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Abstract

Apoptosis proteins are closely related to some human diseases. Accurate identification of the sub-
cellular location of apoptosis proteins is crucial for understanding the pathogenesis of diseases and
drug development. At present, researchers mainly obtain feature information from protein se-
quences to predict the subcellular location of proteins and obtain good results. In this paper, we first
improved the feature extraction method of PSSM, segmented the PSSM matrix by row to obtain the
local information of the apoptotic protein sequence, which is called SePSSM. Secondly, seven physi-
cochemical properties were added to classify amino acids to obtain the global information of apop-
totic protein sequence. Finally, the obtained two features are fused and input into SVM using differ-
ent kernel functions for prediction, and the prediction results were obtained by Jackknife test. The
experimental results show that PSSM method with segmentation is better than that without seg-
mentation, the RBF kernel function is better than other kernel functions, and the fusion feature has
achieved better results on the ZD98 and ZW225 datasets, which shows that our method is effective.
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1. 518

S T AE AR AR B SO R i AR AR, ME TSR REL TR 52K
TRAR B B SRR I K AR A B R R OC R [1] [2] [3] [4]. TR B 25 5S4 T K&
H. WFER, MTEARIIGES WA MRALE % UIAHIC[5]. PRI T2 8 1 04t a7 B 0% TR s AL,
REM BV RATE M T E A DR . AR THLHIAI 25T K . SR, 18 AR e AL W) S8 T VR o )
HERALE BRSNS %y, HMELA R IUAE RO R oK [6]. BRI, BFFE# T 4R 15 B THRENL L A SRRt
R VFZH B H R IR R B RE B G AL

AR, KEWLERY B IT R AT IR R T E AT g, @ e =108 %,
I T8 E 751 S BCRS B AN [ Fh 2 2 1 5T 145 B R O B B A M8 A7 R RR AR IRy &, s S 1 28
(Increment of Diversity) [7] A7 & 4 7 437 54 (Position Specific Scoring Matrix, PSSM) [8]. th& FElz 41
H(Pseudo Amino Acid Composition, PseAAC) [9]. % &% 2H if(Amino Acid Composition, AAC) 1 ik ZH i,
(Dipeptide Composition) [10] [11]. TR, BEERHMEFRBUNEIIE 2, DLRIFSEHIA B E: i TH 5 RE,
VP2 W TR R 2 N RHAESEAT Al & DO R AESE B 7%, 1 Zhang 55 A [12]385°K Moran |5 AH G H.
HI5e5 PSSM e —it2, I T —FF N MACC-PSSM [HEA . x4 N [13] M R LA . —
JURZH AN B A5G 28 BOR 25 6 SR 8 T B AR AE R B . B8, A5 BRI In) S\ B 23 K48
BEAT TN 432, AE IR T 2R 1 40 A A 1R 40 SRR U AR N BB [5] . B k- AR[14]. SCRRIA)
& H1(Support Vector Machin, SVM) [15] [16]. S48 [1715% . 3 =, @il Jackknife fde . K #7538 X5
RN S ARG B0 43 SR A MERE EAT VAL, DLUE BT tH 7 VR T S22 [18] [19] [20] X L8155 7732 i) 4
AT DLR RN R 1 8 4R AL B 9T . IR EE 7 VAR I T P FIER R B FIRHIE,  GF R RS U 7%
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XTI T8 AN AT B RO B, B AR Bh AR = TR R

TEARSCH, AT RE SR v R T B A B AT R A7, BATEEE TR TR A T4k E B
AFEME B o FRATE e WP 3RECS A (5 210 PSSM, SR J5 LA— A4 EI L BILKE PSSM R FE%47 4 F M
PN FAERE, I LA — AN ARFE , FRATTFR 2 5 %] PSSM (Segmentation PSSM, SePSSM). 4 F KA1
SHATEAFAIGIN 7 HYMEYERT, JEBI A3 2 RHE S SePSSM RHIEHTL MR G . )T, A TH il
A JE RAER N A DR A% R B SRR R L, il Jackknife A S650F 12 752 (1046 R -

