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Abstract: Entanglement molecular weight is one of the key polymer properties strongly related to many mechanical and
dynamic behaviors of polymers. Despite its importance, the data for entanglement molecular weight by either measure-
ments or predictions are still far from covering a wide range of polymer species. To address this issue, we employed the
deep learning technique to predict the entanglement molecular weight of polymers using graph convolutional neural net-
works that convert molecules into graph structures. In addition, to overcome the limitation due to the lack of data, the
transfer learning technique, which transfers knowledge learned through large-scale datasets, was also introduced to
improve the performance. The trained neural network model showed higher prediction performance than the conventional
prediction methods.

Keywords: entanglement molecular weight, machine learning, transfer learning, graph convolutional neural network,
quantitative structure property relationship.
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Table 1. Atom Representations of Molecular Graph

Feature Description
H, C, O, N, F (one-hot)

The number of directly bonded neigh-
bors (one-hot)

Atom Type
Bond Degree

Formal Charge Formal Charge (integer)

Hybridization sp, sp’, sp> (one-hot)

IsAromatic Is atom an aromatic system (binary)

Table 2. Bond Representations of Molecular Graph

Feature Description

Bond Type single, double, triple, aromatic (one-hot)
IsConjugated Is bond conjugated (binary)

IsInRing Is bond in a ring (binary)

= Qg §EL Yeple, N, D, Fie 217t B e 97
<, YA} 31¥ (atom representations)2]? Aol A3}t 3¢ (bond
representations)®|*® Zo]E UERdTH 2} 59 9 A% %3
< RDKit Python 2}o|E2{2]E" €&, Table 1 & Table 22}

2ol FZsInt

QIBMAY I Shollx ARGSE 2= S <F
= MPNN&J*7 TIRQ1S: o853 0™, 1341737

9] 7§ 2 =5 Figure 19 VFERITE Q1FA1737 HellA
T ze] 92 ¥ 3E V= fully-connected layer(FC

?l EA(feature) F= #olo)E Fall 2t 7] A &

XX eRVME wskeT)

XO = ReLU( VWFC,V + BFC,V)

iU a0

~

oX

@

Molecular Graph

zd A 517

o
ol
ol
E

Wicy R Brevie 94 54 3% dlolol9] 71 (weight) 2
HHbias), L& 59| 2olF vehact. 2 ¥, 7] 91
=7 X°= MPNN E& Yol 23 44 te A=

B OEE A ME B < T B MEHoR
T8 ANET i Aol B A WAA M

MPNN EE 9] NNConv* #lo|o]& Ba) thea) o] o
azl=y
My= WXy + 2 XiH(E,) 3)

veN(u)

Wyc € R™" = NNConv #|o]019] 7154 &4, Nuy= v
A Al AHA o R AHE A=) HAFelM, |EL) —
R & 2% 38 E.2 2% 8 A= UsATE 34
olth. ¢(-)y= U= fully connected layerZ F&=0] 5%
= ek uHA Azke] B4 x, & AgE WA M S
3 MPNN & W]2] GRU™ #lo]ojo|A] 72l€ ).

X, = GRU(M,, H) )
H, = GRU #o]ojo] yHA Axpol] tigh AR 24 2JH
(hidden state)e]th. HF2H o= 2] 54S Uelie &9

= T fully-connected layerE AXH 3% &
ZeEnh QIS 73 Python 2ho]HE
Sk Zho]E.# 2] <l PyTorchel” 2= 34173
PyTorch Geometrics* -85} 73Tt
IBMAL &5, Aol kg a3E Hlwal] flste] +

Fully Connected Layer

:

(=
2 I 2 — L —_— o Property
ey g Message Passing a Graph Gather Value P
-~ E it = f(hi.Em;) E h =Lk
t<T
N
N G P
F c o F Property
G = C o 5 o C Value P
n |
v

Figure 1. Overview of the graph convolutional neural network model. Each neural layer is explained in eq. (2), (3) and (4).
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Figure 2. Scatter plot of molar volume of polymers versus entan-
glement molecular weight of polymers. Each color represents
molecular groups from clustering analysis.



3500,
3000+
2500
2000/
1500,

1000}

Predicted (R?) (a3)

500+

r: 09842
MAE : 38.89
RMSE : 54 50

ol
0

500 1000 1500 2000 2500 3000 3500

Measured (R?) (a?)

Figure 3. Prediction performance of an electronic spatial extent

from pre-training.

