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#E DNA 44 5 H(DNA-binding proteins, DBPs){# %5 58 7F R % A B AZ AE M I R AN B A R D) Re vk Bt i b R+ 32
B E . AW A E R IE H AR Ik 40 4) (gapped-dipeptide composition, GapDPC) 4% 4 i JA K5 i ¥ B % (recursive feature
elimination, RFE)%: 5 DBPs. & Ju3f45 45 M 85 1 01 &0 2k W2 7 71 19 o7 & e = 4k 753 79 9 B (position specific scoring matrix,
PSSM), 7EUbFEAE_E 3RS AT GapDPC 4F1iE, #id RFE EIE B I AMAFAE, 485 R H =23 7 & Hl(support vector machine,
SVME 4 2ds, RS AT 71554 PDB396 Al LB1068 H kAT I 58 7] 28 X B lF (jackknife cross validation test). Af 7145 #
BoR, 35F PDB396 fl LB1068 #i#i4, DBPs HiMllfIHERIZ. Matthews 155 RE. BUBRMERIEE 740 BIIA F 93.43%. 0.86-
89.04%71 96.00%, L% 86.33%. 0.73. 86.49%7F1 86.18%, WAL T SCERIRIE P IUAH G 1%, Jy DBPs #4558 S 4L 1 i1

L Sith

KR DNAZGEA, [ IKH Dy, A BERRIER SR, BINRIEHERE, SORFrEL K

ZR5ES  Q71, Q81

DNA 444 & 1 (DNA-binding proteins, DBPs)
FE AL AN AL A R T 2 ) B 220 72 R SR DBPs
TE JF A% A FLAZ A Y 4 i s B 5 P i o B AR (93
WA 2%~3%F 6%~7%), HZTNRKEEAT]
BRI EZED R, G, FrE & E R SR
DNA &l FER SRR IA #5450, DBPs A LA
W S 7 ik e, ) i uE 45 5 4y A (filter
binding assays). M #1| 4% 4 )51 4 9% T V€ (chromatin
immune precipitation on microarrays), A& X 82k
4k i 27 (X-ray crystallography) 73 145 . 1X 46 77 vk il
I DBPs (#ERG &, H 2 9 B B AR K.
B o 5 DR ZH 0 R B R AR 9, B BT A K
W, LI AR LR . Bk, #
SEARTE . AR DBPs P 7 VAR LB

E4 NIk, BN ANEE CARIE — ST DBPs
7%, Ferbowty i a1 BT 2 B R P 81 FR) R AR A 2
B, RO AT AR R 2 1 50 41 i o [ s KT
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Ji¥k, B ITIEE IR M PSSM 45 5 SVM % E
DBPs"*. PSSM % [ s Bt 1 & B 5t /77 81 £ i A it
TP BRI R A B AR s L, LB AR
AR G T 2 5 BP0, Kumar 55158 £ 57
T T BEHLAR MR (random forest, RF)f) DNA-Prot
J7i%. Lin FE02%5 4 RF 15 FK (A5 (grey model)
#1377 DBPs % i ) iDNA-Prot J7i%. T, Liu
GEsle f5 %3 57 7 DBPs 4 5E ) iDNA-Prot|dis £l
iDNAPro-PseAAC J7 V5. Wil % T & 2% BR FF 25 X
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(amino acid distance-pairs) Fl1 45 9k ff) & 3 iR 7 BF &
(reduced alphabet profile)#4) # & [ it /77 H1| FFAE B AL 5
Ja 5 5 T PSSM H B ¥ O 2 L 2 4H 43 (pseudo amino
acid composition, PseAAC)FFE, Ht— Dt 1 il
U HE T 2 (76.56%). RE LR TTEAWIRSE T
DBPs % & PIHER 22, 2 H A v se U5 A ORI
T[] AT RIS H GapDPC FFAEM S5 &
RFE V£t — 0 42 48 25 & £ PSSM %E B o (1) 25 (1 )i
ARG S “F” (58, MWE T GapDPC-
DBPs #%!, 45 1 DBPs (1 Tl #ERf 2.

