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Abstract Cell-penetrating peptides(CPPs) are a special class of peptides with unique medical value.
Therefore, it’s important to efficiently identify CPPs by computational methods. The current mainstream method is
to use different feature extraction algorithms to extract sequence features and then use machine learning classifier
for classification. This paper proposed a novel classification method: ConvCPP, which uses an improved
convolution neural network to extract protein sequence features. The improvements include adding an attention
layer before the convolution layer and optimizing the pooling layer. Ablation experiments were designed to verify
the effectiveness of the improvement. After that, a variety of other feature extraction algorithms based on protein
sequence features are combined, and two feature selection algorithms are tested, and finally the optimal vector
representation is obtained. Then, according to the vector, the protein sequences are classified and recognized with a
variety of machine learning classifiers. On the benchmark data set, the proposed method shows better prediction
performance than the state-of-the-art CPPs predictors.

Key words attention; computer application technology; convolution neural network; cell-penetrating
peptides; machine learning
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MR ETHAREIEE. Xk 6] %E T
111 F# &L 41 1% CPPs F1 34 F £ 1% non-CPPs, JF
A FH 2T AN [F) AR AR I R AR AIE 3R 7R SRR R SRR ) £
HL (support vector machine, SVM) X} CPP i 17 %
HKo WA [7] 42 T —FhRIFEEET SVM I i 77
% CellPPD, & Hesdt 2 078 T H 7 56 2 BIRHIE
FORFFEAE R 4E . SCik [8] $2HH 1J C2Pred
{2 T IR RRE SR U7, FR4EJE ) SVM 43
KX CPP AT 14335, HEUS TIRIF RIS R .
SCHR [9] MR T — AN JE T Bl HLAR AR 23 ZE 45 1K )2 Tl
MR, AZ B AT LUK CPPs A1 non-CPPs i
174335, BT LTI CPPs (W e R R . X
ik [10] JF & T CPPred FL, iZMAUEH T 19 FhAS
[F] (R RFAIE 7 BV AN 2 PO [RI B2 52 20 40 25285

ST AT — SR RE 5T A IR S 5 2] 7 ok i
1T CPPs P, i 3CHik [11] 2& T Transformer 5
HHEH T CPPFormer, ZBIEMRYE CPPs /3741 8k
HIAFAE B A T Transformer ZGAERY, 45657 2
P T AR RHE R R BE AT 408 Sk [12]
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ConvCPP, 3R15 | B4 R IERREET] . ConvCPP
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RBPRHEARS A, FFER T 2oy BT B m &
g . St KM, ConvCPP 7E SN, SP.
ACC. MCC iX 4 Tifgds EorAlikE] T 0.950. 0.935,
0.943 11 0.885, TETHIMIKEAAHEE ACC FAHXT Y47 3=
WMAREIEA 2.2% 5T, HAEHR KR, A
SO AR AU T CPPs TN A4, W2 ) k4 «
https://pan.baidu.com/s/1Lx60bAQe Mf{Fa0QDKJ
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1) & % % 2 % (amino acid composition, AAC)
et (a1 5 HLH I B A P SR e R Bk 2 — 1
B TR T AR SR i s B R A R 1 B 8
H LR, A0 PR

F(AAC) = [ny1,na,--- ,n0] (6)

A, R S PR R AE B 57 51 H B A
2, I EER AR PR E. S TaErEa
JUFAY, g ) SR R 20 AN [F) 2 L R ) A0

K, LM R 20 4ERRFIE ) & .

