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Abstract: Cell penetrating peptides ( CPPs) refer to polypeptides that can enter cells through direct transport or
endocytosis, and generally do not exceed 30 amino acids. CPPs can carry a variety of active substances into cells
and is expected to become a new drug delivery carrier. The traditional experimental method to obtain CPPs has
many problems, such as heavy workload, low flux and long cycle. With the development of computational biology,
the artificial intelligence model based on machine learning  algorithm improves the prediction efficiency of
candidate CPPs. This paper introduces the prediction method of CPPs based on support vector machine, random
forest, extreme learning machine, extreme random tree and deep learning, and discusses the influence of sequence
feature extraction and insufficient training set on the accuracy of artificial intelligence prediction of CPPs. It is
believed that with the development of artificial intelligence technology, researchers will be able to develop a CPPs
prediction model with higher accuracy and stronger generalization ability.
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Fig.1 Process of cell penetrating peptides entering cells
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Ji0, R FH it X A0 SRS 45 BRUSCR R AT T A B, E
Y CPPs(TAT) VA X it L4552 22 JiK A 4 i 25
BRE ST LN BAR B3 BUSOR . BRI 40 50
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Fig.2 Flow chart of predicting cell penetrating peptides by machine learning
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" TN + FP
TP + TN

TP + TN + FN + FP

SP x100%

ACC = x100%

MCC =
TP *TN — FP % FN
(TP + FN)(TP + FP)(TN + FP)(TN + FN)
100%

Horfr TP TN (FP 1 FN 43531 3678 B % BB
PE BH AR AR &R . SE AT SP 43531 I i 7
FE T AE 7 - PR FBAE . ACC MCC H1 AUC ¥
fh TSR (B AARPERE . ROC(Z iR TAEFRAE
k) ’ DL SE S B AR bn  1-SP g A A b 22 il
AUC HTE O~ 1 Z 8], A5 T 1, A5 2 1) T 1 fiE B
by B
2,01 BRI s ML A 2 3 R T

7 %5 [\ & Ml ( Support vector machine, SVM )
(B 3(a) ) f&— 24 W 2% 2] (Supervised learning)
T2 BiE R AT o )T SO o 2R AR
( Generalized linear classifier) **

Sanders 2% & T —Fh T SVM [ )5 75K
PUITETER) CPPs,, TS AY LK Y B A 2 b
(AL A5 BR PR BE e e i K M AR iR 1 AR
BERRCE S5 23 BlREPE) N RRAEBEAT ISR, MR AR
SOGB4 [ 8L feit T =4S AS [ 1Y
BEMEREE TR UE BT T 1 A6 40 A X o TN ) e
Pk BOBTEA VAT RS 52 Y HERR 5l 80.69% , T 7E
- BRCR A A R R T LLIKE] 91.72%

Gautam 257 4R H T —FPEET SVM A FiL 455 764
(CellPPD ), Jf & 37 T — 4> 2> 3 M 2% ik 55 4%
( https://webs. iiitd. edu. in/raghava/cellppd/index.
html) K F M CPPs, 7E CellPPD H, i F it %k 41 42
A 708 IR, DI R YRS AE 2 7m 30k, anad 2E e 41
JR(AAC) (IR DAC) | —BEI 5 BT 5 5 Ak
BT (PCP) , I T IR W] B BOM AR A, 28
I, TR A R B OISR AL S T 97.409% 114 fi
RUERHAE OE T T B RRAE AR

Tang %57 JF & T C2Pred, —F 3L F 14k DAC
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i B fie e T 3K 83.6%
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FENLER M ( Random forest, RF) (& 3(b) ) j&—
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Wei 25400 $2 1 T — A4 g SkipCPP-Pred F i
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PEEURRE  MERR R IR 2 5 90.6% , VEEAE S — T
b BT — %N CPPred-RF 1 2 i
2 OHPE — 2 2 X 4 CPPs FIHE CPPs, M %5 — 2
ST CPPs MFRIUHCR TS R AE 255 R AE
HEAT T NG X SRR LS 6 T DUAS T IF 51 A
., 5 SkipCPP-Pred #f b, CPPred-RF 7E 7] — 3 iff
BEAE b A TR R L R F) 91.6%

Qiang % - T —4~% 4 CPPred-FL A Fiil
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e 5 B 5, CPPred-FL 1) f5c £E 55 1A o 1 B 5 3k
92.1% ., 5ZRIMBFFEH L, WA B AR B
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TEFIR MG PR T — B4 B3 3R 3K R 1 1 A R8T
Tk,