1 MRERE

1.1 HiE&

AH TR A B R IR 51 B R A
5 B A 28 1 SR % e . #5542 PDB (protein data
bank, PDB)396 H1 Kumar &A1 Stawiski 25244 2,
& 47 146 % DBPs [3 51, LK 250 % 4F DBPs J7*
B, A AR R AT R T 2% B R A RO A ALEE <
25%; HdE4E LB1068 1 Liu S0 5, &4 525
% DBPs 741, LA & 550 5%4F DBPs 551, ZHdli 4k
AR AT A =50, HATRH &R AR5
PRI <25%. R FP o0, AHE TR 1 4
#EEE LB 1068 11 7 2k W 5E (1) 7 51/(1AOIl. 3THWD,
4FCYC. 4GNXL. 4GNXK. 4JINJ. 4JINI), It 7
KAl “AGCT” HEF AL, A 7l RE 2% IR
Feal. A, SRR HERCE SR (LB1068) H 5185%
DBPs 1 550 %9F DBPs /751 41 5.
1.2 FEHRFFHFHEE £ AR

2% Liu S 1A] B — k4R By v . A H
PSI-BLAST # £ 19(ftp://www.ncbi.nlm.nih.gov/blast/
executables/blast +/2.3.0/ncbi-blast-2.3.0 +-x64-linux.tar.
gz) AR AF I E 1 5T 7 51 1) PSSML A6 B, kAR IE
W3, EHEN 0.001, HRSHEINEINE.
5T 25 A0 7 51 — K 2H 4 (dipeptide composition,
DPO)E &4 2 T PSSM JEPERIE . #E) )5
f¥1 DPC 5& LR :

X:(xl,ls ST, X1,200 X205 775 X2,200 777 xzo,zo)

NTHITRER ‘7 B RRR, A1
AHRIT GapDPC HRAE DL IA 2 MR LR IR FEZ
] (IR S . GapDPC 4F4E € ST :

L-g-1 L.
Vi 2 P X e (1S, j<20),

A g AEREEER i My Mk, L FoR
HABP AR b Ros 8 A P 5 2R 1

NROFAINLE), MEE 1 AR M (k=1).

Y g% 0f, GapDPC iEfkA DPC, B2 4
FHAR R R K. $EECE PSSM A B =4
Ly, JERERTFI, Mg=0,1,2,,G(RK
) @I, k2% 5 BFE B S — A 400x(G+1)4E )
FHAIE 7]

1.3 EFEEH 5@ AFEEMRE

KH LIBSVM 8 AF 84T SVM 730 K T
LIBSVM #AFEHRAL [ 4 FhEAIZ o 2, 458 1)
F p% % (radial basis function, RBF)Tiijll DBPs. RBF
REAER M S WAE AR 1) 0 A O, Ferh AT &
% C F1 RBF Hilr 24 v it grid 777E3k 15, J5
FE T ERE R BT R RRAE A (8] S A AT . ARHE
FKH Guyon ZFUSEE L) RFE BT R IEIE R,
ZITECHAEV R T “BE4E” A BT,

1.4 DBPs FUNHEBERTITFN 5 7E

K J& 5 TIAE B J7 VRIS PEAN A5 A 1 S 14
RE. ZOTERROGE AR — SRR B BT AIE N
MR, HRTPIMERINGE, FRKIRERER,
HEARFFMATEE. RS Lin S0 J7
w5, ik PR OB M (sensitivity, Sn). KF F M
(specificity, Sp)- T # (accuracy, Acc)bh %
Matthews #H 9% %2 £ (matthews correlation coefficient,
MCC) 1 Jy To0 A5 7Y 1) DA 48 Bk, © AT 20 0] 5E St
: Sn=TP/ (TP+FN), Sp=TN/ (TN+FP), Acc=
(TP+TN) / (TP+TN+FP+FN), MCC=[(TPxTN)-(FPx

