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Improvement of internal stability prediction method
for cyclic peptides with machine learning
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Abstract: Cyclic peptide drugs are attracting attention because they have macrocyclic structures that are
different from conventional peptides, they have high target specificity compared with small molecule drugs,
and some can be orally administered. The internal stability of drugs is an important indicator for drug
development, indicates how stably the drug that has reached the systemic circulation can exist, and is closely
related to the plasma protein binding (PPB). Previous studies of PPB of cyclic peptides have shown that local
structure has a significant effect on PPB. However, currently used descriptor calculation software is designed
for small molecule compounds. The descriptor is obtained from the structure of the whole compound, and it
is difficult to reflect local structure. We previously constructed a PPB prediction model for cyclic peptides
with small molecule compounds using descriptors with high generalization performance. But the prediction
accuracy was low and it was difficult to put to practical use. Therefore, in this study, the cyclic peptides
were separated residue by residue, and the descriptors calculated from each residue was added to improve the
method for predicting PPB of cyclic peptides. As a result, in cross-validation of training data, we succeeded
in obtaining a prediction result with high correlation with experimental values (R = 0.90). Furthermore,
for an independent test set, we obtained prediction results with good correlation with experimental values

(R =0.83).
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1 Daptomycin D& (% PPB = 85%)
Fig. 1 Structure of Daptomycin (%PPB = 85%)

2 Acetyl-Daptomycin Of§iti (%PPB = 12%)
Fig. 2 Structure of Acetyl—Daptomycin (%PPB = 12%)
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Fig. 3 Flow of proposed method
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Fig. 4 Method of separating residue from cyclic peptide
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Table 1 Example of descriptor calculation by a single residue

information

FE A RBHEEB RHHEEC ...

I 1 2.00 3.00 1.00 ...
FRE 2 5.00 7.00 2.00 ..
e n 4.00 3.00 6.00 ...
average 4.00 5.00 3.00 ...
max 5.00 7.00 6.00 ...
min 2.00 3.00 .00 ...
std 1.22 2.00 1.87 ...
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% 3BETTE L.
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(3) BELF— 2 b B bETTRTOF — X DE MR
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ftz292%. 72720, X FxOREE, pld X O
g, o ld X ORHRAETH .
X —p

7 = (3)
N\ 7 D,
AL & 5T, 1,066 IRIEDRBEI R I N, 7LD
HHE»EBELREDZ MM T 2 REEREZITS> 2 LT,
ETNVOFFIZ D LRHEZESTEILNTE, ETN
DFERE, R P LMD B3R TE 5. A TIE
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(1) REDPLRRTGEZEFED, Random Forest[15] 1 &
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% [6]7] RIULIRER U 5 £ X, 20 ¥ L.

(2) BRI 72 R e % D 57212, RF W T
5-fold CV 21T\, RERE R? b &\
BOWTE .

- J
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Table 2 The range of parameter search
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2 DPRHFHTNT A=K C BLV yORdi{bzE L7z, 72
72U, FHlidEE e i R?2 2 L, 5-fold CV %2475 7z,
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ZIZT, y ki BHOT — X OERE, 7 IXEREDF
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MAE — M 4)
RMSE = M (5)
> @i = 9w —7)
R = = (6)
\J Z(ﬁz - Q)2\l Z(yz _y)Q
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® 3 BERINWRFHED -E
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Fig. 6 Heat map of parameter search results
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Table 4 PPB prediction result

MAE RMSE R R?

2R FEREE 5.85 10.35  0.90 0.81
MGET—2& | 13.64 21.40 0.83 0.54
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60 -
/, Y
30 e
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(]
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EER{E (%PPB)
7 MGET X FHEER 7wy b
Fig. 7 Prediction result plot for test data
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4.3 PPB THIER

FAIZFHET INVOREMGES S CHEET — 22335
FHIOFTMAEZ RS, £z, B 7IIRIET — X O PGSR
OFay bTHB. 277U, EFEHELTIEI% L ED
PPB ¥ xh, {hEMDOR#EILZED TV LIZDON PPB
DERREEIND I H DD, (LEWAI ) —=v
DBED S, 80% LA ED PPB K25 & 5 M X ER B
FIZL->TD1IDODHEETHEEEFA5. 80% ML ED1L
SO FRHEFHLUL B0, 7oy b OEEBREE Tl
R (8) TEHZRIND pfy KO EHI N, MOHED
& pfupy DXFIET B %PPB ICABL 7.

