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Prediction of Protein Subcellular Localization Based on Clustering and Feature Fusion

WANG Yi-hao,DING Hong-wei, LI Bo,BAO Li-yong and ZHANG Ying-jie

School of Information Science and Engineering, Yunnan University, Kunming 650500, China

Abstract The prediction of protein subcellular location is not only an important basis for the study of protein structure and func-
tion, but also of great significance for understanding the pathogenesis of some diseases,drug design and discovery. However, how
to use machine learning to accurately predict the location of protein subcellular has always been a challenging scientific problem.
To solve this problem,this paper proposes a protein subcellular localization method based on clustering and feature fusion. First-
ly,autocorrelation coefficient method and entropy density method are introduced into the construction of protein feature expres-
sion model,and an improved Pse AAC(Pseudo-amino acid composition) method is proposed on the basis of traditional Pse AAC. In
order to express protein sequence information better, this paper fuses autocorrelation coefficient method, entropy density method
and the improved PseAAC to construct a new protein sequence representation model. Secondly, we use principal component analy-
sis (PCA) to reduce the dimension of the fused feature vector. Thirdly, we adopt the LibD3C ensemble classifier to classify and
predict protein subcellular,and the prediction accuracy is evaluated by leave-one-out cross validation on Gram-positive and Gram-
negative datasets. Finally.the experimental results are compared with other existing algorithms. The results show that the new
method achieves the prediction accuracy of 99. 24 % and 95. 33% on Gram-positive and Gram-negative datasets respectively,and
the new method is scientific and effective.

Keywords Feature fusion,Clustering. Autocorrelation coefficient, Pseudo-amino acid composition, Principal component analysis
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— ke Y, 2 BT AR A R o T 43 R AN B ER T
RO 45 38 0 R AT 2 1K 50 78 0 358 RO AL 43 28 TR O
B i g R AEH A P FE B A IE R B A E AT
JUAP. & 3 R 4 A A 4 ¥ ( Amino Acid Composition,
AAOP Pl 4 5 W2 2H 43 ¥ (Pseudo-Amino Acid Composition.
Pse AAO)™ JEH AR 14 (Gene Ontology, GO | [ #1 3¢ & ¥k
( Autocorrelation Coefficient Functions, ACF)™) 4. Chen
VR AAC LR BUE (Y 8RR AR, 25 A £ 2 R
i g o B 1 J5T 40 R A A 57 T BUAS T R A A N  R
XA AACTEBRAR T HIET AEMRWA (G L, B0y
BAE BB 20T 25 2 F LR 19 BT 15 B LA BAT 22 1] 19 AR
HAE Y W F A A 85 W, Chou U T — Fb
Pse AAC ¥, 16 AAC B JE Rl _EORF ZUIERR Y 3 A BE AL 1 57 % 1K
TE 3R TE T L T A ME A 5 (D 1 T AR M AR 2 i 2 4
PR 2k %07 R T T T AR & A B R B TH25 18] . Chou
PR T T RR IS A B 05 vE K GO I Pse AAC M &5 4 3K
P EEARAEF TR A AL, Li 450 FE MLl DRl A T AL A A G

RS B — B AL T FRIE SR A

b = = e i v R 9 B e 7 R E B Tl = 2 |
MEZEARLFIJLM. K 48 H % (K-Nearest Neighbor,
KNN) M 37 5 ji] 42 #L (Support Vector Machine, SVM)M |
AL % Ak (Rand Forest, RF)M? | 1 i 31 [ 4% ( Bayesian Net-
work) " B AR S T IR B A U A o AR T
2 HA SR K A VZ Ak AR ) R R Y R IR R vz T

PR B2 3 pU 2R BT 5340 5 B R A AR B £ R, A
SCER I S [A] L, B T — AR AR T RS SRR AL 1 T
S A0 5 L U vk . T SE AR G R R R BTk 5 A
B T B AR R R B () A i P, IR AEE B PseAAC (1
FERE EANAT 12 O 3 R 0 BE AL M BR L i R R T i g
PseAAC . T4 Hb 33K 8 (A A 7 9015 8, AR SChk &
T HAH S R B AR Pse AAC, T A & T — Ffr &
B BT S SRR U A, B2l i PCA S1k0
XoF A S5 RRAE e R AT R A, SRS BT AN LibD3CH 4R R 4
JEPR AT A2 A W, I R A B — L0 4 B AE Gram-positive
M Gram-negative BG4 [ 1738 LI , 5 Jm 5 A SCH 1
BT ES A AR R BOE U Pse AAC % LU R oAb B A
RS R IAT U, SRS SRR AR SO LA K
P2 TR 1 5 40 6 A7 T ) 9 B

