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Abstract

DNA-binding proteins played an important role in various intra- and extra-cellular activities. In
this paper, a novel grDNA-Prot method of DNA-binding predictor is proposed, the protein se-
quence information is described with the probabilities of 20 amino acids and the 531 physico-
chemical properties indices of 20 amino acids in AAindex database based on the Cylindrical
graphical representation. Furthermore, we employ three feature selection methods to select the
optimal feature, which is used to establish the model for identify DNA-binding proteins basing on
support machine vector with 5-fold cross-validation. In order to test the effectiveness of our me-
thod, we compare the accuracy performance with the other methods in independent test dataset.
These results demonstrated that the physicochemical properties of hydrophobicity (H), Physico-
chemical properties (P) and the alpha and turn properties (A) are primarily responsible for dis-
tinguishing between DNA-binding proteins and non DNA-binding proteins.
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1. 5|8

DNA %5 &8 FITEAN I N A& Pl AR anid s vp i B A, Bilhn: 6%, DNA &, DNA 4
3. DNA B85 5HEH XL S a5k b it A i 20/ — NS5 EE, I H S DNA AR 7[1].
DNA Z5& 8 F BB AT DMEATTAE SR 254, R IS5 2 M A ) 5B FH T DNA A A4
A EREFE A [2]. 1986 4, Swiss-Prot ##fs 2 A 05 3939 SEE A BT AI[3], (Ha2#l 2020 4 10
H 7 H UniProtKB/Swiss-Prot AWK T 563,972 268 i /751 5T S8 DNA 454 & Akl 7k B
SREIRZ[4] [5][6] [7], BAZLEMME SR R W& B R E 1 W8 [8]. Kk, FFR—MuLif
RIX 5> DNA 2568 FMAE DNA &5 E AR A+ EENE L. BIHAT NI, GRE2ETE
FR S5 F AT B 5 7R T DNA 4568 . BT 3REU R, R & A 5 0 DNA 4568
H AR HERR R GV T =@ SRR (9] [10].

AR, RN ROT R AR Z 2 TR A U7 71 Tl DNA 454 8 A W5 7%, 6140 iDNA-Prot [11],
DNA-Prot [12], DNA-binder [13], iDNA-Prot|dis [14], PSFM-DBT [15], DeepDRBP-2L [16]. N T M
JRFSI R REE Z A E R, FFRA R T 20 FEERARE . R EE. AR geEw
A IR AL 2 R S R AE R R T VM RFE . RIS, SR RF AR 358 S0k PRAR R AR T AR R e b, 42
i TR A PE B o st 4, 5 T T DNA 56 8 A AL 8% 5 21 0 R B A 45 B AL AR MR (Random Forest) [11]
[12] [17] [18]~ 3 ¥ M EAL(support vector machine, SVM) [19]-[25]. Logistic [A])7(Logistic Regression) [26]-
AhER U7 (Naive Bayes) [17]. A L#14: W 4% (Artificial Neural Network, ANN) [27]. SRR ENIEE B
RS E VERURS B P, B2 LA T DNA 456 28 A T R ) 0 .

SR, 0T AR 1 57 1) H B B 20 75 S B R A XA A B T2 A A PR M P I /. Huaang 55 A[19]
MNP TE 2 s A B R 3K 2 P 5 A 2 B U JE 8 mRMR S90S 2 A BT D) RE TRAR AL ;. Zou 55 A
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SR &%

ORI RS B BIEMEALER . B ST (5 BT RE (S ST DNA 4548 E A, NERFIH
R R R BIHEIR | S5 AU IR AN A B DNA 254 B (A RFAE I 37 38 TS24 g ML T A 7R
Kumar %5 A [22]18 F 2 ZERR 20 il AN O 28 BE 1R 4H A i NARFE ST B- PN I e lg 2 1 B RO AR, B4 1
PR Liu 25 N [28f & B 0 0 R 4 R FE AN 3 T 2 5 A5 Ak O M A 2 P B AE 2 57 microRNA
TSR, AT DARLF TS A M5 AV 22 A

HER IR T RE S B 20 FioR SR SRR I D BRAL R A A S 1 0 SR, Ik e I 2 B 1 o 17
H ST - AAindex HR (29 PR AL 7 544 A S BRI FRAL A M S B 4L, 2 FR 2 EH 20 PPOR SRS IR RREUE A o
Kk, M AAindex %idf e i3 Hi AT AT 241X 4> DNA 2548 153 DNA 4548 A RSV EAL 24P A
AEEZ N30, HTENESRERE, F 13 HEERYPCEIE SRR IAE, T T M. i
SESR, BN AAindex FUHE FE T EARIZIRAI AT, WEAEARE TIRZ TR AR %311,

