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Conventional polymer material development relies on
inefficient trial-and-error experiments based on the ex-
Therefore, the

development of new polymer materials requires an

perience and intuition of researchers.
enormous amount of time and high costs. Furthermore,
conventional polymer material development has problems
such as the difficulty of responding immediately to
increasingly sophisticated and diverse social demands.
As a solution to these problems, the use of materials
informatics (MI), which incorporates data science such as
artificial intelligence (AI) and machine learning into the
traditional empirical experimental science, has recently
become a promising approach. This article reports on the
development of an Al model that can instantly predict the
grafting yields based solely on the chemical and physical
features of the monomers used in the radiation-induced
graft polymerization, as an example of polymer material
development utilizing machine learning.
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Schematic diagram of radiation-induced graft polymerization.
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Figure 2. Simple analytical flow chart from
data collection to the evaluation of predictive
modeling and testing of the predictive model.
(Reprinted some modifications from Ref. 16,
with the permission of Elsevier publishing.)
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Figure 3. Atomic positions and FT-IR vibra-

tional parameters for the methacrylate ester
monomers. (Reprinted from Ref. 16, with the

permission of Elsevier publishing.)
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Table 1. Selection methods and results for explanatory variables.

Selection method of Original  Highly correlated AIC BIC LASSO
explanatory variable pair processing

Total parameters of 49 28 24 18 26
explanatory variables

Basic property 11 3 3 3 3
® Molecular weight v

@ Enowmo v

® ELumo v

@ Dipole moment v v v v v
® Molecular surface area v

® Molecular volume v

@ Ovality v

Log P value v

© Polarizability v v v v v
© Electronegativity v

@ Hardness v v v v v
Atomic charge 11 6 3 6
@ C1 NBO charge v

@ C2 NBO charge v

@ C3 NBO charge v v v v
@ C4 NBO charge v v v v v
@ H1 NBO charge v

@ H2 NBO charge v v v
@ H3 NBO charge v

@ H4 NBO charge v

@ H5 NBO charge v v v v v
@ O1 NBO charge v v v
@ 02 NBO charge v v v v v
Atomic NMR shift 11 6 6 5 5
@ C1 NMR shift v

@ C2 NMR shift v v v v v
@ C3 NMR shift v v v v
@ C4 NMR shift v v v v v
@ H1 NMR shift v v v v

@ H2 NMR shift v

@ H3 NMR shift v

G0 H4 NMR shift v

@) H5 NMR shift v

@ O1 NMR shift v v v v v
@ 02 NMR shift v v v v v
FT-IR frequency and intensity 16 13 11 7 12
@ vei=cas. v v v v v
® ici=castr. v v v
® vea-cas. v v v v
@ ico-case. v v v v v
® vea-ol st v

& ic4=o1,4r. v v v v v
© ves-onstr. v v v v v
@ ics-oosir v v v v
@ Vii-Cl-Hsym. sir. v v v v v
B ig1-c1-H2sym. sir. v

@ vii-ci-H2.asym. sir. v v v v
® ig1-C1-H2asym. str. v

@® vii-c1-H2ben. v v

@ ini-c1-Haben. v v v v v
@ Vii-Cl-H2wag. v v v v v
® ig1-C1-H2.wag. v v v v
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(A) Multiple linear regression
(Explanatory variable: 28 parameters)
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Training data : R2 = 0.8331, RMSE = 51.97
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(C) Multiple linear regression/ BIC
(Explanatory variable: 18 parameters )
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(B) Multiple linear regression / AIC
(Explanatory variable: 24 parameters)
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(D) Multiple linear regression/ LASSO
(Explanatory variable: 26 parameters)
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Figure 4. Comparison of explanatory variable selection criteria in multiple linear regression. (A) Mul-

tiple linear regression without explanatory variable selection criteria. (B) Multiple linear regression with
AIC. (C) Multiple linear regression with BIC. (D) Multiple linear regression with LASSO. (Reprinted
from Ref. 16, with the permission of Elsevier publishing.)
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(A) Decision tree
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Figure 5. Predicted versus observed grafting yields plot; (A) decision tree, (B) random forest, and (C)
extreme gradient boosting. (Reprinted some modifications from Ref. 16, with the permission of Elsevier

publishing.)