2 EBREMEMNEFAIE

2.1 MEEARFISFMERIER
2.1.1 AHXAiR#H

L 58 1 BRAE Fe A BB DL AAC S 32, X Fh o7 i R % &
T A5 R A IR 00 A A5 BRI B B (H I R R 3 AR R
r&uqﬂﬁ%vﬁ&%ﬁtﬁunﬁﬁuﬁﬂ HRMEN ., MG EN
HEH RRFAE R AL, ACF A T 2 38 19 47 B A5 B A 6]
EE%‘%%@&ZIEJH’J*HEE’HH AT B Jin B 5 b 25k T R A
T AR IEAS B . AR SCEEEUEE (4B 15 Rk 4R AE

ZIRE AT S T Kk ak & A BT AL 4 M Hy (RO Hy (R s
T 3o A% G 1 A ) S 0 O 1 R AR U LA AE G I 8 O LB Hs (RO FR7R  JE IR 09 R AE(H W0 38 1 7 31, H: 4 W 37) 19 X B
HAR 1 e s, 17 LS T — AR 3R BT VR AR AE — 2 Y R KEME 2 i,
F# 1 JFEIRRAEE
Table 1 Original eigenvalue

Code Hy(R») Hy,(R) H3;(R) H,(R» H:(R,) H;(R) H;(R») Hg(R) Hy(R) Hi(R») Hy (R Hp(RD Hy(RD Hi(R) Hps (R
A —0. 40 —0.5 15 8.1 0. 046 0.67 1.28 0.3 0 0.687 115 0.28 27.5 1.181 0.0072
C 0.17 —1.0 47 5.5 0.128 0.38 1.77 0.9 2.75 0.263 135 0.28 44.6 1.461 —0.0370
D —1.31 3.0 59 3.0 0.105 —1.20 1. 60 —0.6 1.38 0.632 150 0.21 40.0 1.587 0.0238
E —1.22 3.0 73 2.3 0.151 —0.76 1.56 —0.7 0.92 0.669 190 0.33 62.0 1.862 0.0068
F 1.92 —2.5 91 5.2 0.290 2.30 2.94 0.5 0 0.577 210 2.18 115.5 2.228 0.0376
G 0.67 0 1 9.0 0 0 0 0.3 0.74 0.670 95 0.18 0 0. 881 0.1791
H —0. 64 —0.5 82 10. 4 0.230 0. 64 2.99 —0.1 0.58 0.594 195 0.21 79.0 2.025 —0.0110
1 1.25 —1.8 57 5.2 0. 186 1.90 4.19 0.7 0 0.564 175 0.82 93.5 1. 810 0.0216
K —0.67 3.0 73 11.3 0.219 —0.57 1. 89 —1.8 0.33 0. 407 200 0.09 100. 0 2.258 0.0177
L 1.22 —1.8 57 4.9 0. 186 1. 90 2.59 0.5 0 0.541 170 1.00 93.5 1.931 0.0517
M 1.02 —1.3 75 5.7 0.221 2.40 2.35 0.4 0 0.328 185 0.74 94.1 2.034 0.0027
N —0.92 0.2 58 11.6 0.134 —0.61 1. 60 —0.5 1.33 0.489 160 0.25 58.7 1.655 0.0054
P —0.49 0 42 8.0 0.131 1.20 2.67 —0.3 0.39 0. 600 145 0. 39 41.9 1.468 0.2395
Q —0.91 0.2 72 10.5 0. 180 —0.22 1.56 —0.7 0.90 0.527 183 0.35 80.7 1.932 0.0492
R —0.59 3.0 101 10.5 0.291 —2.10 2.34 —1.4 0. 64 0.591 225 0. 10 105.0 2.560 0.0436
S —0.55 0.3 31 9.2 0.062 0.01 1.31 —0.1 1. 41 0.693 116 0.12 29.3 1.298 0.0043
T —0.28 —0.4 45 8.6 0.108 0.52 3.03 —0.2 0.71 0.713 142 0.21 51.3 1.525 0.0034
v 0.91 —1.5 43 5.9 0. 140 1.50 3.67 0.6 0 0.529 157 0. 60 71.5 1. 645 0.0570
w 0.50 —3.4 130 5.4 0.409 2.60 3.21 0.3 0. 0.632 258 5.70 145.5 2.663 0.0380
Y 1.67 —2.3 107 6.2 0.298 1. 60 2.94 —0.4 0.21 0.495 234 1.26 117.3 2.368 0.0236

HI 3R 1 P B T LU L A5 AR AR A A [ 22 S B KR Pl — 5K LS A B9 iy & & B A5

(R I 5 0 3k £ JEUIR B R AT I — A AL B . T e AR B R
ANAEA IR SR S (DK SR 1 P i B s B — 1, 10

(R —[A° (R Juin
LA° (R Jnax — LAY (R Jia

Hop HRO FR A — L5 BV REAEAE . 20 (RO R 5 o Fh & 2
J2 Xof o7 1) B — A 1 S AR AR AE AR L [2° (R Joa FTLA" (R T
3 530 Xk IO 2 R AT ) e R /N i R AT A