ARSCEIAIR IR R 531 NESERRY BT PRI T 531 ANMRHIE, [R5 B SRR 2 o 2
FIURIRERIRE M. {H2 551 ANMRFE RS AP A7 AR U AR AN 2 A ICIE, X BN FRTIN 28 25 > FAO P AN I 1
FERAPE A, A SR T MU ARG BT vk 551 AMERIE A B 0 0 415 B, BI3E T LASSO HI7[32]
BT PRAR I T BT RTINS, G S ENLYT DNA 856 8 g THG Hr38 XEiE). I
H TR B MBS T ¢k, EBIR TR DNA 254 &AM E DNA G4 E A A5 L.

J9ULE grDNA-Prot J7 VA Rt , AR SCHEMAST £ #E4E DNAiset F1 DNArset F 4T 7 5HE5 4T, H5
HAMIRA DNA 454 % A T 77 % DNAbinder. iDAN-Port. DNA-port #4T %t 3, DNArset $f 4
ik DNA 45 & &E A3 KT DNA 455 F M, SEY A DNA 455 E 153 DNA 4568 A4 it
BUAHAET . ZREW], grDNA-Port J7VA0 T I £ 1751 () 7772 (DNAbinder. iDAN-Port. DNA-port). 4
L grDNA-Port J7ERI 7 HrHEZL WA 1 ffrs

HAE A ‘ ‘

@ WAL bR+ 3R P DL l A 2
- @ Class -1
- - R R
-
0% =

© Class +1

grDNA-Prot Model

Figure 1. The research framework of this paper

B 1. ARTHRAESR

2. R 55%
2.1. ¥iREE
AR DNAdset ERIZEE, AT EdE4E DNAiset. DNArset 1/ RIGIFAE, X =ANEEREW S H T
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%/~ DNA 254 & A BN 7T H[20] [33]. 1254 DNAdset f5 231 4> DNA Z5 4 & (A1 231 /4~ DNA
A EE, T H CD-HIT #277 [34 1k 50 1% 8005 5 N 8 B 5T AR T 40% . Lin 55 A [11]4E PDB (Protein
Data Bank) (4 i HHAG 2 BRI “DAN 454 82 11 1530 2014 42 6 A 1 HUUE KA 97 % DNA 454 & M,
5 199 49F DNA 454 5 (R & T RS i 4 DNAdset. AL DNA 45428 FIE AR 2 A 15 0
Kumar %8 A\ [13]7£ 2007 4 &A1 T 657 97 1> DNA 454 8 F1#1 1500 /M3 DNA 454 2 A 1) DN Arset #4545
Hrdi 4 DNAiset fil DNArset H /551N T 30%.

2.2. HFAEIREN

R R SRR A AN R I R B A SR 2K . 2 R IR Rk 2 1 R O st R TR A
FRKTFX . TFE AR SR AR VER . RNA 458 RN SRR S HVER . DNA S5&5RIE K
e PR EE R R S B TGS M RN D B TR0, 9 R IR BB K PR L VAR AT Ve AT AT R RE . EEEIR I
PIERAL S MR AR B AR AT 2 AR B DNA A BAE A il s BB, AU 531 HE MR ECRE
INEIERR KIS B SR o BT R E 358 AT A A 5 R B AR T A B, 2 — R S AR i
i EFRASFHITIE, FF A Z IR o AR SCHE Yu 25 N [36]10 TAESERE b, FREER
PRFRE AT, B BTN 07 ZE A B R AR AR I S KA 9 B R S I AUE R . BRI, AR5
I 531 HEFERRIEET 3] 531 MUEFHER R R — R EE T,

NTHCK E T B R R 20 ANEEIR /A 1R FAE AR )RR b, AN R IR LE B R TH R B — %%
2k o XFP U450 o T R RRIREEAE B (T 41 R AL RN o A o AR 531 ANERAGE AR ARE X 20 A4
RAEEMRHATHE o FRAN 10 F A A AR R S s B [ A R T 2 L B 41 o

FE TR AL BRI R R R AR 2 8] [ e 3 a0 A 20 1 BT

X, :cos(z—nin), Y, :sin[z—ninj, z, =L 1)
20 20 N

Hr, N RREAFTFIKE, n=123, N ZREARTFITE o MEER, i =0,1,2,---,19 KR
n ANEIERRFARIEFAE . L AAindex 4 e & SRR 540 BHARSB0101 il (4 AN A IR T A B AR [R] T
BT A, 20 NMEEERIHTN: M<W<F<H<C<A<L<V<Y<T<I<N<K<Q<E<S
<P<D<R<G. BEEARITIIN:

