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Abstract

Long non-coding RNAs are transcripts composed of more than 200 nucleotides that do not encode
proteins. In recent years, long non-coding RNAs have been found to play important roles in many
biological mechanisms, and the first step to study their functions is to identify long non-coding
RNAs accurately. In this paper, we propose a novel method to identify long non-coding RNAs based
on principal component analysis and multilayer perceptron. We select the k-mer of the transcript
as the original feature vectors and use principal component analysis to reduce the dimension to
obtain new feature vectors. The new feature vector of transcript was fed into a multilayer percep-
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tron with five hidden layers to predict the coding ability of the transcript. We used the transcript
sequences of human, mouse and zebrafish to evaluate our proposed method and achieved 94.74%,
93.25% and 93.04% accuracies on the normal type test set of the above species, respectively.
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1. 518

K55 JESm IS RNA (Long non-coding RNA, IncRNA)Z — A4 fid & A i H K FEA/NT 200 nt i35
FFAI[L] [2] [3]o KHALASK, IncRNA BAMERA A DIRe “BgsE ", (RN EY], IncRNA
HIERNFIE, EAFBEMREES@ILEIE [4]. Btz 4h, IncRNA BRIV 2 BORZE YIS, #1
WIEAE . HEIRIFAE[4] [5] [6]. BRIUL, BEFT IncRNA HA /AR . Jneask, KA miEEN T
RIETERE, P24 T KERE P HEHE, XL FHa 72 KEEIERmID RNA, iR — D
AERR U A BE RSN D RNA, T AR 72 H RE S HERR DL IR 5 B IncRNA 1 T H &8I &K

HitCa kM T —30] InCRNA 4G B 250715 3 — KR T LU 5 2 - Kong 457 2007
R T CPC, HAFH AN BA S S SCHIRHIE, 5T S8R ) s U AY S0 % 5% A 7 Z1 R S i e
[7]o X /SANMRFAE B35 = AN JF 5 524 (open reading frame, ORF)4FAE DL A A1 V40 2 A 5 1Y 7 51 AR AU PEASAE
CPC HAR MM A IS AR GIGE )1, (BRATEREZREAN LA, Lin S57E 2011 F4_H T
PhyloCSF [8]. PhyloCSF 74 FI| ] 2 8 L 7= A= R 2w A% RNA FlZwiD RNA ISR EL . IR FET LU
JHEARR T A 2, IXBRE TN TGS S, B KSR A T N B, X R TVEMRE T
AEEAAREE, Xhgm 7 HINE AT S ae /1 38% . Wang 557 2013 F4&H | CPAT, HA#
FH T TR A R e KA B JF IO R HE 78 75 5% . Fickett 73 %L & hexamer 2)$0/E R AE I EE 7 32 46 [m] 19
B 2 4H0) IncRNA [9]. Hexamer 4373 5& CPAT Fr s FH (AR AIE 7 58 R0 J I REAE[10]. Li 842 H T PLEK
22 IncRNA [11]. PLEK {5 FHESHER) k-mer 1 AHRHIE I8 A SCRF I LR R IX 7 KBRS RNA
AZ{E RNA. Tong 257 2019 4E42H T CPPred [12]. CPPred J& 1 37 45 [f) B2 S B8 TN 3% S A 17 4 1) 2
MRS ITEEAEsR, IREES SRS 2 USSR T 2R, B2 MBI T — S T IR 5 S H AR 7 1
INcRNA [¥)T. =, {541 DeepCPP [13]. LncRNAnet [14]. LncADeep [15]%%.

AT, AR T — A 71525305 IncRNA. I-ATE A k-mer 1E R JEGAHRE, FIFH & 220
EXT k-mer FEAEEAT AL, FRATIEHE BARTT 22 DUBR A LUBOR [ — 28 S sl VR N FT R IE ) B, K LA
DNFRATTHE R 1) 22 J2 IR B 22 D0 288 PRV a0 N R FROI 3 S AR PP B R i e D o i, BRI REBUE . e e
FE MR 2R PPl FRAT 142 tH 7 iR (R 1 e

2. BRI E
2.1. BE&K
BAMEH KM i RNA JFHIRIKEE SRR TS RNA 75 L IG5 13 B8 S, A A8, /MR
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BE I 0 0 R 1) 5 S P S RATAS AT ATt T vk R . FRATTAN Ensembl $idfs i 88 iR P it % 5%
YIFF BR3P B 42

AT EE R E P K E TS RNA 751 R gmis i 345 5 43 BIBE N LR =5 2 — 17 5IAE
NNZREE, FIRMFIERNFYFIALSE, A3 T 16068 s gmidiE 57411 0A K& 19606 5K HE IR
5 RNA P HI/E A I 24, 8034 24mi RNA F1 9804 25 K55 4R TS RNA & HIAE Al 4 .

