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Developement of membrane permeability prediction method
for cyclic peptides with machine learning
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Abstract: For a drug to be absorbed from the intestinal tract and to reach the intracellular target, higher
cell membrane permeability is required. In recent years, cyclic peptides have attracted attention as new
modality, but designing them to have appropriate membrane permeability is difficult as compared with small
molecules. This study proposes a method for predicting membrane permeability of cyclic peptides using ma-
chine learning with the purpose of developing technology that can predict membrane permeability of cyclic
peptide drugs. In this study, to predict membrane permeability focusing on residues constituting cyclic pep-
tides, two methods for calculating features were considered based on; a. whole structure of a cyclic peptide,
and b. each residue of a cyclic peptide, respectively. Then, feature selection with training data was performed
on the obtained features. Membrane permeability prediction was performed on test data. As the results, the
model b. showed better performance in generating a predictive model that correlates with the experimental
value compared with the whole model a. We showed that the approach focusing on the local structures is
useful in the membrane permeability prediction of the cyclic peptides.
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Fig. 1 The flow of prediction model construction
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Fig. 2 The method of separating residue from cyclic peptide
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Fig. 3 Calculating feature value of each residue
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® 1 NI A—2OHM (Random Forest)
Table 1 Range of parameters (Random Forest)

10, 102, 103, 10%
auto (&FEEZ AW 5),
sqrt (ERHEEB O AHBEEZ HN5),
log2 (2RHEEEBD log, NEUEZHW3)

n estimators

max features

£ 2 KNI A—-XOHIPH (SVR)
Table 2 Range of parameters (SVR)

C | 273,272, 9-1, .. 29 210
v | 2710279 9-8 o=l
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number of features



BERLEBF SR RIRE
IPSJ SIG Technical Report

0.0009765625 USRI BN
0.60
0.001953125 JURUR
0.00390625 - 0.08 0.14 0.
0.0078125} 0.17 0.24 0.

0.015625- 0.25 0.33 0.

0.03125- 0.31 0.39 &

gamma
R2

0.0625- 030 0.40 [0
0.125- 0.19 0.33 0.
037 039 039 039 038 038 038 038 038 0.38

018 018

- X K 018 018 018
BE 0.15 -0.09 - 0.08
: -0.15
20 40 80 160 320 ((64.0)128.0 2560 512.0 1024.0
c

018 018 018 0.18 0.18

0125 025 05 1.0

B5 NIA-XFa—=2TDb—btvv 7 (BRRTF FaK)
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Fig. 6 Prediction results for test data (whole cyclic peptide)
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Fig. 7 Changes in the maximum value of the determination
coefficient R? (each residue) depending on the number

of features
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Fig. 8 The heatmap of parameter tuning (each residue)
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Fig. 9 Prediction results for test data (each residue)
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Fig. 11 PCA analysis of feature space (whole cyclic peptide)
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Fig. 12 PCA analysis of feature space (each residue)
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x 3 bAnTEIIN RO
Table 3 Most contributing features
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TRERBRGTGBEMZ 5 enTE v, AITEEE
BXdZ &% R?2 OFIMEE AT 2 EOWHEEMA, R
TEBDZEALITH U TR O AN M TV EMELZ L
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BORAR T F N 2kOFRe KT 2RHE (18, &
R E) AN BENH .

E7z, REFHETIE 2D R TI2 X 2 EEEEFHIET
WVOREEIT- 72728, HFEERZXFILTHED Z & h
TERWVWETILERS>TWS, L L, BEEEMEOIFEIC
BWTTI/BODKE LIKIZKZEZERBED KRS RE
fEEMEINTH D [18], HFEMARZXFIL 72 FHIESE
BRIRNSHETH L. HFERMEEZRS 72HI121F, 3D i
5D RN ARELEE DRGSR ETH . B DL T
V3B RE R (poler surface area, PSA) 23EE @M DR X
WCARELSHEET 2 e MEINT WS [10] 25, 2D PSA D
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R B AR EDTE R BETH 5. BLELRREA D&
AR, EY)ZRECEEE A 5K S 3D FLid T OMRGE &
SRBENDDIEEZOND.

6. IEim

AIFFETIE, 6 FREDERSTF FOART -2 &AW
T, FEORIR & BT IR & A BE M 217 - 7.
BIRARTF NORFERIICER L2 PHIE TIUVBED -0,
a. BRRRTF ReEr 637 U 2D glib 7 &, b Bk
TF R B L& L D EE I N 2D Gk O
SR VIR 2 MV E R U 72 AANEREE O BR &
¢, Random Forest @ feature importances 125D < ¥
ERZ T — XKD ST, BRI W R ERERGT
BT & o THREET — 29 2 FRI%IT - 72458, 2480
BHEHAWEZET I o LKL TERIIZER L2 RHHEE
ZEMRULTIR b O/ DERE L HBEDH % €TV DAL
WU 7z

AWZE T 2D Flid 7D A% W THREANR 2 MLV DR
AT o 72 h, R TIXIRZ b - 72 62 BER A~ D #E
HLED, oD TFHEREDE EDDIIFERRATF R
DNARI 7RG A B DAL 3D ik FOFHANEZETH 5
EFERD. ET, DTWKEREEEHBET 2FEOEH [10]
REBMET 572D FESH % 2-mer, 3-mer &P L
720, BRRIZBREBOBRRTF R2ELT Ry b
DHEADTZDIZERRRTF FERDOBEHLEDL Z &2
NI EBENHD, TNSIIARNEDSEDOHETH 5.

B AWFEO—ERIL, JSPS B (17H01814), JST
CREST (EBD: R{EARDIED v ZoN4 MUHEIZ[E T 72T
JANY =Ly TT—XOEEFAM] (JPMICR1303),
JIST VY —Far Ty 22 Ta s T L, CEHRFE
Mk /) R—>ay - 2aVAF LK IO S ADOXE
T Tirhhiz.
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