MKRRIRRERNKMAAAKSRNRRRELTDTLQAETDQLEDEKSALQTEIANLLKEKEKL

Y2 5 A AR AR P R ] 2 R

ERt

Figure 2. The cylindrical graphical representation of a protein sequence

E 2. ERERFIIRFERERT
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N T EEM TR S A A R A SRR, IR AT EA TR AUE AR, W R AR
RIBEETE PP 81 SR ) 75 Z2 R R I KRB 7 ZZRE R A 5K 2 T

S. S, §

xx Xy Xz
S}’X S)LV Syz

Sz Sz Szz

P= 2

He:

Szz =Z(Zn _E)Z’Syz ZZ(yn _)_/)(Zn _E)

n n

RN, X =max {4}, 4 NP AR P. KRR 20 MEIERRI 531 AMELAL YR 3
FRME, — 4B T BB bk 7T DU SR 531 MEUEREE . T4, S48 FR AL 20 AR
S AR L A

FICIF] 551 BAHEFTT DNA Zia BARTI, FR8 X =(X,, Xy, Xo) « HRFHERAT b7
HEMCALEE, B SR R

X -X
Y=

1/Var(X:)

3

Her, X, M var(X,) 5504 X, K FE S 2.
2.3. X HIEH(Support Vector Machine, SVM)

SCREIFEALE DNA S5 B T s vh 2 1 )32 OB a5 20 S0 o DLt o 20 S0 i B B R A e 4
RFAIE 22 TR A3 — T T, R e i SR 2R TR R AU SR I AL SR O
Z R THEAR ATP 85 &AL I AEHT 37 AR 1A HEAZ R E0 N B :

K(x,,,yj ) = exp(—y"xl. -, ||2) 4)

by MRS R T . A SCEHMAS R XU E S C 5y, MAASEIEBUEEE N
2'(i e{-10,-9,-8,--,8,9,10}) .
2.4. MEEVTHE

ASCIERESCFF M ENUEIENE N I8, 8 A8 X iR e A B, FRIRTHIRES Iy 1 2 ]
FEER, AN FERRA Accuracy (ACC). Sensitivity, Precision, Specificity, F-measure and Matthews
correlation coefficient (MCC) [38]. [A] I {3 ] ROC #i £k & ROC Hh £k N AR AUC Pk 73 R 28 FUl 14 BE[39]
REEAR bR HT IR A 204 H[40]:

TP+T
ACC = TN 100%
TP+TN+FP+FN

TP

Sensitivity =

x100%
N
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SR 5%

x100%

N
Specificity =
p y TN + FP

Precision = x100%

TP + FP

2xTP
F-measure = =X x100%
2xTP +FN +FP

MCC = TPxTN—FPxFN <100%
J(TN+FN)(TN +FP)(TP +FN)(TP + FP)

Jerb, TP AITN 3 AR HERGTNY DNA 254 8 H AR DNA 25 &5 H I, FPACKRTINY DNA 45

HHEARAE DNA 45 &8 A B1%L FNACRTIN VA DNA 454 8 H 1 DNA 454 8 [ 1% TP, TN B,

FP. FN AR, ARRBIE TR AT

2.5. ¥FHExREE

HPEAIG 551 HERFAE ) & 2 (AR TUAR P2 PSS BURE BE, A SCAE I 28 5 (DN Adset) EATRHIE I
B, BB HIETURIFHETE . AR T =ML )75 LASSO J5ik. JET Filter (19777215
T Wrapper 97772, {8 FH AL 5 H7 28 B UERf & TR iS5, AT B A A it 4
RE(LL AUC NP iEFR) . 25 —F k2R H LASSO [H3 7575453 BRFE (M TC R AR SHE R IE T 46 26
TRV A B KA 9 B B /N TU A% FE (Maximum Relevance Minimum Redundancy, mRMR)J5 5 4FAE
HATHEP[41], SRIGIEEEHEATT 200 4EHFAE. 55 = M5k R e T Filter MJ77E5EA b, MRIEBEHLARA
(Random Forest, RF)& AT AR B Z LA 0 FERTREREATHE T, 285 18 S +F 7 &= A L(Support  Vector
Machine, SVM) 72K 2345 (1) AUC {EIE SRR . FARTT 4 38 220 DOR BN 5 REAE A TBON 24 i
B, 3 AUC {E 42 @ WP IE AL 1k dE i AR RS, 5 W HEBR S A R RS 2 A o