FN)] / N [(TP+FPY(TP+FN)(TN+FP)(TN+FN)] » 3%
Fe TPy TN+ FPv FN 73 AR FFRYE . BB E.
ERBEE ARSI IR A2

ge Ak, A BT R M 52k AR R AE 4
(receiver operating characteristic curve, ROC) I
ROC #hi £k " J5 i) 1 A2 (area under the ROC curve,
AUC)2 It — 5 e P AR R 1) TR g

2 FER5SH

2.1 GapDPC-DPBs # 2! S Y% %

N T SN [ R I IR ] T TR B 1 s
ma,  F HORIERE 2% 5 12507 51 (R AE 1) 2 1) 4E 50
Zikw, AMARE T AEREM gME©O,1,2,3,4),
TEAS g [EXT L 400 HERRAE 7] &L 5T P A 08 4
PDB396 11 LB 1068, DBPs [l 4 R &R, ANH
g B X N ik 214 X DBPs ¥4 — 5& B T B
(T5UI AER RN 79.03%~81.82%). Kk, A%
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B R g A5 XS 18] g — Ik R AE DL — 20 4R
GapDPC-DPBs #7 [1 T ML RE . FPEEE A G, 2R
A IR — 2 B B BT S H — > 2 000(400%5)
YEHRFAE 7] B R AE . FFH RFE 506X S5 )
EHATHET, IR T T8 SRR 58 1 AN [F]
HER(K=10, 20, 30, -+, S500)FFAF [ 5 X T
Mkmism. $F KMERK, SEgEH R, &
BCRFETUAR, K AER/DN, 0 IR P ade R AE A i 52
S5 TR VAR O BE . R, AW T I
2 000 ZEHFAF 7] & A AT 500 4E, B K {H 5 KN
500. HI P 1R, Y4 K AN 370 B, R4
PDB396 1) T30 I 4 7y 26 B = 18 #1) 92.93%. 4 K fH
9 490 I, FARAE LB1068 (179 I v i 28 It v 38 2
87.54%. 4 K {H N 370 i, ¥4 LB1068 tHELTS
T LR A R 45 (86.42%). N T AR IE R E £ B
i ) 2 4 50— 200, B 2 RO 4EHOR =i S 80T
BOK, AHFFTIE IR 370 4ERFHIE M) B R R 2L
PP —%E AT,

RE

Table 1 The effects of different GapDPC on

the accuracy of DBPs prediction

95}

+— : PDB396
»—=: LB1068

200 300
Dimension of top features

100 400 500

Fig. 1 The effects of feature dimensions

on the prediction accuracy

2.2 GapDPC-DPBs #& 8 By 5 R

FCACRFAE ) S 4R BOR B AT 5 A, e T 4048
££ PDB396, HF5T45 R ox, DBPs Tl i #E i %
M 83.33%HE = % T 93.43%, MCC M 0.64 42 75
7 0.86, AUC {HM 0.903 $#£m 2] T 0.970(K 2). &

g
Ace /e I 2 3 4 T H4 # LB1068, DBPs [ T vk B3 % M 79.96%
PDB396 8182 8182 8182 8182 8182 P F T 86.33%, MCC M 0.60 #2755 T 0.73,
LB1068 79.12 79.03 79.31 79.04 79.21 AUC 15}\)\ 0.865 j:;EEf% UT 0.916(% 2)'
Table 2 The jackknife cross validation test on the datasets PDB396 and LB1068
before and after the selection of feature dimensions
Datasets Dimensions Acc/% MCC Sp/% Sn/% AUC
PDB396 Before selection 83.33 0.64 88.80 73.97 0.903
After selection 93.43 0.86 96.00 89.04 0.970
LB1068 Before selection 79.96 0.60 79.09 80.89 0.865
After selection 86.33 0.73 86.18 86.49 0916

ROC i £e LA s . B W EIE )R Bt T DBPs
TN F BB A AR S O AR A B L (L 2).
AUC fE1EA ROC iz NTAR, & H TP i 8 %
EPERE, ZAEBOR, R SA8 B T 14 RE LT
AW 5T 5 T %45 42 PDB396 Al LB1068, AUC fE 7E
REIE GBI LURFIE S BT 0 i s 740 7 F 5 AN E
Iy R

