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Abstract

The conventional way of developing epoxy polymers may not be fully efficient
as it is constrained by fixed compositions that limit performance. To overcome
this, we introduce a machine learning (ML)-based approach that accurately pre-
dicts mechanical properties from its basic structural features, enabling broader
design exploration. The results from molecular dynamics simulations have
been used to derive the ML model. The salient feature of our work is that for
the development of epoxy polymers based on EPON-862, several new harden-
ers were explored in addition to the conventionally used ones. The influence of
additional parameters like the proportion of curing agent used and the extent of
curing on the mechanical properties of epoxy polymers were also investigated.
This method can be further extended by providing the epoxy polymer with
the desired properties through knowledge of the structural characteristics of its
constituents. The findings of our study can thus lead toward development of
efficient design methodologies for epoxy polymeric systems.
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1. Introduction

Thermoset epoxy polymers are widely used as matrix/adhesive material in structural, aeronaut-
ical and marine applications. They are formed due to reaction between two base monomers
(resin and hardener) and the reaction leads to formation of a complex three-dimensional
network. Thus, the three-dimensional network and the properties of the resulting polymer
depend upon several factors like the type of base monomers used, their composition, para-
meters under which curing is carried out, extent of curing and the like. Over several decades,
the design of epoxy polymers has been carried out using conventional experiments with pre-
set resin/hardener combination and curing process which has resulted in the epoxy polymer
space with limited performance characteristics. Hence, in order to expand the epoxy polymer
space with high and multi-functional performance characteristics for futuristic applications,
advanced techniques should be used to understand the nature/interactions of epoxy polymers
at fundamental length scale and identify their correlation with properties/performance at the
application length scale.

For this purpose, molecular dynamics (MDs) approaches were used, in which the reactions
(cross-linking processes) were virtually simulated with different resin/hardener combinations
at different curing levels, and their thermo-mechanical properties such as elastic modulus,
density, and glass transition temperature (7) were determined [1-3]. MD simulations with
the ReaxFF potential [4] were used to simulate the bond dissociation and reorganization phe-
nomena, thus enabling understanding of plastic deformation and fracture process as well as
predicting the gel-point, volumetric shrinkage and yield strength [5, 6]. MD simulations were
also used to determine the mechanisms of moisture diffusion, thermal conductivity and hygro-
thermal degradation in cross-linked epoxy polymers by investigating the inter/intra-molecular
interactions (radial distribution function, polar interactions, hydrogen bonding activity, dipole
moment fluctuations) [7-9]. Moreover, MD simulations were carried out to gain insights on
mechanisms of water/ion migration at the composite interfaces (epoxy-cement, epoxy-fiber)
as in the case of chemical attack and to evaluate their influence on the inter-facial integrity [10,
11]. Furthermore, it was demonstrated that MD can also be used for design, property prediction
and understanding interactions between various constituents in nano-engineered/smart/multi-
functional epoxy polymer systems [12—15]. While MD helps in simulating polymer systems
with new combinations and new process parameters, and also contributes to the understand-
ing of the fundamental phenomena that occur in various macroscopic processes, the method
is limited because it is time consuming and computationally intensive.