3. SEUESTHT
3.1. FHERFLER

FEX ZFRFAEE £ 77 RO FEAE B, SRAEET AUC PERESRFRE R SCRF IR BAL > B85 5 TR I,
33 7 2T DNAdset IR MRS R 5%, A R ILAE 1,

Table 1. The AUC of three feature selection methods based on 5-fold cross-validation for SVM on DNAdset
1. ZTEHIEEIFE 5 A TEBIRSE DNAdset EET 5 IIXNEIEMTIFEENA AUC £45R

Feature selection methods Machine learning Classifier AUC
LASSO SVM (C=6,y=-5) 0.9523
Filter-based (mrmr) SVM (C=9,y=-8) 0.9384
Wrapper-based (RF-SVM) SVM (C=10,y=-9) 0.9546

e 1, SRRY, HHAMIET KR EN(SVM) 32K 5 K38 UG E FRHEE 3 77248
tt, Wrapper-based (RF-SVM)FFIEE#E 7772 B A = ) AUC . 72357504 45 (DN Aiset 1 DNArset) [,
KA LR BN RS ERE 049 (T AUC H)RNM MR LAk, FIH Wrapper-based
(RF-SVM)SHEXTE R 33 MEFAE, 7EBIME 0.44 JEFEINTHE] ACC. MCC. FE%E. RIFE. FrREM
F- A . FARPEM S L% 2. k4h, DNAdset. DNAiset Al DNArset 1] ROC k4 3 ffizr.
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Table 2. Performance of prediction model on DNAdset, DNAiset and DNArset
2. FUMARALLE DNAdset. DNAiset 1 DNArset £ AEREL

Datasets threshold value AUC ACC MCC F-measure Sensitivity Specificity Precision
DNAdset 0.44 0.9546 0.8896 0.7819 0.8940 0.9307 0.8485 0.8600
DNAiset 0.44 0.8698 0.8277 0.6169 0.7463 0.7732 0.8543 0.7212
DNArset 0.44 0.7383 0.6055 0.1776 0.1923 0.7732 0.5947 0.1098
1.005 AUC=0.9546 MH*_“—;T';;H
DN
AUC=0.8698 + i '
0-75 1 f“;“;‘r l.’.-
{ s & AUC=0.7383
-
2 ¥
o ¥ Feature_type
o ¥
> y —*-DNAdset
'§ 0.501 ‘J.J ~*DNAiset
Q = DNArset
% IH‘ Line_of_reference
= J
0.25¢4 /
b
0.009 *©
0.00 0.25 0.50 0.75 1.00

False positive rate

Figure 3. The ROC curves of DNAdset, DNAiset and DNArset
B 3. 7E%#EEE DNAdset. DNAiset #1 DNArset EAJ ROC BHZ:

3.2. PRSEHFETURINERE S 4

N TR ZRRFIEYS DNA 456 & EMAE DNA 4G E AKX a1 B BEA 2= L, AR CKH]
XM ¢ K06, B MEKTN 0.05, 33 MELMEFRE 24 1N24/33 = 72.7%) B B Nt, FriddFaest X
5> DNA 255 E A MEE DNA 856 A B A TR L

FEGEHLA 33 MRHET, B & PR FARRIESE Y . b 8 T & R FR O FRAL 2 P R RFHE AL 2 T 19 A
JE T ARERA RN, 914 A GREBY], BE I 33 NMRHIES Skt DNA 456 8 B R T R
4 FR), PIZRAFAESINT DNA 456 8 A R WA HZE0m . BARTE 45 R Ik 3.

7f AAindex ¥#5% % (Tomii A1 Kanehisa, 1996)"4, HEALME G AR FRIE T e/ NAE BB 575 0] By 7N 2
Alpha and turn properties (A). Beta propensity (B). Composition (C). Hydrophobicity (H). Physicochemical
properties (P)F Other properties (O). K FTIEFENT 19 AT 2 BRI EAL 22 M i I RRE 5 7S K@ PEXT Lh R
B 4 Fror), B AT FIH R AR 2 1 Hydrophobicity (H). Physicochemical properties (P)F1 Alpha
and turn properties (A), #&[X7; DNA 4i&H HHIHE DNA 4555 H M EZ R K .