2) EEBYERREE, SCHk [17] KGR
ERRIEH AR R — R b a7, ik, %3
HRAE 10 i3l v TR bR LR 7o 10 4, R
AREEES. H 10 4561 0/1 ) X AR L IRt
T, HrhmE NN ERR N EERY
R ER R T A S R L R, U v A
BN, BUWENO. HE, MKENLIIEATR
FERHEAT D, 153110 x LA/ RRHE ) &

3) 20 FLRAREE, SCHR [7] 4 20 Pha BE IR 4
A one-hot Zfi 75 b, 454N 3L R 7T DL A
20 4EH)— e R RO, W—&KEALEA R
F H0 AT AR IR N —1N20 x LI — 4[] & .
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2.1 SEIMEMERISH

TESEEG R, ARSI Python FiUAS N 3.6.13,
Pytorch AE 22 ) iR A 4 1.3.1, numpy /& {0 it A N
1.19.2, scipy FE HIHR AN 1.5.4, pandas [ iR A AN
1.1.5. SEEAH A 9 %R 2454 NVIDIA Tesla P100,
16 GB, K& 450.80.02, CUDA AN 11.0.
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NTET SBA 737 s, RS T &
W F) CPPs #5458 CPP924", U4 924 AN A i
o, H AR 462 4~ CPPs fil 462 4~ non-CPPs.
CPP924 # 4 £ v (1) £ 4 4B >k H H 1 & K 1) CPPs
44 CPPsite v2.0, HIL AT EH AT FIH 751
AR N T 80%. X — s dEW EE, KFoidEr
JF> 51 FHACL P BT g £ 1 5 7Y 11 T 00 7 g 3R IR 52 2
AL

ASCH B VPN R AR B FE BUB A (sensitivity,
SN). $55MHE (specificity, SP). #HHfi % (accuracy,
ACC) 1 & 1& My #6 5¢ & %0 (Mathew ’s correlation
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coefficient, MCC). HiTH AKX 5540 F:

TP
SN = TP + FN )
TN
P=—
P BTN ®)
TN + TP
A =
= INTTP PN+ FP ©)

TP X TN —-FP xFN

" V(TP + FN)(TP + FP)(IN ¥ FP)(IN T FN)
(10)

MCC
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ACC SP MCC
PERETR R
R EICHE SRR

B3 IR B, R I BRI A A H T 45
R 22 I 2% S A Y B i ) M AR, =%
e L R Oy Y R N Gsi oA 9 NPNE = WAL
Huls JF AR AT AE T R (ACC) $27F 1 0.011, Ttk
FEHRORE TR AR R R R (ACC) 2T T 0.009. A
$2 [ ConvCPPHL v 82 4 1 A &5 Sy A5 b A jth £k
B 5 Dy Be . R 546 158 B i HE i R A A T
0.023. JEUA AL (1) B & 1 AH O¢ R4 (MCC) t$g 7t
7 0.047.
24 AEHFHERRFERMEEXTEL

N B8 E P AR R R IR AR ), AR
73 5K HOF A5 AR I 2845 B R RFAE AT R R A 34
JREAEAT BRI AT 0 28, SRIegs Rl 4 B

No FLHRFESE 1| AR RO IES BIRIRHE, RHIE
£ 2 RN GBS R GARHE, FRIF4E 3 R
AN FH BRI S A5 B BRAAFAE . 1 4 BOREE
TEEE 1 EEIRATE 4 AN abr AR B, 2RI Pl
TEASF B RRAEES & A R0, TRHIELE 2 BUS e
T (ACC) L THHE4E 3 £/ 0.016. XEH AL
P2 H B 2 B AAE 2 BBV AR 6 T R A B AR 1 R
FRIEROR L, B85 4 Mo FH 7 9 b % S 3 1R 2 [)
() P AE RIS Bk R B CPP 45 2 1 7 4145 1k . 52
BB T 10 f5 58 WIRAE 3RS . ARSI H%E T
J 51 B4 H B ECH Sk 1 B A RE AE RN A FRE AE X
CPP FR 7] 58 ) 1 RE DTk -