H(R,) = (D

HEFT BB oAb BE IV RE A5 % 5 T2 2 155 4% 5 T JHG ok 2 A1) T 2
ERFFIRER

H=h, shy s+ sh, 2
ja:rh he TR i G=1,2,,20) & KW X% 0 09 50ME . 2R
32O RIT A B HEUE T 5 H 1Y B AHC R 4L

r,,:?Lh Fhic,sn=1,2,,¢ (3)
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Hrb g HEHMEREM W <L, KRR N ¢
B PR A S BE TR =2 R] A A DGRV, R e T AR R B R S
et . ¢=1 RERM AP R IETR Z 18] 1 R 5 =2 A3 1A i FE
BN 2 MR SRR 2 ) MR . R b, A S A R 1 45 D EE 1k
FRAEHR AT LA ¢ 4k B AH OC F B 1R AE 1) d ok R L B
R=(ky sky s sk )" @5
ARSCHEET 15 R SRR 09 FLALER M AT DIA EE 15 ¢ ¢
Y A OC F B R AE T L B
kia ke ot ki
W — /ez.,l kz..z sz -
kisa ke v ki,
SR p=45 .8 i ACF. 45 45 2 11 U5 91 1] DA Ak
— A~ 675(15 * 45) 4 Y HRAE 1] &
2 PRAEME RS R Y P2

Table 2 Contents corresponding to eigenvalue symbols

Abbreviation Original word

H, (R;) Hydrophobicity
Hy (R;) Hydrophilicity
H; (R Side chain molecular weight
H,(R;) polarity
Hs(R;) Polarizability
Hg (R;) Solvation free energy
H; (R;) Curve shape index
Hg(R;) Transfer [ree energy
Hy(R;) Amino acid composition
Hyo(R) Regression analysis correlation coefficient
Hy (R Residue accessible surface
Hys (R Partition coefficient
Hi3(R;) Amino acid side chain volume
Hy (R Surface area dissolving ability
H5(R;) Network Load Index
2.1.2 WEAE
AYERF RN ZEWE RN HEGER B TH

SR AR IR BUR SR E (R BT TH A 2 R IR B0, R b A< 35|
AW Bk — L F | E A TG B RE,
2 KBV D 0 78 R 0 U AT R AE B B, ) o S o T AR
BT T A 20 e 3 R 8% 05 B L B
H(P)z—:EOIF,logF, (6)
Horp F, FoR5E i FREE R I EE A BT 5 P iR, |
5 BT A XTS5 ¢ & FEER XTI A0 2 B mT LR SUR

E,(P)=—+5 F:logF; )

H(P)

AT, BB A BT A1 P ORT DL — A 20 4E (00 % A
AIE ) R KRR L B

We=[E (P),E,(P) ., ,Esy(P)]" €))
2.1.3 sut A Ak Bk R AR A

Chou Z5 4 1 T PseAAC B 3k1200 | B 45 A 42 5518 41 RN A
B AH DG R -k 2L W 38 F B4R B, 7EM T vk P, 5 & 0% 51 4T
F 202 4 ) 5 5k RAT BT 20 42 % KRB I AE R R
RRZLRNOE R SO ol | WD 7 RV 5 s QA R o SN 7 S ¥
T X T PseAAC W BABMCH T T AUE B T BLKME R
KA AN B 43 71 3 b AL R PE X AR BT AR R . AR SCHE I
FERE L SOMAT 12 FpELAGRE  BIRCME R B FIE A
e TR A8 80 5% A i RE & LB 41 43 | I U 43 A7 AH 6 &R

B B HETT K SR TAT 23 T AR B R R A B AR
FE 7 119 45 00 4 4 B o TR T — Bl et

o HHAL RS B A RRAE(E AN 2R 1 751,

2T X 8
i PseAAC &

ol 3T Pse AAC BT84 47 1 FFE 5 T 2 9)
KB, Hor AT E p, ATH R (10K .

Weeanc =L p1sPorsps st s PoosProst s s Pooss ] 9
# 1<<u=<<20
E,/‘;*"wzx
i=1 P

b l 10
e 20+ 1<u<<20+A
Ef;*HuZ}/,
i=1 i=1

Horr, f, FoR R Z IR AEE (R T I T I A R, 0 2
*REI?’*,ZIUC%JU)\E({E% 0.05,7; AT QDR

1
L—k =)

Mj‘j*ﬁiélzlﬁ !/\/—\Elj‘]:

H (RO V+-++[Hj; (R ) —

Ye— Litk q1<k<lb (1D

]y.l+f< :ﬁ{[Hw (R,+;\,)

Hyi; (R TS a)
;H\:"I" le (R;>vH2 <R;)7""H15 (R,)Q%U%%%’EL%E&%‘%% R;
19 15 R LRI R G IME . HRH Al X (13) 5K 4%

h’ (R;) —average(h®)
v(h®)

Hin (R FR I R, X R A4 BT 04 JR b 55 fE A
average(h") Fe R XF B A0 B RRAE T 20 Fl & 36 R I 46 R AE
1B B (E v (h") s X BE 0 22 .