3.3. SHEMFEMELS

N T HAE grDNA-Prot 770 %, ¥ grDNA-Prot 7k 58 A I =1 web K55 #%(DNAbinder-.
iDNA-Prot Al DNA-Prot) £ BN 7 i K #5242 DNAiset Al DNArset _FHEAT THERELLE. FEARSE B I0L3E 5.
%fF DNAiset, grDNA-Prot % ACC. AUC. MCC Al F-measure [{]1:fE 1T T DNAbinder il DNA Prot.
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Figure 4. Comparison of the three feature types in DNAdset
4. 7£ DNAdset Fp = ARSI RO LSS

Table 3. The performance of the three feature types in DNAdset
% 3. 7E DNAdset *p =FhRIFFAEA 14 BE

Feature information AUC ACC MCC Sensitivity Precision F-measure
Composition of AAs 0.9477 0.8853 0.7744 0.9351 0.8504 0.8907
Physicochemical 0.9351 0.8701 0.7443 0.9221 0.8353 0.8765
33 features 0.9546 0.8896 0.7819 0.9307 0.8600 0.8940

Table 4. The distribution of 19 features based on physicochemical properties of amino acids in six groups

4. 19 METEREBRYIEUF M RIFHEESN LB IR A HIER

A B C H P O

BUNA790101 1 0 0 0 0 0
CHAMS820102 0 0 0 1 0 0
EISD860102 0 0 0 1 0 0

FASG760103 1 0 0 0 0 0
FAUJ880103 0 0 0 0 1 0

FUKS010104 0 0 1 0 0 0
HOPTS810101 0 0 0 1 0 0
LEVM760101 0 0 0 1 0 0
MAXF760104 0 0 0 0 0 1
MEEJ800101 0 0 0 1 0 0
MITS020101 0 0 0 0 1 0

MIYS990101 0 0 0 1 0 0
OOBM770105 0 0 0 0 1 0
RACS770103 0 0 0 1 0 0

DOI: 10.12677/hjcb.2021.111001 8 TR A
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IR S5

Continued
RADAS880103 0 0 0 0 1 0
ROSG850101 0 0 0 0 1 0
TANS770101 1 0 0 0 0 0
WOLR790101 0 0 0 1 0 0
ZIMJ680104 0 0 0 1 0 0
TOTAL 3 0 1 9 5 1
Table 5. Comparison of the predicted results by grDNA-Prot and other methods on DNAiset and DNArset
= 5. grDNA-Prot ZES LMK EE DNAiset F1 DNArset =5 E fth /5 X R FUNIZE RELER
Datasets Methods ACC AUC MCC Sensitivity Specificity Precision F-measure
DNAiset DNAbinder 0.709 0.809 0.459 0.845 0.643 0.536 0.656
iDNA-Prot 0.889 - 0.752 0.659 1.000 1.000 0.795
DNA-Prot 0.824 0.732 0.589 0.526 0.969 0.894 0.662
grDNA-Prot 0.828 0.870 0.617 0.773 0.854 0.721 0.746
DNArset DNAbinder 0.3845 - 0.1007 - - - 0.143
iDNA-Prot 0.614 - 0.132 - - - 0.172
DNA-Prot 0.735 - 0.152 - - - 0.197
grDNA-Prot 0.606 0.738 0.178 - - - 0.192

Ub4h, 7F DNArset [IHE 2B, grDNA-Prot Lt DNAbinder. iDNA-Prot. DNA-Port K75 5 i 1)
MCC, . DNAbinder-iDNA-Prot 3813 5 &[] F-measure . 45 SCHE H 5 ¥ 1 P 8238 iDNA-Port £l DNA-Prot,
HEE N EIEE R A RO R . IX 45 R B arDNA-Prot J5 6] LA 2434 8 DNA 4548 1.

4. g

DNA 45 &R EEM N I & A A ap i s e g HE R, A Ca s 25 il DNA 454
HTEE T AL BT E RS 20 4ESUERR AL ORI R 531 4R T AT B3R m ik i 2 R B
e ZPEBURFE, 8 FH 2T Wrapper 7 VA0 RS R RFAEBEATRAIEIE 8, 148 A B X A AL 33 4y
fE, e @Er 1 3T SR ML TR . [Fi % B, Hydrophobicity (H)~ Physicochemical properties (P)
A1 Alpha and turn properties (A)/2[X 7 DNA 454 8 [ AEE DNA 256 S A K 3 ZEALER . Ik, BFess
SR BT 15 BV AR AE T DA SE G b g R 45 i B o

B, R PN O R B 42 (DN Adset 1 DNArset) b 5 HAh 77 ¥ (DNA-prot. iDNA-prot
DNAbinder) ¥ LLHR, UEBH T grDNA-Prot J5 £ MIA &t . Bk, grDNA-Prot 1] LUFFHXS #ERfH TI0I DNA 25

HEA,
HE&mHE

AAGF] T ALE B ARBA L ST H (F2019402078) . T 1648 25 A RORF 3 A 78 T H (QN2018235)
AT b4 BT 50 A4 G35 95 BB H (CXZZSS2021092) 1) S0 KF, R 7~ 8
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