In recent times, machine learning (ML) techniques were also applied for design, optimiz-
ation and property prediction of epoxy polymers. For example, ML based active learning and
Bayesian optimization were used to predict and optimize the process parameters for develop-
ment of epoxy polymers with high adhesive strength. In particular, this approach lead towards
significantly less experimental trials (32 as against 256 possible combinations) to design epoxy
polymer with very high adhesive strength [16]. A similar approach was also used for the
design of multi-component, bio-based epoxy polymers with high and low T, [17]. In addition,
artificial neural networks were used to develop shape memory epoxy polymers (SMPs) with
optimized performance characteristics (7, flexural strength, strain fixation rate, and strain
recovery rate), where the input of the ML model are the constituents of the epoxy polymer
and the output is the polymer property [18]. A method involving Raman spectroscopy in con-
junction with ML techniques (random forest and partial least square regression) was used
to determine the optimum molar composition of epoxy polymers which is one of the most
determining factor that dictates the performance and properties of epoxy polymers [19]. ML
based technique was also applied to predict and quantify the effects of environmental factors
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(thermal exposure—different temperatures and time periods) on the degradation in proper-
ties of epoxy polymers [20]. Recently, BigSMILES notation (string based representation of
molecules which can also support stochastic molecular structures) was employed as an input
for convolutional neural network (CNN) models for polymer property prediction. A CNN
model was developed which can predict both the T, and recovery stress of SMP. The model
was further used to design new SMPs which had higher recovery stress than the known ones
[21]. ML also proved to be a powerful tool in understanding correlations between fundamental
structural features/genes and properties of epoxy polymers. ML ensemble model was used to
predict the T, of epoxy polymers with different resin/hardener combinations (16 resins and
19 hardeners) using the molecular descriptors determined from Mordred [22] and RDKit [23]
in combination with principal component analysis. Using this approach, it has been identified
that T is expected to increase for smaller, less polarizable and more hydrophobic resins [24].
A ML assisted materials genome approach combining concepts of graph convolutional net-
works (attention- and gate-augmented), classical gel theory and transfer learning was used for
design of epoxy polymers with high mechanical properties (elastic modulus, tensile strength
and toughness) based on experimental results collected for epoxy polymers and polyamides
from which the gene structures affecting these properties were also identified [25]. While ML
is promising for designing new polymers with unusual properties and understanding relation-
ships that are not possible with conventional techniques, to create an accurate model, it needs
to be trained with more data, which in the case of epoxy polymers is limited.

In order to overcome the limitations of individual techniques and to utilize their benefits,
in recent times, appropriate combinations of these two methods are being used, wherein, MD
is used to simulate new polymeric systems with different blends and process parameters, the
results from MD is used for developing ML models to get deeper insights. For example, MD
was used to simulate epoxy polymers (30 different types) with different resin/hardener/tough-
ening agent combinations including different proportions and their results were further used to
develop ML model for optimizing the constituents to design high performance epoxy polymer
with high elastic modulus, ultimate tensile strength, density and T, [26]. Similarly, MD was
used in conjunction with ML for predicting the properties of self-healing epoxy polymers and
for optimizing their constituents [27]. These methods were further extended to determine the
correlation between constituent and polymer property using Pearson coefficient to identify the
constituent responsible for each of the property (cohesive energy density, elastic modulus and
T,) [28]. Coarse grained simulations and ML based methods were used to predict the viscos-
ity of different epoxy polymer clusters (categorized using K-means clustering) with different
diluent proportions and at various temperatures [29]. While the combination of both meth-
ods seem more promising, very limited studies are carried out using these techniques together
and are mostly limited to composition optimization with a preset resin/hardener combina-
tion or identifying the constituent-property relationship within the limited blend combinations
inspite of wide range of possibilities. It was demonstrated that, shape memory polymers with
improved performance can be developed from manually designed monomers by extending
these techniques together with feature engineering [30].

With this in mind, this study will use MD simulations to simulate a wide range of polymers
by extending the conventional blend combinations and employ ML techniques to gain deeper
insights into the parameters affecting the mechanical properties of these epoxy polymers. We
generate several epoxy polymer systems with different types of hardeners (aromatic rings/a-
liphatic rings/aliphatic chains), varying proportions of hardeners and also from partially cured
to maximum cured systems, see sections 2.1 and 2.2. Then, subject these generated systems
to strain simulations, see section 2.3 and from their stress—strain response, key mechanical
properties like yield strength and elastic modulus are determined, see section 3. Further, ML
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based techniques are employed to predict the properties of different epoxy polymer systems
wherein the structural features of the hardeners (since same resin is used for all cases, the
features of resin was not considered) are used as input, see section 4. Finally, the structural
feature-property correlation is established for thermoset epoxy polymers. The findings of this
study would enable efficient design of epoxy polymers with desired mechanical properties by
merely selecting constituents with relevant structural features. This study has also paved the
way for expanding the epoxy polymer space with more types of combinations in addition to
the conventional ones.

