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This study investigates quantitative structure-property relationships for polymers using machine learning
techniques, leveraging the ATHAS data bank. Developed by Wunderlich et al., this data bank contains specific
properties of polymers. These properties encompass essential information, including the glass transition temperature
(T of fully amorphous polymers, the heat capacity difference at 73°, the equilibrium melting temperature, the heat of
melting point at 100 % crystallinity, © temperature, the number of skeletal vibrations, and the temperature dependence
of heat capacities, etc. Our methodology focuses on establishing correlations between these polymer-specific physical
properties and the repeating structural units within the polymers. To achieve this, we employed various regression
models, including artificial neural networks with equivalent and damping structures, Lasso, Random Forest, and
XGBoost regression. Model validations were conducted using 5-Fold cross-validation. Our results indicate that the
artificial neural network model exhibited the lowest error. Furthermore, we showcase the practical application of
quantitative structure-property relationships in predicting the properties of two polymers not yet included in the
ATHAS data bank.

Keywords: simplified molecular input line entry system, artificial neural network, quantitative structure-property

relationships

1. [FLBIC

MEOMFRER TIX, Btk - Em Lo, fFx oW
PED b L— A7 2l L, BRI A b = X AWML
T« HIESEORGFERNEHARKRD LR TS, E£90F, F
AR U E S C, T OGS E S W T2 RIEL,
RO Z LB ERRFET D, T ORRICHESE G EEILEL
T, HEZYMEEZRIET S, LW ) PDCA YA 7 V% @k
Ef S5 2 LICE > TINE CHEBRRZMES &
7= (Fig.l), % ORFMBAILOMEMRI T 0t A TiE, W
PERIE RTINS X —12 72 5 2 LWL, A, T
~ Uk, BRKIEEOS ST AT T, X fRET-
BELSC, B BB 22T XL A S AT - BIEITIEN
I<EHENTWD, TR ODOFEIC L 0 EN R 5
T EBLZNR, L XIITRITHIERO RIS E R E
gxh, pFLb~s a2kl EICERELARNZ E08H
5y —J, BUEREGH S OBS RN T e —Fik,
A FEEARLNAN L TH 2, BIIpIo K Lz F80dl
IV AT, BRI OBV MAELND I E HE,

RAMGER 7 v & A2 L 0, AERRRIRZEA R 22 S,
AW 72 R EREY X ATREIZ 72 B 2%, PDCA WA 7 )L % (a9
DIZZIE TR DD 5 TV, UL LI, 2HE#o
mtERelt, REOT —2R{MFE, FEFEEOTLITY XA
WS &, 53 A LARE (Artificial Intelligence, AI) 7 —
LDEPRL, AR RERERSEND, HENDRTH A
L EMEEI D T — 2 BREVRIRL R S < Fi Ze M BB IS o
FETHDLIYTIVTNAR AT H~T 4 7 A (M) 3%

Netsu Sokutei 51 (3) 2024

L, HtEzmoTtng, 2

Ml OWFET 7Y =2 ME, 2011 FIZK[EO Materials
Genome Initiative (2R FE Y D Z D, 2014 HFIZAA AD
Materials Revolution Computational Design and Discovery of
Novel Materials,¥ 2015 4R HE 4 @ Novel Materials
Discovery (NOMAD) Laboratory,” [ENC % 2014 4 ZHREEHY
A/ R_R=va RBET T L (SIP) ~T VTNVA T T
L—3a .9 2015 FITIERBEETLDE - MEBRFEA =
TT 4702018 FITHAEMEIRARE L XA T AL o~ T
U7 VY S ENE S L, HTHRREA RO 58 RITEE S 0 I
CH TN 5D, 2023 #121F GNoME & U 5 MERHE i O 28 e
EWEERT D7 R 7 A6HBINTND, 20 El-mm
F O K UG HEAIC L CHASHELAEAEH L
polyBERT 23[H%E &, 29 MOE S T Wit % mkEE 25
HTTRlcE s EBMEINTNS, D