BT AR U 20 e 24 19 43 S 45 SR 7 AR B e, DR G AE AR
S A3 A= 1,0, A=30, 8 FHAC AR B iy A S HE 7]
HHLTERE 4 b BEAT S50, OF R 0 B — I AT R IRl L
BLORAER =14, WL, ik A PseAAC B8, B 5%
Etliﬁr%&ﬂu%ﬂcﬁ#/l\ 34 ZERYRRAE M 4
2.1.4 348 8O MmAKER

ARSCHET ZHEAE Rl G JEAR K T SCAR B ACF i 2%
BE VLG R Pse AAC AHES &, ML T — Bl 237 19 8 B T
G B AE BRI A, TR A A A R A 1 b B A A T
T2 40 AR B T4 2 08 T A& SE R 1 HE 50U FEE A 15 B X
FEA R . O, B kAR B B A ] R (1) Sk R Gk

Z: (Zlv Zz’ CEEIN Zzo’ [ETIN ZZOM’ von

Zootootatises) (14)
Horp R 202 4R B UE ) Pse AAC A8 0 4R B 45 408 7] L 5
21 AEBNEE 40 42 R 0% B VL SR IO RRAE n & Je )5 15 % ¢
e iF ACF $EBUAY4FAE M &, ¥ A= 14, 9=145 fLA
A4 ,BIIJ%%EFIETWJTUH% 729 HERYRRAE M RN .
2.2 PCAM#%

ARSCEE TR T 25 B R A FEAE R AR, BRI —
B0 5 TR A BT A REAE S B AR R B R T 2
TUARAE B AMEFE O T kG 2l B Ao 7R 0T 43 28 T o4 1 1 ) 52
M, A SCHIAT PCA B2 51, LA 3K BRI & e AF P 38 A5 300
A 1) L T A B B R A 2 WU M A M 0 B . A S
Brk (PCA) J& A i R AN T2 R TR e S 1 22—,
HHE A TEAR T B EL A A G 1 R AR i A LR M TE

H(R) = (13

s ZZO\ZO\).? B
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AU pig B4 A R AR 1f) SR AT AL OR B IR AR A B SR Diswna 409 H (1D IS (18 HHAE AR H
BAEE, &3 PCA B, i R B BR T U4 (E BIF I A,
N - X . . p=— 2 Zh (L .y) an
TEEFER A SRR T HR R, mt j=1i=1
2.3 LibD3C Disus = —— 3 3 Dis,., (18)
t(t— 1) ==

LibD3C J& Lin %72 1 — fp 3 T £-means H A5l
BEBSEAE AR A BB R B R e A2
F T k-means 15 09 D0 Ak 45 SR 7™ 34K T B AL ) 16 16 19 45 2R
ARIEAKL £ B9 SE 50 TR T BLAE 52 398 i 72 b R B L k-means
BRI IE T 85 4 28 4 AU 0% % , PRt AR SO — 2B A 3 T X
BRC21 ok Bk i B i, IR SR A TR B AL A9 SR S H 3k Alfinity
Propagation™ # ¥ k-means 5 ¥, 5 k-means 5 % AN A {1
JE . Affinity Propagation 835 ANTs B o 56 1k th 48 8 A4,
BB A FE AR i 0] LR S W 7E 1 2R 2 s [ I 3 — fif i e
WL Tl TR I AR 2 0 BT R R R e, B 1 Dy ok BE
JA B9 LibD3C 53k i i K .

BN
HEE Fmmmm——————— -

TRENK, @
HRes %R

I B3 % A |
| —
IR JIO/14E % & R 1R |
AL K HE | Wk :
I
— | v !
FONEREETH | |1 [EFH 8% :
HHKE : S
v | |
MEE KB | I
I
I
I
: |

P10 Bt )R B9 LibD3C Bk i 7 7
Fig.1 Flowchart of improved LibD3C algorithm

ik JE i LibD3C Bk EEH M Z BB A R, 5B — 2K
2 FE T Affinity Propagation % 2% gk 47 i i 1€ , 3 38 i 47
W7 NG 2R 55 2588 . R H 2 A H Affi-
nity Propagation 5. 33 U 48 U 4% 14 55 4 248 76 R UE 7 28
B AT ER T F — D IR R A A R AR B TN B B, R C=
{Cl [ 9('1,}%‘] n &#zﬁvd(l’])%i—\‘ Ci *u Cj ZIE‘ E‘JEE%&*H
LU 9D RIRFEA ¢, BHEH O EH TR, W Affinity Propa-
gation FIE MR HAR N «