2. MDs simulations

In this study, MD simulations are carried out on different epoxy systems formed by atom-
istic cross-linking procedure. All the epoxy systems have same resin, Diglycidyl Ether of
Bisphenol-F (EPON 862) (as shown in figure 1) but different hardeners. A total of 11 amine-
based hardeners (as shown in table 1) is considered with different structural configurations
(aromatic amines/aliphatic amines, primary/secondary amines). All simulations are carried
out using a commercial software (QuantumATK) [31] with OPLS-AA (optimized potentials
for liquid simulations) potential [32] built in Tremolo-X Calculator [31]. The functional form
of OPLS-AA potential is presented in equation (1), in which the total potential energy of the
system is the summation of contributions due to bonded (bond stretching, angle bending, tor-
sional and inversion terms) and non-bonded (Lennard-Jones and electrostatic) interactions,

bonds angles
E(x)=Y ki(ri—ro)’+ > ki(6i— )
i i
torsions 3 inversion

+ Z Zki,n(l—cos(”¢i—5i,n))+ Z ki (1 —cos (nyx;))

i n=l

atoms o 12 o 6
S () (2)
z,j: l"[(h‘j rij

atoms

qid;
—_— 1
+ ZU: dregry;’ M

where r, 8, ¢ and x denote bond distances, angles, torsions and inversions respectively.

2.1. Construction of simulation box

Firstly, the molecular configuration of monomers (resin/hardener) is generated using SMILES
(simplified molecular-input line-entry system) [33]. The monomers of resin and hardener are
then randomly inserted into the simulation box of size 65 x 65 x 65 A3 (number of atoms ~
15000 atoms) with a packing density of 0.6 g cc~! using Packmol tool [34]. The number of
resin and hardener molecules to be inserted into the simulation box is calculated using the
stoichiometric ratio, molecular mass of the monomers and the packing density. The tolerance
(intermolecular distance) and buffer (to the cell vectors) during packing is considered as 2A
[34]. The packed simulation box is then subjected to geometry optimization using LBFGS
algorithm with a force tolerance of 0.05eV A~!. The optimization is carried out in 500 steps
with a step size of 0.2 A. The optimized simulation box is further equilibrated in three stages

4
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0
A _a b
Figure 1. Epoxy resin considered in this study (Diglycidyl Ether of Bisphenol-F

(EPON 862)).

Table 1. Hardeners considered in this study.

Hardener Molecular conf. Type
Diethyl toluene diamine (DETDA) e,
Phenylene diamine (PPD) N/L’j/w-‘ Aromatic ring
Diamino diphenyl methane (DDM) BN
I

PORY
Diamino cyclohexane (DACH) H{\(NQ/‘
Aminoethyl piperazine (PIPER) [ Aliphatic rin
Isophorone diamine (IPDA) b//w

e
Triethylene tetramine (TETA)
Diethylene triamine (DETA)

AN n'\/\NP

Trimethyl hexamethylene diamine (TMD) N/\></L/ Aliphatic chain

Trioxa tridecane diamine(TTD)

N

R

Polyoxypropylene diamine (Jeffamine)

(NVT @300K, NPT @1 bar, 300K and NPT @1 bar, 480 K),during which the temperature
and pressure parameters are varied gradually to ensure smooth equilibration. All simulations
are carried out with a timestep of 1 fs. Berendsen thermostat and barostat are used in the first
two stages of equilibration with 50 000 steps while Martyna—Tobias—Klein barostat is used in
the last stage with 100 000 steps where high temperature NPT simulations are taking place.

2.2. Cross-linking procedure

The equilibrated structure is then subjected to a cross-linking process. During this process,
reactions are simulated between the epoxide and amine (aromatic/aliphatic) groups in the
resin and hardener respectively. More details about the cross-linking process can be found
elsewhere [8, 35-37]. Bonds are formed between these reaction groups when they are at a
certain distance. The bond search radius is gradually increased from 5 A to 10 A with a step

5
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Figure 2. (a) Evolution of the cross-linking process (inscribed figures shows the simu-
lation box at different degrees of curing). (b) Fully cross-linked structure.

size of 0.25 A. During each cycle, the system is equilibrated using NVT (10000 steps) fol-
lowed by NPT simulations (10 000 steps). The evolution of the curing process along with the
cross-linked simulation systems is presented in figure 2. Since high temperature leads to bet-
ter cross-linking degree, the whole process is simulated at 480 K. The simulation box with
the cross-linked structure is further equilibrated to bring the polymeric system to the correct
density (1.13 gcc™!). As the relaxation of polymeric system usually takes place at a longer
timescales, the process is accelerated using 21-step equilibration process (as suggested by
[38]) using cycles of high temperature and high pressure simulations and annealing until the
desired temperature (300 K) and pressure (1 bar) is reached.