MIGERYZE T & R IC PHIEAERRE C, Pl
WEOH EZ2X5 2 ENTEhbol, —), MIPE
MJF#/LASSO €7 IILTlX, T A TF—=#IIxd % 3
SEESE R (RMSE = 79.62) 28K & L S 1,
Al EF VORI E L 72, L L e,
TEEMIJF/LASSO EFNICE W THHKAR E LTl
FEIFREL, FOoHTFMAIEFT LT AW L25b
Nz,

32 RERK, LY, PYHYITLEBICELZTFT
FNESRTFRHETILOIERL

31 HOFERD S, 777 FEAETFHICE W TH
JWHERBHTIEFHBEOE WV AL ET AR TE X
WZ EBbhol, 2 ITRIC, IERIEDHTIC RG]
HEZIER, BXO, 27 v v 7 VEH (5
VHINTAVANERRT AT 4V T) Ik TS
7 PEAERFHE T VOERZRA T, T 2 TIER
72 S BOBE AP I FE N 371, 22 HTEE L
28 TR DO BHZE S Z T AL T TV 2 ER L 72
(Table 1, Highly correlated pair processing Zif) .

Figure SA IZIRERE T VO TFHUFERTH D, P
WD ICPIERE TV O PR E IR & 2o 7,
—Ji, TVvH IV EETHE T T LT ALV A b
(Fig. 5B) &AWL 7 — A7 4 » 7 (Fig. 5C) OF I
Hx, IPERRE TV E LT 2 £, FHIEEIME
(b, BRERY 77 VEGRFHZEHTES 2
Ebhrol, FHCAR 7T —AT 4 v 7ETILITE L
TiE, KIBEEOH S T wARWRAIE /) v —0Yt
E#REANT BT, BoEETZD /77 RS
KRB FHT2 2 LRI L7 (FARF—%:

52

R*=0.71, RMSE =41.51). ZOBEDARHE /v —IC
%9 % RMSE fiil, #EEMFE/LASSO € 7V D
SOfEE D, ALETFILOPALEERE IFKIEIC8GE S
7o, I, T Y INERO TANESR ) 4 R
WU CTHELZITH, BERTHUNTES) Lo
TR RO L 7RSI RT3 b 0 EHER I NS,
SOF D, AETCIEFL—= v F—FICHOEE
C—HB N FEHED R ORAE— LT =YW TH S
2%, T—=% OfRH LHUELFEAE LT, B,
NUED R Z LT ORI EMFOT LD &, X
D A PETI D 7 v v TV DS R 2 T
NITYZALE L CGREINDD EHEINS,
BEAREE CIRER L7 ALE T V2T T 2 2 & (T
k0, EOFMHEEEN ST 7 PEAEE LT 5 EE
RIS T & 72 5 D% FEIICEHE T % 2 £ 3 TE
5, 22T, LA 7T —AT 47 AlETIL
ZIEHTL, P77 7 PEGRIIKIETE ) v—DY
PSR OIS % W5t U 72, Figure 6 121X, AL 7 —
AT AV AIET VBT 2 EEHHAELE N v 710
2T, 2T, MNEEEOKMEIINZ LIHIHE
BizE, KO EELFHEBTHL Z L2 ERT 5,
Figure 6 (/"9 & 912 AT € 7L 2R T % 28 fMA
DHRPLEH DI L, TO B/ 2 —Dol%E, &, £/
v —DEBILEFICH 5 TOBEE T (02) O NMR
B> 7 by 777 PEAKIGOH L 7 2 BHEH
HEBTH 2 Z L ZFHR LT, —J7, BEWEEIEAD
F—2 I HEIEEZ RoF T b oTch ), FEED
PHZ B E U CGEIRS U StHA SIS LT, B&E,
LA Z D242 R T 2 08803 5. B EL
@€/ ~—DoME, 1, €/ v—D ek

ma R AL F



BRPEZER USRS 57 hEGRO T

(© Polarizability
3 02 NMR shift
@ 02 NBO charge
VHI-C1.H2, asym. str.
@ H1 NMR shift
@ Dipole moment
1) Hardness

@ 01 NBO charge
l:C4=01,slr.

1C4.02, str.

Methacrylic

group  Substituent

I T T T T T T T T T T I
0 50 100
Relative importance [%]

Figure 6. The top 10 most important explana-
tory variables in the predictive Extreme gradient
boosting model. (Reprinted some modifications
from Ref. 16, with the permission of Elsevier
publishing.)
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