CL91= Zaterren) — Li[4] (15)
—d(i.j), iFj

YT gy 2 e >0,

ﬁm<>:{ *
Caty e
co, 8B A3WD

sp"m:{o, 8 =3(D °

O R R B A BB S 0 I A A B — SO
kAVERZ PR & 5, FOGHED BRAE T 1 22 o e 8 > B0
I E R R MR B/ EG. BRNGER T= {2,
1) s (s v ) s WEE B 2 B i e AT X (16) /R

1

oAb
Ho, poR e DRI IIREE  Disrae 768 T3 22 S0

1S querage (16)

D http:/datamining. xmu. edu. cn/main/~chenwq/downloads/LibD3C. zip

2 http: www. csbio. sjtu. edu. cn/bioinf/Cell-PLoc/

i~k
Hoip h (25 . y) TR IEM B E B IR A E .

T AR WA SR LTS 2 M aER. B
IS VR R 15T IV 40 R A T AT 55 AR AR T L s T 2 AR A A
FKimj A, & 24 LibD3C FEM T 2% Mt # A,

i»@‘ﬂﬁ@

K #
EE

Kl 2 LibD3C 5k T 2458 70 J i i it 14
Fig. 2 Process diagram of LibD3C algorithm for multi-label

classification

M 2 W] LUE ), LibD3C S vk fE AR i 1 ot 2 6 22 47 25 4
F o) B Ry A BbR 2 3 2 Il . A SCRT ARG LibD3C2. 0 2K
A Weka & . 7] LLiiid URL fE£R 3R LibD3C. zip #EATH MY
2.4 MEKRIFITEMIER

H AR RE A I B O 3k FEA K g LR iE™ A
MK B Y ST PE A 36200 B — 3 (leave-one-out cross vali-
dation) "™ 45 . B — B ABFR R n 73 IR IE (n S KU 4 ke
AR 32 2 R B R T IR R B — S R A
FE AR AR A AR P A VR NG de Tl o 25 4%
H 3058 B BT B A BUF A . TR R
R T e R AT RE AU E G R AS SR EAT I SR, TR UG O s A
925 R S I R A I A R . B — R
AR IR B B W IR A BRI i — R — ik B T2
N7 FH A T 25 B B TSI AN S o7 T A AL B R RETTT L AR
SCHE SR B — 1 X A A A3 28 T 1 i AT I

X TRV RE PPAL A SR T A4 AR AR A AR

(1) #5755 1 (Specificity) :

TP;

(2) RAFME (Sensitivity) :

_ TP
Sens= TP, - FN, (20)
(3) K i1 %R (Overall Accuracy, OA) :
OAZ*TP' ’J\;TN' @D
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(4) 5 & Wy #H 5% £ 5 (Matthews Correlation Coefficient,

MCO) :

MCC=
TP. XTN;—FP; XFN,

(TP, +FP;) X(TP;+FN;) X(TN;+FN;) X(TN;+FP,)
(22)

Ho TP, 37855 @ 28 0 40 g 437 s vh U0 3E ) B9 RE A 580, TN,
FTRER T A ¢ S AN RE 75 LAA 50 H Al 25 55 T 1 8 A A
FP; 7R FA 51 4l 5 152 750y 28

¢ 2 40 A R B AR AR B

FN; 3RR4 ¢ 2R A0 M7 s 300 R 00 S HoA 2 3 AR AR
3 EBWHERSHW

3.1 HiEE

P e v TR e N AV Y S R N 1
Gram-positive Je40 & 523 ZE A BT 5. H 4 A W40 Ml 7 5
PR KU PE S Gram-negative Fo40 75 1456 KRB HTF .4 8
A7 20 Jf A bR 4
R TEANE B3R 3 Frgl,

B £ Gram-positive #1 Gram-negative

%3 g Th R A BUE 4 Gram-positive Fll Gram-negative

Table 3

Gram-positive and Gram-negative datasets used in experiments

Gram-positive
Subcellular

Gram-negative

Number of protein

Number of protein

locus tag Protein subcellular class Protein subcellular class
sequences sequences

1 Cytoplasmic proteins 208 Extracellular proteins 133
2 Extracellular proteins 123 Flagellum proteins 12
3 Cell wall proteins 18 Outer membrane proteins 124
4 Cell membrane proteins 174 Fimbrium proteins 32
5 Cytoplasm proteins 410
6 Periplasm proteins 180
7 Nucleoid proteins 8
8 Inner membrane proteins 557

total 523 1456

3.2 XWERSHH
3.2.1  HFAERRA SRR MR AR AT

AR K B Weka F- & 42 Y LibD3C2. 0 3 {4 47
S, T ETE Gram-positive Fll Gram-negative 35 45 I 4351
I ACFE Bt B Pse AAC 125 Fl 2 7 AIE Bl A 15 E AT 92 4 JF i
H B — AT B0 E , LI A5 R &l 3 o,