Pfub = 2 —log,4(100 — 0.99 x % PPB) (8)

5. ER

5.1 HEHEDZEM

FAZRT LT, BELUAZTHEIE T OVIZE W T HIE
EEFZEZEZTWS. T —XIIH L, RKAMGETIE
PPB EERE & B HBEO H 255 (R =0.90) 2852
CITRII U7z, X512, BEPERDBEET — XL T
£ PPB FEEfi & EWHBED H 55558 (R = 0.83) 2535
N, PMEEREORVRMEZEIRT 5 Z D TE 7.
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Table 5 Description of the selected descriptors

R Bl
aICM NFHNOTEHOLY b —2 KT
anH IRFIR T e RS
logS KR RS
h.logS Hueckel MGz 50 < ARiaME 2 RS
logP(o/w) BREE (42 2 =)V KRG EURED) 2K T
h_logD etz £ T (pH 7 B354 27 & —)b /KRS EURED
GCUT_SLOGP_3 Wildman & [16] 22R L = FiEx o TIREEEZ R T
PEOE_VSA+0 | Gasteiger 5 [17] H@% U7z PEOE % (f\H MM & X3
PEOE_VSA+3 Gasteiger 5 [17] 2M@%E L7z PEOE 4 W &2 &3
vsa_hyd BUKMEE 70 VDW Rkt e % $

R 5IMEHA U REEROBPZ R, ZOHITIZBERR
TF R OKEN, BiEME, B & OKER TG LD
WHEE2RTLONDH D, £z, ThoORHERIIMD T
LT 26 DD <, MHBIRB DM EA 0.9 BLED <
7 1% 2_max_h_logD & 2_max_logP(o/w) UMFEIE L 72\ .
ZLU T, max ® min IZ X 2RHEERIZ52H D, I HITER
KRTF NOFEREZHHETE S, Lo T, fiHX
NRBEITERRRTF FOc B2 RHTE 5.

5.2 EEQRHE

fEoNn7-FEBEF TEEENEVEDOEZ RO HT O
IZ, AFE T RF ORBEEEE (feature importances)
R U, 72721, feature importances 1 5-fold CV M
FHfEE & o7z, M 8 IR R 2 B O /WIS AT
Wb,

8 DL SIZ, avelogS D FUETIIZEIT HEHEEEIL
FEIZEL, 2MUTORBELN02DENDHS. £,
HEEDBME W 2005 4 601k, KEEE2ERTEO
PheEEE KT OO, BRI F N DR #H %
KT E 5 max X min 12 & DREEIE, 8AMIAS 124712
Hovz.

ZZT, 1HidD avelogS & 2HiD logS IZDWTHELT 5.
9%, FfT —X D logS & In K, D46 & U ave_logS

ave_logS

logS
ave_h_logS
a_ICM

vsa_hyd

h_logS
3_min_h_logS
3_max_h_logD
2_min_h_logS

2_max_h_logD
2 max_log(o/w) [
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Fig. 8 Importance ranking of descriptors
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Fig. 9 Distribution plot between logS, ave_logS and In K,
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Fig. 10 Principal component distribution of the train data and
the test data

EInK, DA% 7oy b U7z (logS & ave_logS D Id
BELZHD). ZD2 O0KEEL In K, DHBREZ
BT 5 L&, avelogS 1& —0.711, logS I —0.663 &7 D,
ave_logS D AV HMKEAL E OMBE»E» 72, Lizdi-
T, AWZEHIRE L 7R BB COREE NI L&Y 2
HRIZLRBEIVRVREEZELZ L ITI Lz Ww
Z5.