2.3. Stress—strain simulations

The final equilibrated structure is then used for the production stage where the actual simula-
tions are performed to obtain the material properties. Strain is applied to the simulation box
at a constant rate and the corresponding stress is measured and from the stress—strain relation-
ship, properties like elastic modulus and yield strength are determined. Since epoxy polymers
are isotropic materials, the strain simulation is carried out in all three directions (as shown in
figure 3 and the average value is taken as the computed material property. The elastic modulus
is calculated from the slope of the stress—strain curve when the material is still in elastic stage
[39, 40] (a strain level of 0.025). The yield strength is taken as the stress at which the slope of
the stress—strain curve changes to negative. In order to get the properties, five different samples
(structures) are generated for each case and the results are averaged (from all fives cases and
in each case three different directions).

3. Mechanical properties of epoxy polymers from MD simulations

The mechanical properties of epoxy polymers determined from MD simulations are compared
with those of the experimental results reported in the literature [6, 37, 41-52]. Since strain rate
plays a crucial role on the obtained results, simulations (of a particular combination, DGEBF-
DETDA) are carried out with five different strain rates (0.005 ps~!, 0.0015ps~!, 0.0005 ps~!,

6
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Figure 3. Stress—strain response of DGEBF-DETDA obtained from strain simulations
in three orthogonal directions (X), (Y), (2).

0.000 15 ps—!,0.000 05 ps—'). The elastic modulus of DGEBF-DETDA system from different
strain rate simulations is presented in figure 4(a) where it can be found that a linear relation-
ship exists between the elastic modulus and strain rate. In general, the strain rates used in
MD simulations are very high in comparison to that used in actual experiments (0.001s~").
The comparisons of elastic modulus and yield strength obtained from MD simulations and
those reported in experiments are presented in figures 4(b) and (c) respectively and in table 2.
It can be observed that in case of elastic modulus, except for the case with the strain rate of
0.005 ps~!, all values from simulation fall within the values (experimental and computational)
reported in literature. Simulations with lower strain rates (0.000 15ps~!, 0.00005 ps~!) typ-
ically require longer simulation time until yielding takes place (to determine yield strength).
Hence, in order to strike a balance between accuracy and computational demand, a strain rate
of 0.0005 ps~! is used for further simulations. The yield strength obtained from the present
study also falls well within the range of values reported (from MD simulations) in literature.
However, the yield strength obtained from MD simulations is found to be higher (3 times)
than the values reported in literature from experimental investigations. This phenomenon is
also found to be logical in the sense that, in usual, the strength is strongly dependent on strain
rate, and higher the strain rate, the strength is over-predicted. Further, the influence of addi-
tional parameters like the degree of curing and the type of hardener used on the mechanical
properties like elastic modulus and yield strength is determined.

3.1 Influence of stoichiometric ratio and curing percentage

Since epoxy polymers are formed by reaction between resin and hardener, inclusion of the
right quantity of resin and hardener is very important for proper reaction to take place. Each
primary amine (—NH;) of the hardener can react with two epoxide groups and each secondary
amine (-NH) can react with one epoxide group of the resin. So the ratio of resin and hardener
used for preparation of epoxy polymers should be such that the mix contains right proportion
of amine/epoxide groups (stoichiometric ratio = 1). If less quantity of resin is present in the
mix, the stoichiometric ratio is less than one and if more quantity of resin is present, the stoi-
chiometric ratio is greater than one. The stoichiometric ratio greatly affects the curing percent-
age (reaction percentage) of the final product, epoxy system. The maximum curing percentage
achieved in different epoxy polymer systems with stoichiometric ratio ranging from 0.4 to 1.7
is presented in figure 5(a). The curing percentage, in turn, affects the mechanical properties of

7
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Figure 4. (a) Influence of strain rate on MD results. MD results compared with experi-
mental results from literature [6, 37, 41-50]: (b) elastic modulus. (c) Yield strength.

epoxy polymers. The stress—strain response of DGEBF-DETDA at different levels of curing
is presented in figure 5(b). It can be observed that both the elastic modulus and yield strength
are affected by the level of curing. The results of all epoxy combinations considered in this
study at different levels of curing are presented in figures 6(a) and (b), respectively. It can
be observed that the elastic modulus of the considered epoxy polymer systems is found to
decrease by 15%—31% when the curing percentage is only 50% as against the fully cured
system; however, the yield strength is found to decrease by 26%—-36%.