1400

1050

700
497 500 519

350

Correct number

0

Gram-negative

Gram-positive

Autocorrelation coefficient
22 Improved PseAAC
M Multi-feature fusion

3 3 M Gram-positive Fll Gram-negative (5% I
) 500 45 S Lh A
Fig. 3 Prediction results comparison of 3 methods on

Gram-positive and Gram-negative datasets

& 3 AT AR SCHE A B2 1 Pse AAC B3 i 20 1 3
AT 12 A E R AR X — R R R TR B
EER T AR B E R, B3R Y o A
PseAAC B 3: M AL 48 Pse AAC B LT & . 76 W A HUdi 4k 1
PR T BE e 0 T A A R K A A B UE TR R A AU
Bt Pse AAC 325 75 KU 38 5 Gram-positive |- 19 T90 0 #E 5 5%
A 500, TEEUIE B Gram-negative [ B9 T vERG Ely 13165 1
ARSI 22 FRAE Rl A 35 AR B E T Pse AAC M3k ah B &5 AT
05 % B2 0 ACF R BOA T B8 47 B 3 20 T 0 &5 2%, B 7 8
P4 Gram-positive b B HUM HEBAEGE T T 519, MEh 30k

99. 24 % , M TE B4 Gram-negative b BT HEFBGEA T T
1388, MEHH AL ] 95. 3306, 2% T ACF I #E 8 PseAAC
BT 45 5L . RIS L K LA B T 22 AR AE A O 1 R B 2 M A
SeikE

TEF PG4 Gram-positive LE{7#E— 2 A9 5288, 3 Fh 5 1k
X557 A Y TN 25 SR W 4 R,

10

08

06

04

02

Precliction accuracy

0

Cell Wall ~ Cell Membrane

Extracellular

Cytoplasm
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Fig. 4 Prediction accuracy comparison of 3 methods on

Gram-positive dataset

& 4 750, XFF Gram-positive 8035 £ . B T 7 Cyto-
plasm Fll Cell membrane P A4~7 & . ACF Fl gk # A PseAAC
T2 010 AU o Ay 38 RE A 5 P AL 7R A AL A kR Pse AAC
WA T I AR RBE R R R, AR BNE
RRAE il B 1k 6 AR T 5 b %) TR o A R AR O = P e Y,
JEHAE Cell wall 7 &5 b, H B0 HE 6 2 AH LY 55 41 W6 Rl 7 3 A
B AR T H Z= A Cell wall A1 Cell membrane {7 55 F B
T 1A 100 %6 B T B R

TEE AR Gram-negative W, 3 M7 TR 4 7 M8 1 EAY
T 25 R 5 s .
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WG ZEAH L ACF ¥ B Wi 4255 . AAIEI 5 thr] LUBH B & i
AR SCHR M 1) 22 RRAE BB T TR A5 6 a1 1 TN 9 i 2R AH L D A1
FhOT A W B A S, H B AR Flagellum i s BUS T 100%
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R TN 4 T M o AR SC O kA T k2R AT T A
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Fig.5 Prediction accuracy comparison of 3 methods on & W #H 5C R BL(MCC) 4 A b, I8 3 Bl ik 43 5l £ Gram-
Gram-negative dataset positive Al Gram-negative %8 #ff % I B 15 09 52 46 &5 R 17 1
. .o B AP s ok 3y
i I& 5 AT, X7 F Gram-negative $0 88 4£ . 5% T 7 Inner B, LSRR LN 4,058 5 A,
FA4 AMKREEE HER Pse AAC FIA SCTF L TE Gram-positive B 42 b Y 92 45 5 51 X 1L
Table 4 Experimental results comparison of autocorrelation coefficient method,improved PseAAC and the proposed method
on Gram-positive dataset
(AT )
Ind Autocorrelation coefficient Improved Pse AAC Proposed Method
naex
Sens Spec MCC OA Sens Spec MCC OA Sens Spec MCC OA
Cytoplasm 97.95 93. 88 94.52 97. 86 94.75 93.21 99. 34 99. 87 99. 65
Extracellular 89.72 97.18 90. 56 91.59 97.98 92.13 100 99.59 95.73
95.13 95.58 99. 24
Cell wall 71.42 95. 20 88.72 73.78 96.08 87. 36 100 99. 24 99. 47
Cell Membrane 100 93.02 94.03 100 93.76 94. 05 100 98. 86 97.92
#5 HMKREE PR Pse AAC FIA ST 78 Gramenegative 304 4R | Y 5256 45 SR X L
Table 5 Experimental results comparison of autocorrelation coefficient method.improved Pse AAC and the proposed method
on Gram-negative dataset
AT %)
Ind Autocorrelation coefficient Improved Pse AAC Proposed Method
ndex
Sens Spec MCC OA Sens Spec MCC OA Sens Spec MCC OA
Extracellular 75.00 84.14 79.83 83.33 86.72 84.79 96. 62 91.75 94. 43
Flagellum 50. 00 83.97 75.38 74.84 85.48 83.27 100 91.52 97.78
Outer Membrane 58.62 85.74 73.82 74.14 87.45 80. 28 87.92 90. 27 88. 64
Fimbrium 50.00 84. 04 76.24 51.79 86. 25 80. 72 77.45 90.51 84. 81
84.72 90. 43 95.33
Cytoplasm 88.95 83. 26 83.81 91.16 85.75 88.69 95.31 89.75 92. 15
Periplasm 64.02 85.63 78.42 69.57 86. 86 80.93 87.02 91.17 88.12
Nucleoid 66.67 83.91 73.95 71.49 86.52 80. 82 99. 68 92.56 94.97
Inner Membrane 88.02 80.52 85. 46 88. 64 86.52 87.42 90.78 92.97 90.72