S o] g, A TR

voTITE=E

=

)=]
2 JdYsisich

10°

104

Predicted M. (g/mol)

10%

[ or:0.9270
| MAE : 51300
| BRMSE : 83628

(a) Without Transfer Learning

104

107 104
Measured M. (g/mol)
(b) With Transfer Learning

-IIDS.

| MAE : 40206
| RMSE : 5527.6 .

104

Predicted M. (g/mol)

10%

108

r:0.9635

10‘ 108
Measured M. (g/mol)

SRS 5 deld 4% 3 &
YO 80%, oiAE AF HFOE vpro] 8% 1 7
B % 44 A4 31 W9 He

el
al
=

I

Figure 4. Prediction performance of the pendant group entangle-
ment molecular weight (a) without transfer learning; (b) with trans-
fer learning. Each color represents different folds of cross-validation.

15 A% S wd A 519

g o : g5
s WEE gL s 2 dSshES stk 2 A, A9
Al ajel B o2 A5e we BAT F AT

(Figure 3).

sty Z AR SRest sH AR, TRk 97 2
2 delele] Wel % Haprh ojg 23 o) gk v )39
of Sm FgE A Fol MR gk S % o=
Sh=s Solch, w Hol st w5le] kg Lokn) 9]
sof, Aol B2 S B A% L Ao 52 @ A
of thstel TRAY JY BAFL 53 AoE vwsi
o wA Ak Sl ElolElsh o) T BAIE Zhe AWE
ol tiet 8y A3E Figure 40l e FIFE 1
o] A% Aol 3y oo BARNC] B oAF 5SS B
FAReU, Aol se TS Wl BE ARAM B =
& AdF Aes HAFT wEtA AR Sk

&

AL o, dolsls AL olgae] B oo mgL W

A
=
9
j)z
rot
ox

(a) Without Transfer Learning

10°

r:0.2147
MAE : 1428.5
. RMSE : 19787

Predicted M. (g/mol}

104

Measured M, (g/mol)
(b) With Transfer Learning
104
. r: 06288
e MAE : 1008.7
© RMSE : 1639.3
E
(=)
S L
L)
=
=
o
e
o
=
y
o
104

Measured M, (g/mol}

Figure 5. Prediction performance of the chain group entanglement
molecular weight (a) without transfer learning; (b) with transfer
learning. Each color represents different folds of cross-validation.

Polym. Korea, Vol. 46, No. 4, 2022



520 )
S T U gl

AR 8hy dlolE 9l A BAIE ZHA] e A 2Eol
gk 85 A4S Figure 59 YA o] 358 sk &
& AL Jol& AR Al =0214724 X} 0] BA
o] B2 S A=, e o= ATS B o) #d

(a) Topological Method

lui.

r: 09608
— | MAE : 31351
O | RMSE : 5059.6 »
=
—
o
-
=
-
e
X
o
@
o
o
-lul - S '_
10° 10f 10°
Measured M. (g/mol)
(b) Without Transfer Learning
10 . 0.9420 N
—_ | MAE : 3460.7
=] RMSE : 6337.3 i
E »
—— L]
m -
. L ]
S 10% .
E -’.
5] LI
._E Iﬁ. - -
2 e . o
[+ L B
10°
107 10% 0%
Measured M. (g/mol)
(c) With Transfer Learning
0% . 09710
— | MAE: 26623
© RMSE : 42411
£
o]
&
- 10%-
=]
T
+—
M
=]
o
o
10

10°
Measured M, (g/mol)

10

Figure 6. Prediction performance of the entanglement molecular
weight (a) from topological method; (b) without transfer learning;
(c) with transfer learning.

Z2H, Al46d A4, 202213

E 359 7% Fae) TE7} nisste] sigol vy 5
0w, AR TR U B RS T 9ol Be

Hol8 St sl ofElge A7) MEow FH
T} Ho] S48 $AF A, Ho] A5 5 ke 7

ol Hlate] €53 oS Aol MU AE 259 =
# B4 dolHE AR kg Al ARSS 53 £ HlolEl%t
I BAE BHolA| FolE Holue A2o] & siFe &
=2 FA=], ole ARSE JIFAEY Rdo] 22 B4
o2 A ETh AR QIFAIE Y Bde e 4
°o1F A"l MPNN EE 2 Zahe] th3 fully-
connected layer F7FA 2 L o]Zth MPNN 2EM = ¢
2y EXl2HE B2} 125 8581, T fully-connected
layerolX= MPNN E5o4 9= @3t 5 29 & A
ole] AHYE TESitt wEkA AE E9 ulolHe] gt &
A7 BHESA 2, MPNN 2504 sk 821 12E=
s}8} F7H(chemical space) o] LRFAR] |2 02 FH 5|0
Aol g5 Al E55 = T Utk 2HAE Esha, AHE
52 735l Hlgt] HojRle 5 e AET gt
AE 7= tE] = (proxy property) 289 84S
SER=
71E o=
W dFE Hs vl
methodE’ ©]-8-31% T}
o] 7 FAFS xR