5.3 EXDOM

BIRINZREEZHAVT, BT — 225 LICERD
341 (Principal Component Analysis, PCA) #1772z, &
FET =22 DWTUE, FIfT — & oROZEART ML
ERAWTEBRLUZ. M10 138 —Efas (PCl) B8XUHE—
Ei (PC2) 2#lizLTTy—x%&2 70y hLTWS. i
DOFEMAIEFTF G E%/RY. 727201, Train_high, Train_low
XENZTNIHT — XD PPB 2380% LAEDE D & 80% Ak
HWDHD%EKRT. Test_high, Test_low 1% E IMGET —
2D PPB 73 80% A EDE D & 80% KiiiDH D%EKT.
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Fig. 11 Position of Daptomycin and Acetyl—Daptomycin on
the PCA plane

Moo bhrd kDI, kT — X EAT — & L IZIEH
HPANIZH D, BIRS N R IIWREET — X 2 3iHT %
ZENTEDEHEAOND. T, B —-ERMIBRAT
F KD PPB % 80% M ET®H % H2 80% HKiii TH % h s
T5., TREERIZOVWT, E—FEIH0 L D/NI WV
I% PPB ¥ 80% A LA H D, H—EKDH 2.5 LD
K E VL PPB 2 80% K DIEA A H 5. H—FHoH
045 2.5 FTOHFPFIZDOWTIX, 80% L LEDHDE 80%
KD EHDNL BAEL, FIWHEHE L .

F 72, MGEET — & ORI AL TV % Daptomycin &
Acetyl—Daptomycin (Z 2\ T, 11 1 PCA @ ETo
ZThoDfEEZRT. B&LD, Daptomycin D — F ik
31E0 & /hE <, Acetyl-Daptomycin D& — F 4 %
MeLAEEh KRESHENTWVWS., EIRT W2 RK#EIX
Daptomycin & Acetyl—Daptomycin @ & Fi & D E W %
BATEZEEZONS.

X 51T, 2 6 1% Daptomycin & Acetyl—Daptomycin @
FEETIVFHERTH D (NPPB X In K, oiE I
7z). Daptomycin (Z DWW TIXFERME &0V FHUEDLE 51,
Acetyl—Daptomycin {Z D\ TILSEERAE & D 2D 10 K7z
FHIEREF SNz, Ui T, RIFENRRELZFHIET
AEREE AL T W 5 Daptomycin & Acetyl—Daptomycin
IZOWT, TNS5DPPBDEWERJITELLEFZS
ns.

% 6 Daptomycin, Acetyl—Daptomycin ® %PPB T lf%H#
Table 6 %PPB prediction result of Daptomycin and
Acetyl—Daptomycin

Daptomycin @ %PPB  Acetyl-Daptomycin @ %PPB

FZERAE 85.00 12.00
THIE 86.88 5.40
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6. IEim

AT, BUEREH SN TWBEBIRR 7F NEE G %
ML U, BRRTF Fefr o5 E I N REE IR
R TORMEZINASZ L 2BEL-. SEKEHEE,
1 BRERHE, e 2 BEP I BREREER2 ALY
2,678 IRTT DR EMNE SN, RF %l > THREERIR%Z L
7. Zho OREZ AW T, JERE SVR mRFHlE T
NEREL-. FHIETVIKIHS L OCBREHD T — £
Ty MIHU, EBEEROCHEYH 2 FHE (R = 0.90,
R =0.83) & 50, Tajimi & [8] DEIRTF N PPB ¥
H¥EE (R=046) XA ELE

Fr, SBROBEL U TUTOZSZMBEITFonsd, F—
2, AWIETIE 2D REOAZFH U720, BIRRT
FREBRTZ7 I/ BORFREMEARE KB TERH -
Too NEARECEEE B L, BRIRARTF R ORI 20 R R
ERETE23IDMEEZNASZ L, MRV IH
EOMEATER (HSA 2O Ry ¥y 7 2a7kE) 2FMHT
52k E 5Pl EAIRTE S, HE
2, REFIRIIBRRTF NOREEOEHR %2 KRBT
7203, BHEERFEVPNL OB BN, FHIEFBRRRTF R LED
EZIZHBEIPREDERERBETER P72, TD2D,
BEDMBIEHRE L N ENEHRE BB U727 —XDAIS
REWMGT2HENRD 5.

BE AWML O X, JSPS B #F & (17HO1814,
18K18149), JST fH 5z 75 % Hiulsk F ik 22 i F& - SEAF L A
(WY —Far7Fry s R) #7077 L, XEHRY
G A ) R—Yay - ZTaAVATFARR TS T A,
AMED ARSI RS 75 v - 7 4 — L (BINDS)
(JP19am0101112) D222 F Tirbh iz,
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