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Predicting Potential Drug Targets from Ion Channel Proteins Based on Ensemble Learning
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Abstract The identification of molecular targets is a critical step in the discovery and development process of new
drugs. Among large known drug targets, ion channel proteins are the most attractive drug targets, which are closely
linked to some diseases such as cardiovascular and central nervous systems. Traditional biological methods have the
characteristics of high-cost and time-consuming in mining drug targets. Our work discussed the mining of potential ion
channel drug targets based on random forests, which is aimed at speeding up the discovery process of drug targets and
saving money. Since the lengths of sequences related to drug targets are diverse, thirteen types of protein encoding fea-
tures were considered which can transform the protein sequences with distinct lengths into the sequences with same
lengths in our study. A feature subset which has better performance in the division between drug targets and non-tar-
gets was chosen by numerical experiments and the ensemble learning was introduced to attain prediction models. Our

study attains high accuracy by comparison to the developed methods, which plays the critical roles in the mining of new
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drug targets.
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1. Monica Campillos 25 5 F B4 F AR LI TR 7E RO 25
YL S . Li Qingliang %1 F F & [ B A LR 8 807 51 450
WA E SVM EASRFNEANE YRS, 5, Wang
Yinying ¥ B TFEAFBBMZ LS. DABREHEE
TP S SR T SR,

HEl, A FEEFTNAYESNEY T EANFEESH
BIBHIT 2%, T B HCECFERT . T SR(E T8 s vl L (B s
Hb Ak B — BB RBOHRE 4 L B A Rl AT, PR A
X BRI EE L TREBENAYBREAER
REFEE, 3B FEEAYESWTN, AXEET 1357
WLV REKNE BRI S K FT 0 EHE @ L bl
BLERARBY I IR ST 42 2588, T T B OB 5547 X 4330 SR R 20
RIFTNBIE TR, FEHEREI T EBIEREENER
TR,
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2.1 WEE

¥R 1 KA Drugbank 348 2™ P BB IERY 1515 4
ARG EENERAE. S TRESENNE. B TiE
WA RITIEZ YR S R R A SCR FSC#k [ 23 ] R g A 26
R ENTEAE . BT 23 R R R g
IR S BE A7 J5 B R B 32 o B BRAIE R IERE A , 25 SOHE X B/ 4%
FABG, BRABR T 3204 MaEEAR G HAEN AR T HIRSE
THWRRASE, SREE 2 WEERRTEE FEEREES
329 B F i 1 & B (http: //www, ionchannels. org/data-
base. php) W ZERE F B, HP, HF M5 AETHEEAR
Drugbank (38 B " & B IE R Z5 885 B AR A BIEE 2 1)
IEREAEE, 5 5h 16 ML SN REEARE, BMEIRE
WG RIE 15, BEE 1 ETAREFNALSEAS
TN, B RBEE R BRI LM &R A
ERXNEFREEABAGYR AT BIEE 2 ZTH
AR FEEE AT RN, o RS R B M R
AT SE PR B Tl B AR YO B N R AR U L e 25 4
B, XRMEREZEXRME 1FIR.

£1 LERFOFEEES

BEE
1 2
k3] & E S HHEE
EHAE 1515 145
SR A H 3402 16

BFRHEY
329

WA
3204

1 ARERBIERNZYEAES SR E2 I Ym g
FHEEEAZEZMMYXR

+ 178 -

2.2 BARME

EH R (protein) A HI Y R EM, B EARRESL
Ay, EARXHHRE S, B TFREMEARTHNES RFER
KE . AERINSEEI TSI EAEX I AREKNFH, EH
FEENXEEARFI#TLES , EHBLRERRE
5. EEARKREIFES, SCHRIT TR 13 FhaEasks
ANERKNE RT3 B RE R T E B
HEpel] B ES 4H BY (Amino Acid Composition, AAC) , — Bk
#H Ji%, ( Dipeptide Composition, DC) ., g% 43 ( Composition, CT-
DO) . ¥4k ( Transition, CTDT) , 445 (Distribution, CTDD) . ¥
4t Moreau-Broto H #H 2% & ¥{ ( Normalized Moreau-Broto
Autocorrelation, MoreauBroto) . Moran B #H 3¢ £& %% ( Moran
Autocorrelation, Moran) , Geary B #H3€ & #{ (Geary Autocor-
relation, Geary) . B¢ & = JG 4 ##§ 32 4 (Conjoint Triad, CTri-
ad). J¥ % # & B & ( Sequence-order-coupling Number,
SOCN) , # ¥ 5 i & #F ( Quasi-sequence-order Descriptors,
QSO . th & & B8 40 W ( Pseudo-Amino Acid Composition,
PAAC) . B4y T & 2 B 4 A% ( Amphiphilic Pseudo- Amino
Acid Composition, APAAC) , B EA#EEINE 2 FF),

*2 13 MEARIMENLEE

#4E AAC DC CTDC CTIDT CTDD MoreauBroto Moran
wE 20 400 21 21 105 40 40
AL Geary CTraid SOCN QSO PAAC  APAAC