0.95

0.90 7 ¢ R

PERETR bR R

0.75 FRN

DM

0.70

ACC SN SP MCC
PEREFEAR
& BULRHECEBUSME B EBUSE BIICRE
B4 ASFRHESE G S50 4 R

25 AR LEB[HISLIEERITLL

RICAEF S P 2ds, w507 U o i
L REER, IX 5 Py HE NBayes!” . RF?Y,
SVMP, KNNZ24, 1 XGBoost™. 44y 8% &
H P R4S 5 DL B R E AL I R A5 sk 2 B
Mo AJLAEH, SVM Al XGBoost A2 R 5 AH X ¢ 1
f 02528, HHE T 0.930 LA _EHIHERR % (ACC),
JE SN TR KRB E TR XA H
H1 XGBoost HUfF 1 s i HERI 2 0.938, TG
(1) 73 NGB BE i b2 S LI (ACC=0.942), L1 RE
BRI AT 3 25 %8 XGBoost [IHERGR IS 0.006.
SR 2E SULEH, AR SOR A B SR A B T LA ROR)
FAPRFS BAME &N 70 A8 T 45 5

*®2 AETRFBHGRIEE

GyRA SN SP ACC MCC
NBayes 0.885 0.881 0.883 0.766
RF 0.898 0.909 0.904 0.807
SVM 0.916 0.95 0.933 0.866
KNN 0.913 0.903 0.908 0.816
XGBoost 0.952 0.924 0.938 0.877
AT 0.948 0.935 0.942 0.883
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2.6 FFEEERLEE R

T B RS R R S B NS BT AR
AR T R K~ /MU (mRMR) F T k56
PIFIAS A (R REAE S B S0, 40 M B Ja AR AIE 7]
TR E R, LR RwWE SR, FH
mRMR SVEBEATRAMEIE R, FRAEECN 125 B 159 2]
TR (ACC=0.943), X3 T R ILAAM
ARG R B . SEI R R A 10 558 X5
WEIRAR o ARSI T P AR AS [ AR 3 SRV % 43
TSR

0.95 (125, 0.943)
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27 5HMIRBMEERITEE

N IE B AR SCHRE I ConvCPP B3 I X
P, ARSCRIE R R M H A CPPs TIMIASE AL (1) 2% Lt
177X X R TR E T CPP924 £ dls 2 it 47
FITHI, L35 CPPred-RF ¥, SCHk [26] #2 H B0
% A . SkipCPP-Pred"®. CellPPD il CPPred-FL.
FHorr, CellPPD #R 5 A [H] (1) 47 AE 32 B 55 4% 20
3IAREFIEA, 43 BFRA CellPPD-1. CellPPD-
2 Fl CellPPD-3. SEHG B 460 UE 77 1L 35 N+ 41 28 X5
iE, SUEFR bR RS BURTEME (SN). KRS MEE (SP).
HETf 2 (ACC) M AE B #H G R % (MCC). K 3 %4
BT 4N KrERetebr. TTLUE R, AT
ConvCPP BEHLTE 4 NM4E bR I, &AL T HAMAR A .
HER % ACC 2/ H UG T 0.022, i A MERESR b
MCC 5 /D etk 7 0.043. 2 DLIFBA A S B4
R B SRS

*3 SHMARBMERILL

/%
i ACC SN Sp MCC
CellPPD-1 90.7 90.9 905 81.6
CellPPD-2 87.0 833  90.7 74.5
CellPPD-3 83.7 781 892 68.0
SkipCPP-Pred 90.6 88.5 926 81.2
SCHR[26] 91.2 90.3 92.2 82.5
CPPred-RF 91.6 9.5 926 83.1
CPPred-FL 92.1 924 918 84.2
ConvCPP(A ) 94.1 948 935 88.3

3 £ FRE

ARSCHEH T — P L T R4 48 D0 28 11 4 . 2 i
R F 7% ConvCPP, 454 1 51 NVER JIHLH
2 AR 22 I 24 RO B 1 B Ak o 1 P PR AIE 3R
INTEIRI IR FL P IRE, 56T 2R 28
BT T R A5, ASIRIRIE, ConvCPP 1E %%
Tife A B #A B T AR R, TR ACC
FERE 2 5 FoAth 7 R EVEFE T T 2.2%. FHOCSEER 45
RRW, REGRM L] LA 3R IR A 5T 51
b BB =UE B, AR5 (0 20 i 2 A ok 1 A il
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