2.3 GapDPC-DPBs &2 BTN M BETTE N

T B PE AN AR 5T 4 57 ) GapDPC-DPBs
BT P PERE ,  FRATIHRI FH AR [ EH SR AN I 5 T] A8
NI F7i%,  POER T RN SCRRAR 18 1 TR 5
. T HUESE PDB396, R O TN A [ 17
Wriabri b, (RS TEAER 2 F1 Matthews £H 5 %L
XPAEESEFR E, GapDPC-DPBs Lt Niu 25215
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(a) Dataset PDB396 (b) Dataset LB1068
1.0 e 1.0}
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0.6 | £0.6}
2 i 2
=l :
5045 | S04}
= ' =
1
"
02r 02}
I
|
—: After selection | —: After selection
o ---- : Before selection (3 ----: Before selection
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False positive rate

False positive rate

Fig. 2 The ROCs of the datasets PDB396 (a) and LB1068 (b) before and after the selection of feature dimensions
(a), (b) are datasets PDB396 and LB1068, respectively.

7[R TR TN (¥ 4 5 2% A Matthews FH < R 0439
P 74012 126 A~ E 70 s (3K 3). 2T LB1068
BE4E, GapDPC-DPBs H il 14 fE BH & A T SCiik
&) iDNAPro-PseAAC!', DNAbinder(dimension 21
F1 dimension 400)). DNA-Prot!""LL J iDNA-Prot!'?

VUFR 3. 5 P v 58 % 4 1] iDNAPro-PseAAC!
AL, GapDPC-DPBs fEHERGR . KFFtE. BUSH:.
Matthews #5¢ REURT AUC {H% 5845 1, 2 A3 T+
T#10. 9. 104 20 17 NH (R 4).

Table 3 The comparison of different methods based on the dataset PDB396

Methods Acc/% MCC Sp/% Sn/% AUC Reference
DNA-Prot 80.31 - - - - [11]
Niuer al 81.82 0.60 - - - [21]
GapDPC-DPBs 93.43 0.86 96.00 89.04 0.970 This study
- No data provided in the literature.
Table 4 The comparison of different methods based on the dataset LB1068
Methods Acc/% MCC Sp/% Sn/% AUC Reference
iDNAPro-PseAAC 76.56 0.53 7745 75.62 0.839 [14]
DNAbinder(21) 73.95 0.48 79.09 68.57 0.814 9]
DNAbiner(400) 73.58 0.47 80.36 66.47 0.815 9]
DNA-Prot 72.55 0.44 59.76 82.67 0.789 [11]
iDNA-Prot 75.40 0.50 64.73 83.81 0.761 [12]
GapDPC-DPBs 86.33 0.73 86.18 86.49 0.916 This study
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&5 HIE, 8 L4 % 2] H % (machine
learning algorithm, MLA)#% F T Tl & (A )5 1) 45 44
M ThEE 2> 35, Bltn SVMP, [l HL £k #k (random
forest) @, N L 2 ¥ 4% (artificial neural network,
ANN)2, £ 30T 4B (nearest neighbor method)®,
# UL 1 (naive bayes) @4 . H 1, H Vapnik
SGRAF ST ) SVM B BNz, RIS T BRI
TR AE G %00, MLA Bt pe e — € HE RS
FRAE A 2 40 0%, AEEUERMIR, BS MG el
Ay ARV FERIREA, 4E80s, AU
Inng s RS B OUAR, W HEIR TR .
I, EPAT 7 RBE AT, RS E R TR
EHALER. AUFFF A RFE LT 2 000 4E4F
TEF R HEATHERS, IR R 5 U0 38 SR AIE R 6T A
500 ZEREAE ) &% DBPs Tl v i 26 43 03 64T 1 45
Br, KILKAEN 370 B 2 A E 44 DBPs [ 15l
TR L.