% 40 343 10 50 25 30

2.3 ETHNGFAMEMENHSERIGE

FERSH AN BIRE P EAEANBEMEZERK. N
T RGN E T BN RS, TEYLBRA O 2 8 BT
Bk HEWMENFRE A SEREE. OPRBWE
Tl DT A ORI AL B AR . A SCTE R BB ALAR AR 4
RBENBPRAT R XRAE, BT BN RES—IF
RXEEFINGHEHME L, S THBE 1, DT XHIE
BE—ITIIET . 4/5 B IEREAR 4/5 M FAEAIL RIH A
AR, WLAT TEREAREE B 303 AN (1515 % 4/5) , fate A A~
Bk 2721 SR 2722 A (3402 % 4/5), IR MR MAEALE P
BEHLHRER 303 A fAREAS 4 BUHT R URE AR SR, 5 I B9 IE A A
EWE-NTFHRB. MTFHIFEL 2, AKX RIENE—
PrEE, INRE T R IERRANE0N 116 (145 % 4/5) , Tk
AAEN 12 B 13116 % 4/5) . FIWM 116 P EREAR
REHLHER 12 80 13 S IEAE A4 BT B0 IE AR A GERE A
NS IR RREAR N BIR B0 , SR ERE—A T
SreS . EHREEENEAN TR BABERER K
HEh R A TERE .
2.4 HEEET

B A S RASTEN BT M REAR AT 43 260, HE5 T A B A
SRIE R, WX BN RBH S RERBITHAH
BRIERLN L, UBUR LN R BEIFRIMRE. &
NEGEHET EARK 13 MUSIE, HME T HpE TR
HORHIE . 75 H Hels & X SRR ME A4S AT 17 B BEAT VIR TR, iy
THE TUREER, TSR AR, H3IA
ERFEINER. S EARNE M RST. 25
—ABEVLFRARR ERE 43 2888, MFEE A2 3, R
REMENTENEEAN TS, FAEABERNERE
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3.1 XgigE

TeX THIER 1 ERBIESE 2, XM RAEREX
IR AT E  EE ERENLRI S 5 4, SR E
B 4 MERIGE , R TH 1 HEMNRE. X FHIFRXX
BIFME—REIE, EVIGEM IR HEMEFEME 10
DA F 532688, 10 N TAr B E NG RIESIIRE X
ZER. AN AR ROCEE R 4 B85 47 IR TEHIBRHE
AT A WAL B BRE, BT AR B — RFREE N IEHKEE
AW HESES IABERNLEWNE Z A E/Lh R (B
ROC fh4R) ,iX 4k L E /R S K8 0 4y Rt RE AT, B
SR ROC HhRRIFHh S B T 3 RS ERER I (B R L #E
i L 4% ROC 4k, ki 3 & 1k, 5k F ROC #iZk
TRIE A AUC) , AUC (B KRB A2 gB i, SCh
R EH ROCEHB £ AUCHH. 13 MFEES K 13 1B
MR RBH T RRAS R BIE BN ROC H, B
) ROC X M R ARIE FERBHTEREY , LURBREIEL
B RRH.

3.2 RBER
3.201 BABBEHER

SFHMEE 1, S AL 13 MEES 5 TRV
hAY 220U ZRmst, X R ROC 13 3 Figll, M3 3 AT
E i AR AT N SRET , BrA FRE R ROC fH197E0. 700X
LB T CTraid F1 SOCN X B F4F1E , R0 11 FAFIER
ROC E¥7E 0. 7200 P L, HEAHK ROC E (H{TFH 0. 7876)
RHFHE PAAC BT I GEEH. R, BEEE 2 P 13
MEIER ROC HINZE 4 B3 {UF 4 FaFfER ROC fHTE 0.
7000 Bk _E, H MoreauBroto, CTDC F1 Geary iX 3 F 431 #9
ROC {EH¥7E 0. 7300 LAk, A HEKH ROC{EN 0. 7603, 1
Bt BRIA RS 2L RE 28 0. 500,

£3 YEEE 19 I3MFHER ROCHE
#HIE  AAC DC CTIDC CTDT CTDD MoreauBroto Moran
ROC 0.7670 0.7746 0.7525 0.7426 0,7280 0. 7400 0. 7296
4 Geary CTraid SOCN QSO PAAC APAAC
ROC 0.7281 0,7191 0,7070 0,7758 0,7876  0,7793

F4 KWL 2% 13 MRHER ROCH
B AAC DC CTDC CTDT CTDD MoreauBroto Moran
ROC 0.5782 0. 6862 0.7466 0. 6787 0, 6403 0. 7603 0,7188
$4E  Geary CTraid SOCN QSO PAAC APAAC
ROC 0.7321 0.5950 0, 6431 0.5922 0. 6388 0. 6019