BEEFIZE S U 2 b—r a3 VIFEBN R FETH
0, ST D S E~ONEF M TN CE D0, %
DHF ORI, F 72006 BAEWPEIT 3 2 70 7-H - fiLAK
OFHENTHE LV, —F, ML, HEE I X0 o7
FLEC & WP & DFEBE (E ERUREEMIEAERE) % SR TREMT
FTOFETHY, EHFMTFTRZT TR, ZOFH TR
HARETH D (Figl), AYRKZEHET & & BIEDHE
ERTLH0FHEE MRETHT2ZERTEL 200,
MEIBRFE D=L E W HBLETIHEH SN TN D,

FTTIES FEED IO TIE, BT —H2_—2
EHWT, BFEEIC L0 TS Lt L OB A 1572
FERDPHE SN TVD, D @aFIZONTE, BYIELS

© 2024 The Japan Society of Calorimetry and Thermal Analysis



2023 FE B ABRIE PR PR H

Forward prediction

N

Chemical structure y = f(x) Physical
Material composition (Regression rg, ert
Process conditions model) property

g

Backward prediction

Fig.1 Conceptual diagram
Materials Informatics.

illustrating the principles of

DIHEREN DT 4 o =TV N (@EHTT /L) &E
JHETN~DANT] GRAEH) [CAWFERHRE ST
BB ESTFT ) AL ES TN E TS ST v
N7+ —ADBEBEINTWD Y EHTFA L TH~T 47
AT E A LI T 50V IBEITH I bDOD, T+
TICRIE = > XY v R TROEMHFELIZ OV TIERZET
EASE LD TRY, VMEERORE T HEEZ THIL,
EBICE DOFE S F & AR L CTHMEREE L7ZAF7E,19 [5 KR
EMED EIBITERE 1,18 A BEE I, 5
JRME B R & 5y 1 O FRFE20 BB R O 8 SR A 2D
FEIRFEEE Y~ A2 SR MEshTns, £,
JEITER 1423) L IREB R H T REEBIEE 2429 ZHE P b
DUVNTZE R TORARIEE & B S CEiHE R R
UA 2 ROSTRESEZ FHI LIZAFZERLE 20 NG ST
WD,

2. BAFOT—ER—2R

BT A VT F<T 47 AT, BUIFETLVOHEIETY

PEAEIZ 72 5 0T, ZOHIIE & WIFHE & OFREN R/ INT e
XD ICEIRETNDNRT A= it T 5, TDI=0H
HFHE L L CTH X APMET — 2 X—2 (DB) OIRIRHH L
725, @ TOYME DB 1TV OEE I N TN DY 72
MNTh, 18,958 LA L (2024 ££3 AFRAE) DFRERY ~—0D
PP B STV D Polylnfo 28 K< IEH LTV
5,0 L, RERY) ~—THLYHEEICSHARDH Y, #
z21E, RUZFLUFLI7XL— T, T REBIRE
(Tg) 13-13°C~150°C, Rl (Tw) 1% 135°C~340°C, flf#
& (AHm) X 0~0.035 keal g! OfENBE I TED,
EOEEHANIUIZ X VO S Z ERnH D, WMo
W, 1) DFESAPRRD, i) MAbESCHEMREZEOR
WAEGE RN B 2, i) BINFI O BESCHEN RS, iv) i
fa A AR O RN RS, 2 EO&ESTRA D
HHICE->TAELTWDI LD EEZBND,

—J7, @1 ® DB & LT ATHAS (Advanced Thermal
Analysis System) data bank 73 %, 2834 Z 311X Wunderlich 5
WL > THEINEZLOT, CREE DEAMEEZH~N, &£
BH O U CERE S WA BUgEER L TINE Sz m
iE 72 DB T& 5, ATHAS data bank (Z1%, R Y AL 7 ¢ >,
TIINEYv—, RVZZFN, BYTIFR, KU F4Fx
YA R, RV, BVTIE, KUAIR, (47

EERY~—, "aFraRREAR)~v—, 7yRERY
~v—, RVTux$r, RUTT7 %M, KoY+ Rk

KFEC3I~C70, ERA T /) — LA THRIFVE/v—) b
ate, BEH 200 DHEITOWTOF —Z NI S TN
5032)