hitdl

o

o

UeReh Q1A gk daks IYE OF B AR 2
59 4345 55l a2z =A]5H T} Topological

=
SN2 ABSNE S

5% vlolel
2 B s Aol

S}, o)
T2 Faf Ak
42 FYste] o
A 25 delEle]

N
B
fr
=

o
oft

rd

ru 44 o e

v o] xio}, 4

fr

- I

A2 ARYS 24 B dolEigke 55 Fol et
BIEQl A4 Aol Bole] B Sl BE B892 F 5



IR} G BAG 22

A RIS ole 4 25 AHA 0= Shgdhe
MPNN EEof| Jgt a2 sjAect. Ho] 353 333t 4
3}, 71¥ ARE-E9E topological methoddl] HISIA = =2 of
AeS Blom, A HolE MLl ILE dF d5s
AT AoA ARES FF A HiolH = 88 AdE
2HE SAE HolHol =0} Jlo}, & He &4

s

B

off
o g o oo
= i N ojt
& X 2
k=) o:
g a e i
o = 2 .0
o8 oy
e M A
o N
r_& O -
a4 oy 0%
filo
M
B
( oTV_ur, _\‘I;
i
2t
Ay
e ‘Q
N Y gt
3%
| o 12 do o
pacy
o

A
oy 2 2oy
hu]

o
ki
v o
o

OlsH&HE: A4 & olsldFol gls g

1. Wool, R. P. Polymer Entanglements. Macromolecules 1993, 26,
1564-1569.

2. Eckstein, A., Suhm, J.; Friedrich, C.; Maier, R. D.; Sassmannshausen,
J.; Bochmann, M.; Miilhaupt, R. Determination of Plateau Moduli
and Entanglement Molecular Weights of Isotactic, Syndiotactic,
and Atactic Polypropylenes Synthesized with Metallocene
Catalysts. Macromolecules 1998, 31, 1335-1340.

3. Cho, K. S. Viscoelastic Measurement and Structure of Polymeric
Materials. Polym. Sci. Tech. 2008, 19, 170-176.

4. CROW. Polymer Database. https://polymerdatabase.com (accessed
Feb 17, 2022).

5. National Institute for Materials Science. PoLylInfo. https:/
polymer.nims.go.jp/en/ (accessed Feb 17, 2022).

6. Otsuka, S.; Kuwajima, I.; Hosoya, J.; Xu, Y.; Yamazaki, M.
PoLyInfo: Polymer Database for Polymeric Materials Design. In
2011 International Conference on Emerging Intelligent Data and
Web Technologies, 2011, 22-29.

7. Katritzky, A. R.; Lobanov, V. S.; Karelson, M. QSPR: The
Correlation and Quantitative Prediction of Chemical and Physical
Properties from Structure. Chem. Soc. Rev. 1995, 24, 279-287.

8. Van Krevelen, D. W. Proerties of Polymers, Their Estimation and
Correlation with Chemical Structure, 2nd ed; Elsevier: Amsterdam,
1976.

9. Bicerano, J. Prediction of Polymer Properties, 1st ed; Marcel
Dekker: New York, 1993.

10. LeCun, Y.; Bengio, Y.; Hinton, G. Deep Learning. Nature 2015,
521, 436-444.

11. Elton, D. C.; Boukouvalas, Z.; Fuge, M. D.; Chung, P. W. Deep
Learning for Molecular Design—A Review of the State of the Art.
Mol. Syst. Des. Eng. 2019, 4, 828-849.

12. Mater, A. C.; Coote, M. L. Deep Learning in Chemistry. J. Chem.
Inf. Model 2019, 59, 2545-2559.

13. Doan Tran, H.; Kim, C.; Chen, L.; Chandrasekaran, A.; Batra, R.;

14.

15.

16.

17.

18.

19.

20.

21.

22.

23.

24.

25.

26.

27.

4% % =l 97 521

Venkatram, S.; Kamal, D.; Lightstone, J. P.; Gurnani, R.; Shetty,
P; Ramprasad, M.; Laws, J.; Shelton, M.; Ramprasad, R.
Machine-Learning Predictions of Polymer Properties with Polymer
Genome. J. Appl. Phys. 2020, 128, 171104.

