . G X s, FA TR IIBE LR RFIE 73 2807 T BAA RAFIMERE . 25—y, kA1)
X BEALARAR B B A F S HORM IS 5 MEBUE R HES B IR B I3 258t o BATE A R a6 ) 5508
BERNZRIX 5 MAFEIEE A, DB HE BB AN [ 75 T RRAE, BN JE 7 R 38 40 2 A2 ORI 2R 0
ORI ESE SR it 17 S DU v ot 30 A R S RV, v = vk 1=y W = R (S vt O ks 1 B
A8 AR5 A28 SCIUEHEAT YNGR VEA o AL T M R 75 238 =y KEBUAR T LA R JUANE R, X 2 BATHE K-mer
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A T 25 A R AT I AESR A G IncRNA TR SR R B 5,  mT DUEEG S8 -IncRNA SN
INCRNA [FA FIHFERFE, DI S IncRNA Z (BT FERIE . R, A RS ECA R 7 K28
HATH A, FTDUR RS 0 R TIEE 7. S sRUE, FRATTHI 2 LA G 1 A P s 0 B B AR i
ST B PR — A SRR B A L, SRFLDA BB 487 T 4 R SR U E 40 28 e g . FRAT]
¥ SRFLDA 534 T kM REEAT 1 LU AN 44T, 45 R W] SRELDA 7E T INCRNA-J5 5 78 ££ SC K7 THI
LCILA i B A T (R  FEARSKR I T, AT H R 5N 2 P EE Rl & FIR FE 2 2] 777, AL IncRNA
JEBI R ECE 2 VRS S, DA SE L i Tl IncRNA-BETRTE 75 1R R EK .
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