2.1.3  FET AR BR 2 2 B 20 2 37 R T

PR 2% 2 B ( Extreme learning machine, ELM)
B — 5 T Bt & R 4% ( Feedforward neuron
network , FNN) ¥ 8 (ML 2~ > R a7k, id T
Wt S AR W 24 S [ 515 Pandey 28 JT %
T—A3ETF ELM AYBA ( KELM-CPPpred ) , 1T
FRURIF T SO R RRIERE IR AT, A0 65 AAC . DAC
PseAAC FI=FHIE A HFAE (Hybrid-AAC  Hybrid-DAC FlI
Hybrid-PseAAC) , 155 J& T AN [FIRFAE 43 50 F & T4
A, Hrp KELM-CPPpred 7E3£ TR A AAC ) KELM-
CPPpred 7 A HERT R f i, 486.98%

2.1.4  FET W BE AR (%) 240 M 25 375 R T

e s BEHLAY ( Extremely randomized trees, ERT)
J& T2 T IF & 4 250 [l I A5 A 1) 45 i 7
2, Manavalan 25190 7T — A4S B2 AR R
(MLCPP) SR FN CPPs S HM SRR, 1E# ML K
LR 7 5 TS A 2 SR BURRAE | A48 2 S 1R
ML (AAC) AEERIGEL (AAL) | ZJIREH L (DPC) |
AL BT (PCP) R B -3 i - 5345 (CTD) » %7
PR ERT kI 4555 — )2 CPPs FRINBLAY | fE6f
R 89.6% , 55— Z WMUHCR T AR AR ] RF Il
Ik, WERIFN 72.5%

2.2 FREZFI)TE CPPs Wil R ad Mz B
i FHIR 2 ) HEAT CPPs TN AR S AL g >
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PG AL 30 25 4 FF K 56 05 T I I T3z i 38

M2 W 2% ( Recurrent neural network, RNN) (&l 3
(¢)) Z—KLIFFI (Sequence ) HiHla N A , 1675
A3 13 7 1e] R4 7386 )9 ( Recursion ) HITE 5 A& (153
PATE) Fe I 10 33 T PR 22 X 2% ( Recursive neural
network ) Y, KEEHIICHZ ( Long short-term memory,
LSTM) [o 2% 2 —FhRpik 1) RNN, 228 Tk
JF B 23k Rt i A A0 I 2 ARV B e ) 2
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Fig.3 Schematic diagram of machine learning and deep learning
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JZ HMSC A KSR ; BB b JHL PP B K500 1 41 7 BEOOIR A 5 D P 16 52 T A0 AR b — I 20 A B R 2 | i — 5 ) T30 U A G RCER
Al 12 B RUZ i R R R R A TS5 2R 5 (d) FORBTRNZ R A 51 i A2 He i A B s B B2 30 0 5 R AR B R AIE 5 Ak )2 ek
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FE CPPs (TN F 2 B i T —Fh
TERHRA TR A R 2 S HELL RS CPPs Tl J7 i,
22k CPPDeep ., ZJ7 R R UG KT HIVE A, IEfil
FFAHIRA T ERERIF S, RH CNN-LSTM 414542
FRHERT B SRR I, BT FR DU AN )%
HXAJZ CNN JZ LSTM JZ DL K 4t b2, A
ERRESTFR A, N EBAFRIN G — A%k
f ) R, TR K 81 2 5 A R AEJE 4, /4 CNN
P45 A 5 CNN 2 FH R 4 BBUCRR AR 20 R B 465
PR B SR J5 , LSTM J2 2 Bk #& AR AT 554 2 X
(R b B KA SR AN B R SO A e, Ak
J2 SR PV PR ASGE SRR 7 A AR 1) i Hh 4

FEMPRLE I, CPPDeep #E RIS AL 511 AUC

AE(0.97) , MERAZR (ACC) HIEL BH 2 (B AR 1k
SE) 435113551 84.6% £ 94.6% ,

Park 205 3T —Fh L T TR OR W VR S 2
ZRFG RN 5 AiCPP , AR AR E AL G AR K
FEWNICIZ(LSTM) )2 AR R N2, ki A
K BB B, Va2 T A1 B A %)l 2 A 2 o A
R SR E R AR CPPs WIRE S, TEE M 11
046 F A EE b i B 3l 07 0K KT 81 U
WEEMN 9 NEIER A B, XA Bh i EZ I,
PRI ZRAEELEE 7 165 A-FAYE (CPPs) ik, 14 408 4
FAYE (AE CPPs) IKA 11 046 343 I~k A AZEEH MY
B AK

BRI HER % ( ACC) PEREIA F] 86.0% , AUC ik
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£]0.927, ILAh, AiCPP BIFIXTHE CPPs HAA B & 1)

FtE(SP=0.893) , R tER S m T HE T TIRFIEREGE (£ 1),
®1 ETNHFIEREFINART ERBARE

Table 1 Models of cell penetration peptide prediction based on machine learning and deep learning