MLEH AP EAE R BB ERERT, K Bk BTE NP sy 5 AR R I ZRAs Y
BA /N EEAE B K 0TS RNA (SORF)Z K EEANEIT 300 nt K EEIEmiS RNA, X AT IERA il
MG N, EA ST AR T & MR ) SORF AL MR AR SR VT AL FRAT T T4 th 1 77
%, R 1R T EANBIEEMTEAE R

Table 1. The data amount used for evaluating the performance of the method proposed in this work

1 ATHE AR L A AR BIR R A E

HAR A TR PR SR A B INcRNA %t
Human training dataset 16068 19606
Human normal test dataset 8034 9804
Human sORF test dataset 1575 966
Mouse normal test dataset 21798 11804
Mouse sORF test dataset 980 579
Zebrafish normal test dataset 23856 3067
Zebrafish SORF test dataset 624 188

2.2. FHEEREL

K-mer /& —7 A DNA JF51IF1 RNA 75132 BUE B W A%, EAEYE RS0V 2 808
A ZHIN . X T 248 BIFSEPIT S, BATCA K BN LKA, BRI 3D 1AM 25
ENZFEFMFI, FFiHE AR PR MBI, WEEhE KN Kk, B B R PR (A:
JRMENS, T MOfRmsnE, C. MUmnE, G: 1ZMENY), KMItE 4 FrFH. Bk, BAVES T —ANERE
SEVIFBIYEE N AR . WTLGERS], BEE K MREER, k-mer [ EMI4EE RISRLONK, XA
Rexnlife “HefEact” o fEARWTIH, BATE k BN 3. 4. 5, PILIRATA] LK — %5k WP R
A 1344 YEff ) &

2.3. ERS T

FRAE B AERE FEAS R mlR T, SRR AE ) & T R e A CEAS B TUAR SR 7S, 317 5 e A5 284 (1445 B A
BEOHE, SEOSA M, e A\ BB 2 BT T B4R AR A LR W IR A
FRG T, TiESHT, A . AR ST R B R IEATRAE R4 . 3 Ry A T A R O 22 kAR
BT BB R/NORRE, RS BRI AT RENBIIEOL T, W i 47 8] b AR B i o B = A, 5
HILRE BRI Z AL B E R AR AR R, W, 30 okl r 4
)22 BR 40 [16] [17]:

1) PR AEEAT PO A B
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2) THEREA YT AR
3) W T AR RS R A
4) BUROR ) AR o B RFE ) B, 320 wy, Wy, Wy, RIS B -

W = (W, Wy, W)
Forb i 9 U R (5
24. ZERANER

AR, REA AR R E, EVFZ IR 2N, DS A a2 ok
ZIMNH . 22 BRINE R (IR IR, C UM R R RS TR, XEE R
TG A IR BIRRIRE ). FEARTT, BATHME T 2 R BEIHUBR 5 WL SR A R 471 iR i)
INCRNA. FATHE R Z R EFPUER U RANZ, fth R LA TGRSR 2 R R
Rps BATT ZE0TIRR B B O E NN B R A T A2 IncRNA Rg 86 Fe AR .
WRBCHE R EZNEM, ERARRIERM, HEABIRREL 2RISR AR R 0 2%
B X A 0 BRSO M Z N 1 AR A e, (AR AT DA S BN R 2 i it . o B0
PR ECA sigmoid. tanh A1 relu B& % JATTAEASC AR A 22 S BRI HUAS 2R 1) s B2 B A 22 701 ) 008D
WO E MR, FFE relu BEUEAEGEBREG fd 2 softmax bR HUE 0 pR BOR 1 e s
& INCRNA FIZRAB AR A MR . BENLEFF AR 2 P2 — R B A B EAR . BENL R SR TR e
ZMEINZGNE RS, LR —Maese, AN T RS, SR ME B, AR RS
Z RGNS, FERE— N REGRUZ A8 FH REAL 25 3777 VA BE AL S — - AR 28 ORI 1 22 19X 2% oL 40 5 il R
AR TR R 1R

wn | () (s

BEESE

Figure 1. The flow chart of methods proposed in the paper
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3.1. BEFHERM RN

FHIERCE S 2 I 220 T S RCRACTS , A, DUFRATIR A 3 5 2 A R PR AR R AR 4 2
FATERFERT 333 D Ep Ty, HRBUT ZE 5T AE 95% /e A o

TEARSCHIRAME A k-mer VERJEIERFE R, FIH R AT Fe4E, 7320488 333 RHIE ]
&, BHENZZBENINEN, SR FAN IncRNA il FARMMER, IR K120
1R e ) i 45 5