AW TR H SVM 1E N 7 2K 4 175 Bl 4R
PDB396 A1 LB1068 _I- #4735k 7 7] 22 X iE,  #4 HY
37 B A T AR . 5 H A SE XBGIE T VA A B
[ 4n, A 57 E 48 45 Ik (independent dataset test).
FEEPR (sub-sampling test)&5], 5w JJAZ X IGIE B
SRFEIT B, A N o 2 IR g 1o 4
45 PDB396 H TN HER 2y 93.43%, BUKIEN
92.52%, FF5TEN 92.52%, Matthews FHK RECH
0.86, AUC {5y 0.970; 44k LB1068 ) Tl
i % 86.33%, BUEYEN 86.34% ., Hi RN
86.34% , Matthews #H 5% R ¥4 0.73, AUC {0 A
0916, A& T STHR o # 18 19 4 Fh T A A
GapDPC-DPBs X DBPs ] Tl B 15 1 %5 e (1) Fi
iR, FEERRAET: a. BT PSSM HifELE
H{ GapDPC, AMYELE T Rpilll & B 51 7 41 20 50 5
fibE. HEEM “F7 FEE, MEAE—EHRE FKR
e 7 A A 2 AN AH AR B TA] R ) 2 IR 2 1] R A %
P£: b. RFE WLREWSHRHE o5 AR AE 1) B 5 F0000 s 1
PIAH G FE I B AR R IE T4, BRERRS TR %
FEN RS T TINHER R, 28 BRI, AL R K
J& 478 T DBPs W% 7k, NI EZAEY)
1R 35 RURH 2 915 D RETE R | BORSC#¥% . St
TR T 1) 2 SR AL A S 1R 0 2% IR 55 s A1 A4 1
UL, PR, FERETORMAT T TR, JRATH 3
VAR RSE N R VAR oy itk S e N e R e

2 % X M
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Identification of DNA-binding Proteins Using Gapped-dipeptide
Composition and Recursive Feature Elimination Algorithm®

TANG Ya-Dong"”, LIU Xiao"™, LIU Tai-Gang?, XIE Lu®, CHEN Lan-Ming"™"
(" Laboratory of Quality and Safety Risk Assessment for Aquatic Products on Storage and Preservation(Shanghai),
Ministry of Agriculture, College of Food Science and Technology, Shanghai 201306, China;
? College of Information Technology, Shanghai Ocean University, Shanghai 201306, China;
? Shanghai Center for Bioinformation Technology, Shanghai 201203, China)

Abstract The identification of DNA-binding proteins (DBPs) plays an important role in functional annotation of
genes and proteins of prokaryote and eukaryote organisms. This study, for the first time, combined the
gapped-dipeptide composition (GapDPC) and recursive feature elimination (RFE) to identify DBPs. The position
specific scoring matrix (PSSM) of each tested amino acid sequence was obtained. Based on the PSSM, their
GapDPC features of the amino acid sequences were extracted, and then the optimal features were selected using
the RFE method. Subsequently, the support vector machine (SVM) was chosen as a classifier and the datasets
PDB396 and LB1068 were tested using the jackknife cross validation test. The result showed that the values of
accuracy, Matthews correlation coefficient, sensitivity, and specificity for the identification of DBPs were 93.43%,
0.86, 89.04% and 96%, and 86.33%, 0.73, 86.49% and 86.18% for the datasets PDB396 and LB1068, respectively,
which were obviously superior to the methods reported previously in the literature. The new model established in
this study improved the identification methods of DBPs.

Key words DNA-binding proteins, gapped-dipeptide composition, position specific score matrix, recursive
feature elimination algorithm, support vector machine classifier
DOI: 10.16476/j.pibb.2017.0413

* This work was supported by grants from The National Natural Science Foundation of China (31671946, 11601324) and Shanghai Municipal Science
and Technology Commission Foundation (17050502200).

**These authors contributed equally to this work.

***Corresponding author.

Tel: 86-21-61900504, E-mail: Imchen@shou.edu.cn

Received: November 7,2017  Accepted: March 9, 2018


mailto:Tel:86-21-61900504,E-mail:lmchen@shou.edu.cn