2. ik
2.1 BE&E

AHEFAE T R AR B PN SEHERE 4 . B1 Zhou 1 Doctor [5]FI7E ) ZD98 ¥tk &t & 43 M
J7i % M (cytoplasm proteins, cy). 30 M ZE 4 (membrane proteins, me). 13 4M£kki{Ak & (9 (mitochondrial
proteins, mi)All 12 A~ HAth &5 [ (other proteins, oth). 58 — N4 /& i Zhang 55 AR ZW225 [15]%04E
880508 4 AL, A5 70 N4 £ 1 (cytoplasm proteins, cy)-89 4ME R (4 (membrane proteins,
me). 25 MRk B [ (mitochondrial proteins, mi) 1 41 N4 UAZ £ F (nucleoid proteins, nu). X #5 /N EdiE 4
) BT R R R 81 2 M\ SWISS-PROT 1 #2 B (http://www.ebi.ac.uk/swissprot/)#5 £1][21]. S AR AN dE 4
PIBCRR >, AR DA RRE T R ) 2 A

2.2. FHERENS &

2.2.1. M PSSM HERERS &I PSSM(SePSSM){EE
T S BAMEF POSSUM I 111 Al 45 %% (hittps://possum.erc.monash.edu/) [22]4E /% PSSM, BLAST /5
ZHOEFEA uniref50 HdEE, 3 Ki%4R, E-value fEH4 0.001, 13E|—A4 L x 20 [FIAERE.

Pi Pz o P
Possu = psz'l p?'z pzs,zo 1
Pii Pz = Pra

v, LEREARTFIINKE, p ZonEABFPSI PR AR ER

BTk, N7 M PSSM HRHUE £ EEAF E, ?ﬂaﬂ]fiﬁﬁiﬂt%ﬂlﬂﬁ%ﬁﬁi’\ﬁ% 23], X PSSM HiR%
BEATHAT 3L, A3 BILLBIA A o RIE—AN L x 20 (¥) PSSM R RE bt 73 #1 Lx Ax 20 R (L—Lx A)x 20 A
ANTHEFE. T AR PSSM 2 EIA P AT HERE, RIS T2 FI LB A FEBCy 0 3 1 2 18] f4E &£
AN LRI AR &), AESER P AR SRS LEBIE N 0.1, Hlk 2 €[0.1,0.9])-

e TAITHE T PsePSSM [24] 70 73 JBAR, A4 24 5(2) 70l v 5548 20 1 s BRI N R 1 F) T 240
PSR — S T B PR T 20 R ERR 1~ 3 RAZ A

=|_iipi’i(j=1’2"”’20;n=1’2) )
H, L (n=12) HEEATHFBFRATE, WL =] Lx2],L, =[L-Lx47,(2€[0.1,0.9])-
BABAGE] A 40 gE R, BATK LR N2 E] PSSM(SePSSM).«

T

SePSSM:(Pl,l'H,Z’...’E!a’a"nlpz,zo) (3)

N T T ER AR SePSSM, FATTA— 46K 1020 (I9E T8 1 1, WK 31—/ 1020 x 20 () PSSM
SERE, TR EIREERME 1R R Fh % PSSM 48 B 1) 4> £ F1 AL FE , FRA 15453 40 (K] SePSSM
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Figure 1. The segmentation diagram of SePSSM
& 1. SePSSM 4> HI &

2.2.2. REBRNYBEHEMER

IR (AAS) 1P ST B S ATT AR e 2 FR), T I LS OUE 78 TSR« B tar RBR /K M 7 T B AS D PR
B AT R A A A SRR AE R A I EE . BAVEA T IR T IRSOEIE I -CR A R S M T, s e —
WIEEAEARAR . ARt VEFRIRT Rtk AR, BAb . RIEIK JIA gk f[25]. AR4E RERh P BRAL S 5
20 FREFERR XA N =4, X 7 FRERALTE R R LR R IR g 1R

Table 1. 7 kinds of physical and chemical properties and their division
L7 MR E R R AR S

ID YA % Fime S =K

1 = R AR (RS GASCTPD NVEQIL MHKFRYW
2 Qe LIFWCMVY PATGS HQRKNED
3 TR B ALFCGIVW RKQEND MPSTHY
4 ik KR ANCQGHILMFPSTWYV DE

5 AL GASDT CPNVEQIL KMHFRYW
6 QL GQDNAHR KTSEC ILMFPWYV
7 RGN EALMQKRH VIYCWFT GNPSD

Aoy ST SR — PR B 1 T 1) &% 2 b B B (R SRR IR AE B R R AR I A, TR R
WIFEAL 221 B AR B]—AN 3 YEFEHE . B X R AL S R, A TR AR T TSR 3
— A7 x 3=21 ENHFAE [ B