H 3 4 Al 1, 7F Gram-positive 3035 4E b, A SC 7 ¥ 19 %
PRTFI VERG RIEE T 99. 24 % . A ACF 9 95. 13 % i ik
B PseAAC Y519 95.58% , A U LR T T 306 ~4%, T H
R R R S N B A O R BN SR AR AR T 5
AN RD 5 B, 0 H 2 AE Extracellular, Cell wall Fi1 Cell Mem-
brane {3 g iy R BHEFE AR E T 100% .

H1 % 5 Al 1, 7E Gram-negative $UHE4E 1, A 3CJ7 v By 2%
PRSI MER 2 i ACF 9 84, 72 %42 7+ 3] T 95. 33% 4827+ T
10% . F5ols, HAE Flagellum {37 £ A9 2 8015 45l B AH &
RBEN 502 LFBIT 100 % . 78 oAl AL AR 19 4 48 FR AL
REURE ACF FIEtE B Pse AAC ¥, %4 b 0 4.5 5 M4
M 45 SR 38 20 Ut B T A 45 B Y 22 R AE Al A AR T LA B 4R T
TG40 6 5 A7 T £ o G
3.2.2 S EBHESHN

AR HORTH TE ETTA0E AT 55 A 4 Rl R B
BRI KT TSR Mt . aX 4 Fhar 283850 510 0 .
LibD3C b W M-47 (NB) |, 3245 1] 12 AL (SVMD D Ko B #1125k Ak

(RF) . 1 45 fil & J5 19 45 A 1] 4 2 530 i A LibD3C. NB.
SVM Ml RF 4y &85, R H # — 15 78 Gram-positive F
Gram-negative Wi >80 35 45 b #F 47 28 88 0F , F b R O
e 5P LT A8 T A 06 R BORRE MR M ) 28 4 A8 B R TEAS 4
Fhoy Rk Mk fE . Hoh L LibD3C, NB Fl RF 5% H %0k
Z 80 SVM P i 8% vR B0 5 v T A% R B, TEOR [ O 2K 2%
T, Gram-positive Fll Gram-negative 1~ 5 #& 4 15 2| 19 75
giRWMEK 6 R 7 A,
F 6 4 FhorITRAE Gram-positive B 4 1 ) B 25 S0 e

Table 6 Prediction results comparison of 4 classification algorithms

on Gram-positive dataset

(AT %)

jackknife cross-validation test

Classifiers

Sens Spec MCC OA
NB 93.31 95.52 88. 34 92.93
SVM 99. 83 98. 87 97.83 98. 89
RF 97.98 98. 89 97.21 99. 04
LibD3C 97.85 98.95 98.02 99. 24
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F T AFGAETEAE Gram-negative FHE A T 1Y B 45 R %) e
Table 7 Prediction results comparison of 4 classification algorithms

on Gram-negative dataset

CBLAT . %5)

jackknife cross-validation test

Classifiers

Sens Spec MCC OA

NB 86.13 87.92 82.27 85.78
SVM 91. 83 93. 26 90.52 94. 37
RF 93. 86 94.12 93.51 94.92
LibD3C 93.75 95.42 94.12 95.33

2 6 A LA M, 7 Gram-positive & £ | LibD3C 19
I RVERE R AR MER RAA N T 99, 24 %0 ML NB#REE T
6 %6 22 A T ELBR T R BLMETE R M AIK F RF RLAL , H AR 5t A
Ih A6 3T A G 2R B0 48 AR 38 i 1 A 4y 2588

2 7 T LLE M . 7E Gram-negative 045 4 F i i % 1o
R R S B A O R B RO R B 3R A4 AN IT AR 4R
FRA] LA B, LibD3C MR IR R B T 740 3 A gk, Hop,
HRAERRIAE] T 95.33%, L NB T 10%. %L, A&
SCREFE LibD3C AT LUAT 203 & 4 1 BT AL 0000 9 ME B 1
3.2.3 BRwH KK