—HRIZ, EOFOREIE, Gibbs-Thomson iz L7273
YA XOEEER AR L, Ld FEFICHERE-

AR LA U CTRES EF3 5 Z &0, mREEE T
THRSPEFMHFIZHKRGET 5,282 ZOHORERY
v —TCTHLIFEIERMENBREND, Zhizx LT,
ATHAS data bank 121%, JESRMIETF LW Es 1FEE
OIS (Ta®) 2MINEE STV D, T X Hoffman-Weeks
71> bR Gibbs-Thomson 7' 1 v FHRE S5, 3239
E72, BHTO Ty b LEOHENEE ITETT 2 03,?
ATHAS data bank (21X, FIHIEFELZRY, BLIELY
DA T AEBIRE (TL) BIEERSNTND, S Bk
FE 100 %OmEfiEEE (AHLY) <° T TOAREE (ACK)
NEEFEIN TS,

Fig2@)IZ R ) =F LT L7 4 L— oAl DSC
HifR A2 R, T AEBEEED DACe & RREI D & AHm
(DSC O FIRIBFE TH GRS A BN DA ITILE DOE
BEZELSIWTHIE) ZHARY ey N9 5 &, Fig.2(b)
XK LD, HEdhEFERED 2 FETADNLT
DAL, ACP IFFEMBEITIBI L, AHm 1 IHE5 SR I LB
TLHDT, FEWRPLWVIEERERD L 252 hn,
HMEIX C, D, EO7 vy hOXHICEMREIZEDS, I
sHUC, fhdh, FE&, PR (RIEIES) © 3 MHET AR
AL BAICIE, F, GO ay Fd L 5 Ficio i
FIZHE D, 323D L7285 T, ACPRAH 13T 5y F D i ki ik
DR L TS0, BT O K UHEA#EE T Tk
—FMIITRFE ST, C~G Zflio THMFE S THL T
HREZEIIRE 2D, @O TORBMEGEIL, WMBRMEE
Co, moEmsFPHEIcsBERT 2806, C~G OR
Bt OPPEE R FEE LT, R0 PRIRREIEFIREL 2D
ZERTHREND,

—7J5, ATHAS data bank [ZIZE5 FEHAED A 5 (ACH)
B A (AHR) OENBEEEINTHND720, EmkiErE
BT D2 E<, BYTOMY IR LENESE & 0B
BERDODAREE 0D,

BT DAHR & ACKH DSPTE T & U, kAU X 0 ik
B (X)), FIEPERE (Xm), MIEFESE ) ZRO5Z
LN TE S, B2

Glass

s transition
c
|
@
Melting
240 280 320 360 400 440 480 520 560 600
TIK
hm
T A
dl:ﬂ.“.\': ATHAS data bank
RN O c
(b) 2 \, 2 phase
§ \ ‘/ model
S \ De
8 FA oF
5 3m§?* h
o . .
g model G T -.B
©  Heat of melting (AH,,)

Fig.2 (a) A representative differential scanning calorimetry
(DSC) heating trace for polyethylene terephthalate (PET); (b)
Schematic depicting the relationship between enthalpy change
(AHm) and heat capacity change (ACp) at the glass transition
temperature (7g) for a polymer.
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Fig.3 Depiction of the repeating structural
polypropylene (PP) and examples of the identification value
(ID) and partial structure in PP fingerprint.
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Fig.4 The artificial neural network (ANN)-equivalent structure
of hidden layers in machine learning (ML) for modeling the
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Fig.5 The ANN-damping structure of hidden layers in ML for
the physical properties of polymers. Here, Nl denotes the
number of the first hidden layer.
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Table 2 Comparison of RMSEs calculated from various regression models, including ANN-equivalent structures, ANN-damping
structures, Lasso, XGBoost, and Random Forest. These RMSEs were obtained from 5-Fold cross-validation using count-based
ECFP4 descriptors for the repeating polymeric structural units and data from the ATHAS database.
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Fig.8 Relationships between registered properties of polymers in the ATHAS data bank and predicted properties using the optimal
ANN-equivalent structures. (a) T’: Glass transition temperature for fully amorphous polymers. (b) ACr: Heat capacity difference at
T, (¢) Tw®: Equilibrium melting temperature. (d) AHn: Heat of melting for 100%-crystallinity polymers. (¢) @1: Characteristic
temperature defined by Eq. (4). (f) @s: Characteristic temperature defined by Eq. (4). (g) So: Residual entropy for fully amorphous
polymers at absolute zero. (h) Ns: Number of skeletal vibrators. (i) Cr (150 K), (j) Cr (200 K), (k) Cp (250 K), and (1) Cr (300 K):
Heat capacity at constant pressure at 150 , 200, 250, and 300 K, respectively. Blue closed squares and red open circles represent train
and test data, respectively.
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Table3  Comparison of  reported  properties  for
poly(p-dioxanone)*® and those predicted by ML from 5-Fold
cross validation using the optimal ANN-equivalent structures.