2.3. pREZE

PERURAEJS , P DA &b 2 R Bk SELRA TR VPl . 7E% FH 202838, B Vapnik 52 H I SCHF
[ EHLR I T IR R [26] . SRR H) & HL(Support Vector Machine) /& — il W B 2 21 J5 Rt g 34T
TR R AR, ol R AR B — AN R TH, DA R IERE AR SRR AR TR R
BRI R B e AT S 42 [a P 2R A 43 B[ 27]. SVM W12 N 2R3y, M AR g
TRIE 5 A2 A2, {HA] LU — % % 43 (One vs Rest, OVR)f1—X}—(One vs One, OVO)%5 5
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KLHL SVM Z K53, ARICKH THI#H OVR i, T IERUNFEIRZ R E, P2 R AN E .
[RIE, AR S 2 3l %o DU i P AZ R B 428 10 A% bR BU(RBF) 2R P 4% bR £ (linear) « sigmoid 1% p% % (sigmoid)
FAN 22 100 50A% R B (poly) EAT 5256, DAFH R IR A% HOAZ R B AT 23 25 T

2.4. VM A%

EGiit2arh, W I =FRGI0 ik N BRI, Jackknife A6 ATBRST 4EKG LG . Jackknife K36 RETS 2
ME— TS R, BN R BB MR IR 72, B iz T VP4 8 00 040 B e Ao 45 43
TR RE[28] . PRI, FEASCH, FRATME A Jackknife KI5 i AN 5 R HEFR T A I AN AT T
2 H P TR T R T A A TR R i, X 5 RRPEA iR U (Sen). FLE. DEMIER
#(MCC). #EMZ(ACC)MEAHERHZ(0A) [29]. AT

Sen, = R 4
TP +FN,
FL = 2x Pre,; x Sen, 5)
Pre, + Sen,
MCG, = TP, xTN, - FR x FN, ©)
J(TR +FR)(TR + FN, ) (FR +TN, )(TN, + FN, )
AcC, = —1h+ TN, ™
TR +FN, +FR +TN
N
TP
OA= 2R (i=12,,c) ®)

ZiNzl(TPi + FNi )
TP HXRNE T 5 | BFEAYP ER 2 B1ZRBE, N, ZoRIE T8 | RS Emf /K512
MR, TN, R ER 282034k | RIOREARSL FP RoRE | EBEAREHR I 208 1 B %E . Sen,
FREARE T | RMTUNER R . FL RS | RN EBMENER, &2 U Sen, ) FIK
JE(Pre, =TR, /(TR + FR) ) FiAA-F-34{H, wT LB Gxt Fsesgbr it e Rl vhid /5. MCC, Z56 T A2
H, REMEGR EVFA TN EEPERE . ACC, RoRER | RTEFTAFEAH T IER LR . OA Rm—A4E
fabr, ERBCT EARMTIAER 2, Hrb o REIRETRIZNE. LLE 5 ANMEFREUE G EEE 0 B 1
Z 0], FebrEEREE 1, RoRpFVEREERLT, FEFMEMET 0, KR KA EREE.
AR SCHTHE A TSR (AR B ] 2 B, TSR () VE R IR R
o REUFA. B SCHR[5] [15]3K15 ZW225 Fil ZD98 AN K d 4 I R FEBR UL T 4
o RTFHFAE. L POSSUM I T Ik 55 25 345 P N5 S 1) PSSM AE RS, SR J5idid SePSSM J772:(2.2.1
)M PSSM H13i45 40 k() SePSSM 4HE, 2 G115 7 FALIER (2.2.2 F5) 5 F ) 21 BRI 4T it
G, BEIRAN) 61 4EFE.
o TR, AR 61 HEm ARHERN S A A FZ R E(RBF. poly. linear FI sigmoid) ] SVM
BEAT TN 42, 385 Jackknife K615 3 Fe 24 1 LI 45 5

3. BRI
3.1. SePSSM #F4iE B 5 F EL

H1 - SePSSM LA L 73] PSSM JERETI A3 2K, TULE A [ 1 72 F LB 2 243 BIAS IR (1 T 25
Ko NTHRBIRAEMGER, TAVLX SePSSM RHIERET 73 FILLBIIEHE, A7 B HLEIE P Edi 46 b
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Figure 2. Flowchart of the proposed method
Bl 2. =R IRMHESR