K-mer & EME B % W HA B RHERR DO 2, RAENRE RIRUE T AR k-mer 7E 9%
TEFE AR RE . ] 2 JEoR T AR k-mer YENRFAERT, ASENIAEE FARPERE . FoATTA] LUK IRAE
1%4% 3-mer,4-mer F1 5-mer 4G RFAERT , 7EAH B IS ACC ik B8 K, JuH 2 7E HumansORF testdataset
iy ACC AR R, R IRATES: 3-mer,4-mer A1 Smer 45 4G4FIE o
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Figure 2. The effect of different values of k on the performance of the model
2. k NEIRYEVE R B4 BRI F200

2 JZ B EINL A BROEZ 12 BOR A — 2 035 i B W 48 R IR 240, BATEAR S P g g
R A — A BRGBUZE & A MR SN O TR BRI S B SRR A A S HO R, 3R
153 B BEA [R] 1) BRGEUZ (1 2 BORAN [ R0 SN BORAL R A 2 S8 PN S P s SRl it L 14

M T A, RATEEEZ AN B E N 1, 2, 3, 4, 5 EEBEASRIR R, AL
KIAE Human normal test dataset b, AN [A] ) Bl = 1A 06 Riff ACC KARAHTE, {HJ27E Humans ORF
test dataset A [F] () BejekJ2 2 Ho0 R ACC AL AUKR, 4Bz 1 JZ#C 5 XTI ACC B & T
fih B 5802 JEHONM B2 ACC, PRI FRAT K Bl 2 i) B0 B R 5. 1] 3 JoR T RG22 Bon BB M R )

S o
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Figure 3. The effect of the number of hidden layers on model performance
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Figure 4. The effect of the number of neurons on model performance
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3.2. 1REIEE

BATENZE /N RAIBE S A [F SRR AR IR IRATISE Rt R, shiEm R &, A
$EH 515 E Human normal test dataset L5z 5, S 94.74%, 75 48 AN0FH 19 normal 257 %85 425 Mouse
normal test dataset, Zebrafish normal test dataset /X<, 7374 93.25%H1 93.04%, 3 H. normal 2R A1 H#f 48
e =T SORF R A a4 EviEnf 2.

5T REJZEFEHR, Human normal test dataset fx =, A 95.24%, Mouse normal test dataset X2, N
91.12%, HAREIEER REEIYTE 90% 2, Human sORF test dataset, Mouse SORF test dataset I ] R £
FERIFE 80%2 L, 435N 82.30%, 84.97%, TIHELy (A Ah I AR b 1) R, Zebrafish normal
test dataset I R 5 75.64%, Zebrafish SORF test dataset _I- ) R 5% 4 64.36%.

WU ST S, Human normal test dataset. Mouse normal test dataset F11 Zebrafish normal test dataset
s S B R B IE T 90%, M =i i) Zebrafish normal test dataset /Y 95.28%, Zebrafish SORF test dataset
HRE S LRI, 9 74.04%. 5 2 JeoR | BAT @S AE AN AR BTt R .

Table 2. The performance of the proposed method on each test set

2. ARBFEAER NS ERIMERE

Hi sk RIUE (%) 5 L (%) HERA (%)
Human normal test dataset 95.24 94.14 94.74
Human sORF test dataset 82.30 78.73 80.09
Mouse normal test dataset 91.12 94.41 93.25
Mouse SORF test dataset 84.97 78.78 81.08
Zebrafish normal test dataset 75.64 95.28 93.04
Zebrafish SORF test dataset 64.36 74.04 71.80

4. Wi

FAFEASC IR I T — A LA T HIF1R S INCRNA 03738, FRAMEA 3-mer, 4-mer, 5-mer
VER AR, FFAE T E o TR AT A 485 T 333 LRSI R, ARUSHT 2 RBmbLE
TUSRTIFL LT INCRNA T A 15 H 177 R AN T LU B 77id%, SR T oAk B B A5 1o AT )
RTINS SRR (AT W, XK KR T 2 3ot B T 2 S BN LA LA BT R A T 4%
R, FAIME R I ZREE ISR, A IRl AR R SR SR VA T AR SO AR A7

A TE A PR U B 73 R R T LU P B RS AR T2 17 Ve AT A 3 B 4 ot
JRARRAEREAT T — R, R T X AR A HEAT VAP (ORI UE R, B2 8h, XIS R T4 8
Ji S5 U 50 DA S R 05 A
5. B4R

AR T — AT IX 5 IncRNA g A PHT 7%, FATHE 3-mer, 4-mer F1 5-mer /£ AR 46
FRAE, A 0o o T R BRI S AR R R I 4R R, E TS B B 24 1Y) 333 4EFFfEI&E . RATEE TEE 5
ANBETEUZ I 22 J2 BEEINL, % B 4 5 1) 333 HERFHE ] S AF A H A AR IR IncRNA. FATH AL A
2. NRAIDEL ) normal ZRALIIASE EIER R E R, 2 aliE 3] T 94.74%, 93.25%7F1 93.04%.
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