R T 5 B UEAR SC 5 vk 9 S kM R AR 45 8 SRR 28 T
5 1) S 36 25 R 5 H At B0 B 0 0 S0 25 R AT LA, iR Al
XL g Rk 8. % 9 Fral.,

# 8 Gram-positive Ui e 1R 751 1 Bl 10 He e
Table 8 Performance comparison of different algorithms on dataset

Gram-positive

CRLASE . 200

Subcellular . ) - Gneg-ECC- Gram- Proposed

locus tag iLocGpos (267 mPLocl29] LocEN[4] Method
Cytoplasm 95.2 96.2 97.1 99.0
Extracellular 89.4 92.7 97.1 98.4
Cell wall 66.7 66. 7 94. 4 100
Cell membrane 96.0 96.5 97.7 100
Overall 93.1 94. 4 96. 8 99. 2

# 9 Gram-negative 0I5 A [R50 35 PR 68 09 H e 45 1R
Table 9 Performance comparison of different algorithms on

Gram-negative dataset

CHLA s 6D

Subcellular . [30] Gneg iLoc Proposed

locus tag Gneg-PLoc mPLoc*) Gneg 132 Method
Extracellular 44.4 59.4 86.5 96. 2
Flagellum 0.0 0.0 100 100
Outer Membrane 54.8 84.7 83.1 87.1
Fimbrium 34.4 87.5 93.8 87.5
Cytoplasm 88.3 87.1 89.5 96.1
Periplasm 48.3 85.6 89.4 94. 4
Nucleoid 0.0 0.0 50 87.5
Inner Membrane 81.5 94.3 96. 8 96.9
Overall 71.5 85 91.4 95.3

% 8 Al M, % T Gram-positive &, A X H LS5
£ 1 iLoc-Gpos 8. % . Gneg-ECC-mPLoc 8.7 Hil Gram-LocEN
FEEAR LG 7E 25 (50 5000 50000 o B 2R3 B B A 4R T 8 7 1Y
SR TN AE A LA Bk P R BB 9 Gram-LocEN
FHERTT 2.4%:HFE 9 T3 T Gram-negative FUHE £ .
AT 5 IA ) Gneg-Ploc 5 % Ml Gneg-mPLoc %74 #H

LU 45 S0 1 1 TN o B B AR AT R 3 2 =, T S iLoc-Gneg
BVEA L BR T FE Fimbrium 7 a2 09 350 00 o 8 32 A /N g B2 R
R b, 70 HG Al 57 w5 1) 5000 9 0 58 28 4 4 T B O 1 1 A U
WETE L iLoc-Gneg LR TR 4%,

£ LTI AR SCHR HY Y T R S AT R A B R R
240 M R 32 TN B )5 ¥ 7E Gramepositive 1 Gram-negative U 4ff
£ ES T BRSNS SR X uE W] T 7 2 R BE A
A R 18 B TR A Y T ) R AE R OB TR 3 B
e P B 1 43 28 T 1 % T 58 S0 400 i o T Y A P R R
HEHAEXH,

EERIE AR A SO 40 A 5 PO A o A — B AR
FB A AAEYE BHER B EREZ —, R T 24
F Fl 5 0 AR 27 T B R 4R D T — 3 T R R IR AE B
B9 A BT A0 A LT vk . SE R A AR DG R B0 R o
AR BURFAE 0] 3, IF 5 FAE 5 00 PseAAC &1 T — Fh el it 714
Pse AAC; 45 ¥ H A OC FRB0IE 0 85 B L ALCE Y Pse AAC
PEAT RS A RE T —Fh 48T 0 8 11 B 9 R AR AL K 5 F
PCA 5535 X5 Rll& J5 1 5 AF 1) &t 17 B 4 . JF % A LibD3C 4&
AT AR TP AT A T ; i JR R B — 1A 7E Gram-positive
1 Gram-negative P54l 48 b 9847 38 UK 5 . 3 53 85 A S
J7 vk 5 H Al I A BB 0 SE IR A5 R AT LR RSP AR SO A
A B e T A 1O IV A I L T A R . AR AR ST R
TSI AR TR B g AR H 2 i TR ST T
LibD3C 4326 3 1 AH L H A 3 8 F AR I LK, 3 B0 A1 B
B934T W 1) 7 7 38 i, i ELIE T LA 35 0O 22 LA i Oy vk X
A B FE B AR AR BEAT SR I N AL E B A R — 25
B 5¢ AR B HE— 20 4= 5 8 1 BT 1) R AEBLAY, IF Xt 732K 2%
HEATORAL PR AIE 78 £ m THOMRG B2 174 ) AF A 58 A% 482 2 S 0%
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