ANN-equivalent structure

Physical Reported
property value Predicted  Standard Relative
value deviation  error /%
Tq /K 264.0 252.9 1.3 -4.2
ACR° 1K mol™! 69.9 53.7 0.1 -23
Tn®/K 400.0 392.3 1.4 -1.9
AH ° /kJ mol™ 14.4 19.7 0.0 37
61K 478.7 487.2 1.8 1.8
03/K 50.4 109.6 0.4 117
So/J K" mol™ 13.4 13.7 0.2 2.0
N 10.0 9.9 0.0 -1.0
Cp (150 K)/J K" morl™ 74.7 74.5 0.3 -0.3
Cp (200 K)/J K" morl™ 91.5 91.5 0.2 0.0
Cp (250 K)/J K™ mol™’ 108.7 108.8 0.6 0.1
Cp(300K)/J K mo"  126.8 126.0 0.1 -0.6
220
200} Poly(p-dioxanone)
- 1801 e cM P
‘TK w0l C'galculated using @, @, and T, obtained from ML //,/’
—g: 1aor cal, ref /'////
é\ 120r CP /-//' C cal, ref
§ 100 f p /_/-’ v //_,
8 80F _______._-—-—-—-—-—-—::_-7" '''''
§ 60 - "/-’-Cfskeletal, ref - -
I w0l v ’<
20l ///_,-’ Cvgroup, ref

00 50 100 150 200 250 300 350 400 450 500
T/K

Fig.9 Comparison of heat capacities predicted by ML (CpML)

and reference data*® for solid poly(p-dioxanone). Each solid

line at CPML represents a range of standard deviations.

Table 4  Heat capacities (Cp) for poly(N-vinylpyrrolidone)
as a function of temperature. CpP represents the experimental
heat capacity,*” while Cr®'s were obtained based on vibrational
analysis reported in the same reference. CPMs were derived
from ML using the optimal ANN-equivalent hidden-layer
structures via 5-Fold cross-validation.

Standard  Relative

T cp®® cp™ cp™ deviation error

K JK'mol"  JK'mol' JK'mol! JK'mol %
50.0 31.34 29.51 19.91 1.20 -32.5
100.0 56.52 54.87 38.67 1.38 -29.5
150.0 76.18 74.32 49.59 3.12 -33.3
200.0 94.65 93.45 60.79 1.01 -35.0
250.0 114.45 114.13 74.48 7.36 -34.7
300.0 135.04 136.32 87.45 1.03 -35.8
350.0 156.95 159.17 100.57 1.05 -36.8
400.0 180.83 181.73 123.28 6.13 -32.2
450.0 - 203.37 138.78 1.48 -31.8
500.0 - 223.78 153.61 1.56 -31.4

DT —=H W7, HHREIRY RbH D L EbilT\D,
DD, BEERE G~ VT E— L NTHIRET VO
EPRASNIEI LD TN D, AFTULICYEELZET
T HWE - FUPLEE STV D, ERTFEICED T
AN, FEEHZR, FERRFEICIES < 72, [ D ATREME
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