Kuenneth, C.; Rajan, A. C.; Tran, H.; Chen, L.; Kim, C,;
Ramprasad, R. Polymer Informatics with Multi-task Learning.
Patterns 2021, 2, 100238.

Sha, W.; Li, Y.; Tang, S.; Tian, J.; Zhao, Y.; Guo, Y.; Zhang, W.;
Zhang, X.; Lu, S.; Cao, Y.; Cheng, S. Machine Learning in
Polymer Informatics. InfoMat. 2021, 3, 353-361.

Kim, C.; Batra, R.; Chen, L.; Tran, H.; Ramprasad, R. Polymer
Design Using Genetic Algorithm and Machine Learning. Compu.
Mater. Sci. 2021, 186, 110067.

Mannodi-Kanakkithodi, A.; Pilania, G;; Huan, T. D.; Lookman,
T.; Ramprasad, R. Machine Learning Strategy for Accelerated
Design of Polymer Dielectrics. Sci. Rep. 2016, 6, 1-10.

Cassar, D. R.; de Carvalho, A. C.; Zanotto, E. D. Predicting Glass
Transition Temperatures Using Neural Networks. Acta Mater.
2018, 159, 249-256.

Alcobaca, E.; Mastelini, S. M.; Botari, T.; Pimentel, B. A.;
Cassar, D. R.; de Leon Ferreira, A. C. P; Zanotto, E. D.
Explainable Machine Learning Algorithms for Predicting Glass
Transition Temperatures. Acta Mater: 2020, 188, 92-100.

Chen, G; Tao, L.; Li, Y. Predicting Polymers’ Glass Transition
Temperature by a Chemical Language Processing Model.
Polymers 2021, 13, 1898.

Yamada, H.; Liu, C.; Wu, S.; Koyama, Y.; Ju, S.; Shiomi, J;
Morikawa, J.; Yoshida, R. Predicting Materials Properties with
Little Data Using Shotgun Transfer Learning. ACS Cent. Sci.
2019, 5, 1717-1730.

Wu, S.; Kondo, Y.; Kakimoto, M. A.; Yang, B.; Yamada, H.;
Kuwajima, 1.; Lambard, G; Hongo, K.; Xu, Y.; Shiomi, J;
Schick, C.; Morikawa, J.; Yoshida, R. Machine-learning-assisted
Discovery of Polymers with High Thermal Conductivity Using a
Molecular Design Algorithm. Npj Comput. Mater. 2019, 5, 1-11.
Scarselli, F.; Gori, M.; Tsoi, A. C.; Hagenbuchner, M.;
Monfardini, G. The Graph Neural Network Model. /IEEE Trans.
Neural Netw. 2008, 20, 61-80.

Duvenaud, D. K.; Maclaurin, D.; Iparraguirre, J.; Bombarell, R.;
Hirzel, T.; Aspuru-Guzik, A.; Adams, R. P. Convolutional
Networks on Graphs for Learning Molecular Fingerprints. Adv.
Neural Inf. Process. Syst. 2015, 28.

Ramsundar, B.; Eastman, P.; Walters, P.; Pande, V. Deep learning
for the life sciences: applying deep learning to genomics,
microscopy, drug discovery, and more. O'Reilly Media: Sebastopol,
2019.

Gilmer, J.; Schoenholz, S. S.; Riley, P. F.; Vinyals, O.; Dahl, G. E.
Neural Message Passing for Quantum Chemistry. In International
Conference on Machine Learning. PMLR 2017, 1263-1272.
Sun, M.; Zhao, S.; Gilvary, C.; Elemento, O.; Zhou, J.; Wang, F.
Graph Convolutional Networks for Computational Drug
Development and Discovery. Brief. Bioinform. 2020, 21, 919-
93s.

Polym. Korea, Vol. 46, No. 4, 2022



522 Hx)E -

28. Wang, X.; Li, Z.; Jiang, M.; Wang, S.; Zhang, S.; Wei, Z.
Molecule Property Prediction Based on Spatial Graph Embedding.
J. Chem. Inf. Model 2019, 59, 3817-3828.

29. Zhu, X.; Vondrick, C.; Fowlkes, C. C.; Ramanan, D. Do We Need
More Training Data? Int. J. Comput. Vis. 2016, 119, 76-92.