3.2.2 £mFINHER

XTHARE 1 8 13 N ERE > 28518 BRI S5 R IEIT R L2
3,185 ROC{E R 0. 83155, B B & F 8441 889 ROC
HEEA AR B K ROCE K 0. 7876, 43 KR EBRIA R
0. 500 , (B E BRI 0. 7455, K 3() B THESHER
RZEM AL S NEF T LIE TR R KR LA E
0. 7796 LB B{H M 0. 59) . MEERFH, 8 i 2T A FRAE 3E
F1 B A — 2 HE15 3 B AT A BUM LR , B 18 R BR 4
RERBU/NAFIE. 3 3 B8 T 13 FR4R1E 2 B Xt B 9 ROC
1B, HBLEA A ROCEA LA RIEHITER . Bt R E
A, M3 ROC HEF MAT 11 MNMFIEM B AR IE T &
AT R, 3B PAAC.APAAC,.QSO.DC.ACC.CT-
DC.CTDT,MoreauBroto, Moran, Geary 1 CTDD i, fe %18
BB KK ROC{H 0. 83413, 5 Z A f# F 4 SFRFAE 447 U AH
W, B RER, BB R TR KRR ZR0. 7841 (4K RME N
0. 60) , T AL EAITHRN AR R, 1it, BES
HAER R R 2 H L R A 3(b) TR
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(@FIDE M HIEE 1, i (£ 1I3MRERTFHN, (HE 11
AMFER T B ; (O MO ITHERE 2, K (o £ 13 MR
FERIT B, (D& 3 4FER T 1
B 3

Pl X FHIEE 2, FR 2T 13 1~ Eul 353
FFER % 3 . 5 ROC AL % 0. 7373, HEHR R LA 0. 7453
GRMEBRIA R 0.500), B 3(c) BT B{E S5 2 H i
HXFE, NE R LUE B, B R EREEN 0. 9068 (HE R
0.36), BIRE LR BI B R W MERR R, (H 2 AR i ROC H 1L
BN AT AR K2R AR K ROCE, W45 R UL B E
HESRBOEBLERNIFA— BT A B LR, KL%
BRI T= AR W I N RE, AR RIS R., R
4 R T HURSE 2 89 13 FSAEX B ROC fH., B EKE
R, 2MEERT 3 M EA B E ROC B B4R E (MoeauBroto,
CTDC, Geary) W EERUFHE T 8 H 1T S WL M BT, 9] LIS B &
K ROC{E 0. 8192, B fEfS FIE K AIHERESE 0. 9130 {E N
0.33), B TE&FHFIEA TR T WHERRE, & 3(DRB
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TR 3 M R AR T R AT R > BT R B S
W [HMER.
3.2.3 BOAHF kM

BALPI R IFR VLTS (SVM) BIlE FEEE
B, [FBF R A T 7 SRR 2 (R 5 43047 H InterPro
5 GO Mg, f&ic 2 LDA #1 InterPro2Go) #4737 HI . &
HERAHB AT URIER W BE 2518 95. 9% (SVM) |
92. 3% (LDA).87. 0% (InterPro2Go) , B B BE 4> 51K 98. 3%
(SVMD) ,97. 2% (LDA) .97. 4% (InterPro2Go) ; 4= 3C /P B $ 3%
£ 2 RARIENRIEE WERERSERE L5151, 19%
1, KRR EREE T SVM.LDA # InterPro2Go, 3B 4 1
RARITEXNRIEEWEREMERERETFRASEANS
R 2] E B FREE ALY E ST, T
RAX R E BB RER, ST 3 AR E
B R R B 20 2% R A2 1) PO R R O I 45 4 2K
. XE2]mRe R TRANA R EEEHTH, — 4~ 2
HFLENHAME ST BEEE D, - MEETETEE
BRI CBEE 2, X PRESE 1,2 RA T3
SURAE S SRR AT 51K+ 0. 8513 (42 il I FRAZ B %) . 0. 7693
(R RED 0. 7691 (BTN KO , A S M HET R
0. 7841 R F LLAZ 1Al N B R B AT VN R 0 2 2 88, X F
Bm4E 2, CER[215R F A7 38 LB TE f5 A HERE 38 4 £ 0. 8380
(R AL R0 0. 8667 (LR HEAZ R ¥ . 0. 9381( BT AX %
FEO , A SCH BRI 0. 9130 LR T LU £ 4% | B e
FNGR4r2EE ., B OBR(2)7ER A M BB 22
BRI AR AT T MR SRR AL, T BLA S S SOk 2]
R RERR —EMER, RFERATCE 2]/ Ak
AEFRI SRR EF AR PRI EREAR, H
e, ZERBILL B ILA AR B T F RS A 25 8 5 B
H—E IR FAME .

HRIEB FUEEELEEORN 1I3MHFLE BAEEY
BEARFNHURSER TS, # BV 2888 . 0 A&
BEE M EEHESEEN S, IS FREERAS
BENAYER . TRERRA, KRB SFIEHITTERE
SRR FHEASMWARE, MEE3%. B4 835848
TAERY BB, SCHR R ARG 6t BB A B B (R vE G 3R, X0t T
BB ENAYE S BEEEEMNESE L.
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