Table 2. The OA(%) results of the two datasets at different segmentation ratios
2 2. B EEBEEARRE DS EIEL BN OA(%)ER

A 0.1 0.2 0.3 0.4 05 0.6 0.7 0.8 0.9 1
ZW225 77.2 .7 79.5 80.8 81.7 75.9 75.4 77.2 79.9 72.8
ZD98 85.7 86.7 90.8 90.8 92.9 92.9 91.8 91.8 91.8 87.8

M 2 AT LA i, BEEARIE R, ZW225 HHR4E ) OA [ —EERES), fEA1 4 0.5 i SePSSM 15
B 5 4 81.7%:; 1M ZD98 HHfE £ ¥ 45 S AL 1 K G ok IN , PRIFAALZ 2 )5 X/, 75 A 24 0.5 F11 0.6 B} SePSSM
g R, FAIFE N 92.9%. HAGE FA T LAG Y, X PSSM 4 FEHEAT I8 24 10 23 S B2 bL A 49 1 () 45 SR 4
KRR NS EIZ EHEARAN, RETEZHHMNHEEE, MiXeE BB N T X 0, M
HRTF AT A>3 240 BB 0.5 IHE ZW225 1 ZD98 s 5 15 B i 45 5 L ok 7y 1 sl
fih Ay L) 25 b o Rk, AR EI LI EL 0.5.

3.2. AEIFFERIMERE
AT BAEFRATT AT B 1 SePSSM [FPERE, FATTTHE5L T SePSSM. PsePSSM [24]. 7 ## 4k 1% 5T (PhyChe)
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ARG RAE 7> IFE ZW225 H1 ZD98 M £ b i SV ATERI 3, IirA 45 RAER — 26 Tl Jackknife

s fea), 4iRuH#E 3.

Table 3. The OA(%) of different feature methods on two datasets
= 3. FEFHER EZER N BIRE LR B ERRZE(%)

Bt PsePSSM SePSSM PhyChe SePSSM+ PhyChe
ZW225 74.1 81.7 80.4 94.6
ZD98 91.8 92.9 68.4 96.9

BT PsePSSM 1 & — M YUE RHEEFE I S0, 1677 5K NZ SR BeR 2R 97 2 T H BT
. M7 3 T LAE H, SePSSM 1 PSSM E kAT 73 #I 5k A1l B — AN Fil 28, HAE Zw225 s
#£ L PsePSSM & 7.6%. X EHIRAIRL LK SePSSM [k AE B T PsePSSM, Hit® 5ikE 7T
PsePSSM 5 HABASHE (R 18], OB SE TR {E . K5 SePSSM Al 7 Flt BE Ak 44 Ji fih 25 A T &5 SR B4 T B —

HIRFIE, A3 T — /NP R TE, 25 94.6%7F1 96.9%.

3.3. NEMZ BB R

FEAR I SRR IR EALHEAT 20 R, 7T LAXE SVM A bR BCEAT U 46, e AN [ PR A% B B0 o0 445 2R 7
AR o RIS SCAE fil5 SePSSM Al PhyChe i T 28 1 A BEATRAAE SR L, SePSSM 1) 73 HI LU 51 A

0.5, M HUAN A RO R 5072 P Bt £ LI HER R 0 R o 4 A2 5,

Table 4. The prediction results of ZW225with different kernel functions

= 4. ZW225 EA R R T I FUNEE R

T4 A B RBF linear poly sigmoid
cy 98.2 97.3 96.4 96.0
me 96.0 95.5 88.8 92.4
mi 97.8 97.8 92.9 96.0
nu 97.3 97.8 94.2 95.1
OA 94.6 94.2 86.2 89.7
Table 5. The prediction results of ZD98 with different kernel functions
= 5. ZD98 FEEI % R B T HIFUMILE R
Ik A=A RBF linear poly sigmoid
cy 98.0 97.0 90.8 90.8
me 98.0 98.0 91.8 93.9
mi 99.0 99.0 99.0 99.0
oth 99.0 98.0 93.9 96.0
OA 96.9 95.9 87.8 89.8