B TR ER A A F I BIPERE 2 b

A [ERFS FHEFOR Y e/ S HERH R/ %
Sanders2011:3%! SVM JRAY S A AR Al et 2011 CPP/NCPP;111/111 91.72
CellPPD[30) SVM B B o 2013 CPP/NCPP ;708,708 97.40
C2Pred!”! SVM TR K 2016 CPP/NCPP:411/411 83.60
Chen2015%! RF PHEEERR L BRI 5 P BRI 2015 CPP/NCPP111/34 83.45
SkipCPP-Pred 4] RF K-skip-2-gram 2017 CPP/NCPP ;462/462 90.60
CPPred-RF 4! RF PUAEE T3 51 AR A 2017 CPP/NCPP :462/462 91.60
CPPred-FL ! RF PCP G5 B A R EF S 2018 CPP/NCPP ;462/462 92.10
KELM-CPPpred*! KELM AAC \DAC PseAAC FI=FMEAHRHME 2018 CPP/NCPP :408/374 86.98
MLCPP 4] ERT AAC AAI,DPC PCP F1 CTD 2018 CPP/NCPP :427/427 89.60
CPPDeep!>! CNN/LSTM SEZIES 2019 CPP/NCPP ;582/582 84.60
Aicppl> LSTM A ZhHI 2023 CPP/NCPP;7165/11060751 86.00

3 B4 53HE

L 2F 375 K ( CPPs) 1 R — o LAY 73 404
FELGY A% PR 5y F 98 55 R JIK 40 45 40 ek e R T
I3z BN, J7, SR 8808 43— IR 3 20 g g ARt T
BB IS, R4 CPPs fEZ M H R B R 47
H S, UnAe] s S e B 7 CPPs LA K K13k £ ik 43
TR EA CPP Yife, U58R 52 24 1 4 88 i) — K
PR

AR MR T CPPs 15 X5 IfE , Jf-f71 5[]
Ji T ARG S TN vk SR s, 2 I
AT R T N TR RE (AL HR 1Y CPPs Tl 7
0 R AL ZE AT K& CPPs 78 S5 TIRESC R H
FRR AL, H I BA 1 CPPs TRINALRY  AF5E A G2
REMS NN KT 51 5 4B 2385 1 2 TR B S &R, I =i 4K
OO R R SR Y A M 2E & RE S, 9 4, Sanders
245 ) 5 o S R AL (SVM) B XS 3R 1 T4
e H 4 AN A CPP Y BKEE , H h 2 36 3iF 2 155
P ; Park 25 T AICPP B8 M 1 )5 51 APP
R BB CPP JF 41, I 55 uE L AE MCF-7 i iy
B, XEAFE R, N TR GEFE CPPs Tk i1
N AR T T 0 BEROR, o BT R CPP Y & B
PRUETH SR,

TE CPPs TOUIN 45038 , AT 55 7Y (R)0RG B 2 TP Aly L1
REMEEERIEZ — SR, B — MO MERR 46 A5 0 A
il 4 THI 2 WO (1 S B 2 RS R AR 2K A 1
AR OLT e R T Be M I TR AR DRk
SRS A R X 7E SE B R H o] BB S BUSUR A

DS R PPAM AR | R 25 A IR ER R 12 Ak
ey REUE Fr SRR, AU B LR
CPPs THINAL A | CellPPD 55 6 I Y T f 5 1) T
DAERR R (R AR R S0 40 4 1 i iz AL fg 7 75 it
— I 5 1M CPPred-RF Al MLCPP # RIS AE % il
M Z IR CPP, IS RE#E— 25 Fiil CPPs A48 AL
AN, CPPDeep F1 AiCPP #5570 75 5 538 14 S
PR T B ERSE JBR T AN TR G CPPs
O Y 2 4R (R 1) .

RAEEAER CPPs TR Y /) 14 58 O A i 2 42
T ARER T I — Le R AR, 3 LE B AR R AR i F 5 42 3t
TG, e, B A B B A A = T R
ARFR G ), i, 23 3R HE P CPPsite 2.0
BISGR T2 000 45250 SR Y CPPs, {H 2 [ 5 B2
FHRUT B IG , Tl 4 1 BCHE AN 2 DL SR HLR 2 ) LA
e BT I 2R, ek, BIPERE A I 2 B 2400 T oK
FREEN CPP B BEHL AR, JC 7% 5¢ 4 0 1 31X 28 ik h
CPP, Witk , FrEe it 4L JF B ik CPPs BU4E , ¥ e £ 4in
ERAE S i, AT LN

HWR TERRAE 7R B B, S G 5 e U B RS
() 5K, BOR Z280m T 2R — U7 SIS
SFRBCRFAEDY | fnfar g s R FAS TR 28 8 G e B A
BRI — A AR R D B ME RS, S AR A
FEONLP) H i) i AR, o] 68 0 K7 51 1) s s
75 R R LT LR, DT P TR A 11 B

FERERE b R HA AU (0 etk B R, R
PO, Bl 3 CPPs I, AT R R BT 1 21, ()
B, B L7 2T T B I RE W8 4 G 22 P BT AR A AR
POt D PR TN B RS AR SR 56 IE By
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