30. Hestness, J.; Narang, S.; Ardalani, N.; Diamos, G.; Jun, H.;
Kianinejad, H.; Patwary, M. M. A.; Yang, Y.; Zhou, Y. Deep
Learning Scaling is Predictable, Empirically. arXiv 2017,
arXiv:1712.00409.

31. Pan, S. J.; Yang, Q. A Survey on Transfer Learning. /EEE Trans.
Knowl. Data Eng. 2009, 22, 1345-1359.

32. Ruddigkeit, L.; Van Deursen, R.; Blum, L. C.; Reymond, J. L.
Enumeration of 166 Billion Organic Small Molecules in the
Chemical Universe Database GDB-17. J. Chem. Inf. Model 2012,
52, 2864-2875.

33. Ramakrishnan, R.; Dral, P. O.; Rupp, M.; Von Lilienfeld, O. A.
Quantum Chemistry Structures and Properties of 134 Kilo
Molecules. Sci. Data 2014, 1, 1-7.

34. Weininger, D. SMILES, A Chemical Language anD Information
System. 1. Introduction to Methodology and Encoding Rules. J.
Chem. Inf. Comput. Sci. 1988, 28, 31-36.

35. RDKit: Open-Source Cheminformatics Software. https://www.
rdkit.org (accessed Feb 22, 2022).

36. Li, Z.; Wellawatte, G. P.; Chakraborty, M.; Gandhi, H. A.; Xu, C.;
White, A. D. Graph Neural Network Based Coarse-grained
Mapping Prediction. Chem. Sci. 2020, 11, 9524-9531.

37. Vinyals, O.; Bengio, S.; Kudlur, M. Order Matters: Sequence to
Sequence for Sets. arXiv 2015, arXiv:1511.06391.

38. Chung, J.; Gulcehre, C.; Cho, K.; Bengio, Y. Empirical Evaluation
of Gated Recurrent Neural Networks on Sequence Modeling.
arXiv 2014, arXiv:1412.3555.

39. Paszke, A.; Gross, S.; Massa, F.; Lerer, A.; Bradbury, J.; Chanan,

Z2H, Al46d A4, 202213

40.

41.

42.

43.

44,

45.

46.

=

G; Killeen, T.; Lin, Z.; Gimelshein, N.; Antiga, L.; Desmaison,
A.; Kopf, A.; Yang, E.; DeVito, Z.; Raison, M.; Tejani, A.;
Chilamkurthy, S.; Steiner, B.; Fang, L.; Bai, J.; Chintala, S.
Pytorch: An Imperative Style, High-performance Deep Learning
Library. Adv. Neural Inf. Process. Syst. 2019, 32.

Fey, M.; Lenssen, J. E. Fast Graph Representation Learning with
PyTorch Geometric. arXiv 2019, arXiv:1903.02428.

Kingma, D. P; Ba, J. Adam: A Method for Stochastic
Optimization. arXiv 2014, arXiv:1412.6980.

Pedregosa, F.; Varoquaux, G.; Gramfort, A.; Michel, V., Thirion,
B.; Grisel, O.; Blondel, M.; Prettenhofer, P.; Weiss, R.; Dubourg,
V.; Vanderplas, J.; Passos, A.; Cournapeau, D.; Brucher, M.;
Duchesnay, E. Scikit-learn: Machine Learning in Python. J.
Mach. Learn. Res. 2011, 12, 2825-2830.

Mosteller, F.; Tukey, J. W. Data Analysis, Including Statistics.
Handbook of Social Psychology 1968, 2, 80-203.

Benesty, J.; Chen, J.; Huang, Y.; Cohen, 1. Pearson Correlation
Coefficient. In Noise Reduction in Speech Processing, Springer:
Berlin, 2009; pp 37-40.

Hait, D.; Liang, Y. H.; Head-Gordon, M. Too Big, Too Small, or
Just Right? A Benchmark Assessment of Density Functional
Theory for Predicting the Spatial Extent of the Electron Density
of Small Chemical Systems. J. Chem. Phys. 2021, 154, 074109.
Sander, T.; Freyss, J.; von Korff, M.; Rufener, C. DataWarrior: an
Open-source Program for Chemistry Aware Data Visualization
and Analysis. J. Chem. Inf. Model. 2015, 55, 460-473.

. Durant, J. L.; Leland, B. A.; Henry, D. R.; Nourse, J. G

Reoptimization of MDL Keys for Use in Drug Discovery. J.
Chem. Inf. Comput. Sci. 2002, 42, 1273-1280.

SRR AFTRASE AN = 0 )9 skl