M 4 F13e 5 WTLLE H, XF ZW225 Fil ZD98 WM EdiE 4, F SVM #4725, KH RBF #Z BRI
linear #% e& 2517 TR 2 R Z2A T poly AT sigmoid W% %k, H RF RBF 1% pRZ TN e A4 AE i 2R I vy
T linear ¥ %, sigmoid A% BR B3 BRI RUR B 2 . IR, A0k RBF A% BRBU1E N SVM B9 K% o6 8
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3.4. BANRHASEMRE
AL LA PsePSSM A1 PhyChe BRI, SVM 1% o %i% % RBF, @it Jackknife Ky46xt Zw225

1 ZD98 BB FATIAE, BRIMLEEIE 6 Fim. WE 6 iTUIEH, IRATMITIENT ZW225 F1 ZD98 i
PEEER OA 43 7iEE] T 94.6%F1 96.9%. =LIGLE K, 1%L RN A RO 128 A 41 fufr & .

Table 6. The predictive performance of datasets ZW225 and ZD98 protein subcellular localization on the Jackknife test
2 6. ZW225 F1 ZD98 #BEEHIE B B L 4RAEE i 7E Jackknife #36 T BTN 4 BE

R 0441 ffa o7 Sen(%) F1(%) McC OA(%)
cy 98.6 97.2 0.96
me 96.6 95.0 0.92

ZW225 94.6
mi 84.0 89.4 0.88
nu 90.2 92,5 0.91
cy 97.7 97.7 0.96
me 96.7 96.7 0.95

ZD98 96.9
mi 100 96.3 0.96
oth 91.7 95.7 0.95

35 5EEMAEMEER

N T BT ERE S, WATEIRATHR B 0 5k 5 JUR R T8 & W40 j0 5 A7 1) 7 v AT
TR 327 A5 8 R BIR T AR TN ZW225 Fi1 ZD98 PEANEHEEE K] OA F4ES8 Y 20 ffa A7 B 1) fUsk
PERITOM S B, B 45 SRAR R E T Jackknife 455575 2 AT .

Table 7. Comparison from different methods on ZW225 dataset by Jackknife test
7. ZW225 BIRERET ARG R

Jiik cy me mi nu OA(%)
DF_SVM [30] 87.1 92.1 64.0 732 84.0
Liang et al. [31] 87.1 89.1 68.0 75.6 84.4
Zhang et al. [32] 93,5 92.1 96.0 93,5 92.2
ERT-ECT-PSSM-IS [33] 80.0 91.0 92.0 87.8 87.1
A1 T7 72 98.6 96.6 84.0 90.2 94.6

Table 8. Comparison from different methods on ZD98 dataset by Jackknife test
& 8. ZD98 BB EET AR5 EMFUNLER

Jivk cy me mi oth OA(%)
DF_SVM [30] 97.7 96.7 923 75.0 93.9
Liang et al. [31][32][33] 95.4 90.0 92.3 83.3 91.8
Zhang et al. [32] 95.3 88.9 97.4 91.7 93.2
ERT-ECT-PSSM-IS [33] 90.7 100 923 91.7 93.9
FATT7 97.7 96.7 100 91.7 96.9
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M T NS 8 AT LLR Y, BATHR BT EAE PN ER R 0 oy S8 EARIUS 1 B4R AL, 735304 98.6%
AN 97.7%, IXFE N A IZ AN Hedia 4R 5 b Ak i 22 AT ey 28, MM B0 T BN AR BT« 1T nu AT oth 2%,
IAEA Ea e rh B A D, ARG R R ECIN ERERZZ . HAN OA (ERFE, BAIMTIiEE R
FHABTEN), XL TE BAT BT T e

4, g5ig

B, EETAERES P AR PSSM 42 SePSSM 4HiE, SR 54 SePSSM A1 7 Ff B 4k, 11 J5i 45 3] (1)
REIERRLA R 2 T8 AT SRR R 92, B SRIR g IR AT A1, X PSSM JEAT P-4 43 1| LA 73 31 B
fibF 43 ) B TR SR S 4T . BJE, ZW225 I ZD98 WM B 4EAE RBF K411 SVM 432588 143 Wildk4T
M52, SRR T 94.6%F1 96.9% [ MR HERI %, X O T K2 A I T8 40 M E 1 R,
XRHIRATHE H TR AT . % T JRA T R S AT 48, B R P B EAAAER K
Z5, BULEE N —DFur,  JRATTE 2 RE 0T Bt £ AT R A b B BRA) da— AN~ O s S SRR T B
HEAT P 5T .

E&WH
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