3.2. Influence of the type of hardener

The stress—strain response of fully cured (95%) epoxy polymers pertaining to different
hardener classes, i.e. hardeners with aromatic rings, aliphatic rings, and aliphatic chains
are presented in figures 7(a)—(c) respectively. In the case of hardeners with aromatic rings
(figure 7(a)), DDM is found to possess lower mechanical properties compared to DETDA
and PPD. A simple visual correlation of the atomic structure (presented in table 1) reveals
that DDM possesses two aromatic rings, while DETDA and PPD possess only one aromatic
ring. In the case of hardeners with aliphatic rings (figure 7(b)), DACH and IPDA are found
to perform better than PIPER. The visual interpretation of their atomic structures reveals that,

8
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Table 2. Validation of mechanical properties, i.e. elastic modulus (EM) and tensile yield
strength (TS), with experimental results, where PW stands for our present work.

Epoxy polymer  Strain rate EM (GPa) TS (MPa) Method References
DGEBF-DETDA 5.08 mmmin~' 2.76+0.01 64.1+5.6 Expt.  [41]
DGEBF-DETDA 2 mm min~" 2.95+0.02 80.6+3.1 Expt.  [42]
DGEBF-DETDA 1.27mmmin~! 3.18+0.12 65.63+£7.37 Expt. [43]
DGEBF-DETDA 1x 107°s™! 252 70 Expt.  [44]
DGEBF-DETDA 1x1073s™! 277 80 Expt.  [44]
DGEBF-DETDA 1x107's™!  2.89 94 Expt.  [44]
DGEBF-DETDA 1 mmmin~" 2.72+£0.04 77.6+0.9 Expt.  [45]
DGEBF-DETDA 2mmmin ™! 2.3 59.7 Expt.  [46]
DGEBF-DETDA 5 x 108s™! 2.86 206.16 MD [47]
DGEBF-DETDA 5 x 10°s~! 4.60 — MD [48]
DGEBF-DETDA 5 x 107 s™! 3.01 — MD [49]
DGEBF-DETDA 2 x 10°s™! 2.75 171.72 MD  [50]
DGEBF-DETDA 1 x 10°s™! 2.60 — MD [37]
DGEBF-DETDA 2 x 10%s™! 3.41 — MD  [6]
DGEBF-DETDA 5 x 108s7! 2.83+0.14 604.54+1224 MD  PW
DGEBE-DETA 59x 1073571 297 72 Expt.  [51]
DGEBF-DETA  4.93 x 10~*s™! 3.08 81 Expt. [51]
DGEBF-DETA 0.5mmmin~" 2.294+0.07 62+6 Expt.  [52]
DGEBF-DETA 5 x 10%s™! 2.69+0.18 621.26+1245 MD  PW
100 0.20
%0 2 N ; 0.18
2 . By T 0.15
& a0 #
= x L T 0.1
5 . S
£ 70 - )
[ N by
E 60 ® DETDA 4 Jeffamine a 0.0
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v 50 & TID + PIPER
s [IPDA e PPD 0.03 4
+ TMD
40
D.‘S

0.8 1.0 12
Stoichiometric Ratio

(a)

T T
14 16

0.00 T T T T T T
0.00 0.03 0.05 0.08 0.10 0.12 0.15 0.18 0.20

Strain

(b)

Figure 5. (a) Influence of stoichiometric ratio on the final cross-linked percentage of
different epoxy polymer systems. (b) Influence of curing percentage on the stress—strain
response of epoxy polymers (a typical case of DGEBF-DETDA presented).

while DACH and IPDA possess two primary amines, PIPER possess only one primary and
one secondary amine that are accessible for reaction. Similarly, in the case of hardeners with
aliphatic chains (figure 7(c)), TETA and DETA perform better than the other three hardeners,
which can also be attributed to the presence of additional secondary amines in these two cases.
From the above findings, it can be concluded that there exists a correlation between the atomic
structure/feature with its mechanical properties. Hence, we further use ML based techniques
to predict the properties of epoxy polymers from its constituent atomistic features.
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Figure 6. Influence of curing percentage on the mechanical properties of epoxy poly-
mers: (a) elastic modulus. (b) Yield strength.

4. ML to predict mechanical properties from atomistic features

In order to predict the mechanical properties of epoxy polymers from the atomistic structural
features, we employ ML techniques. For each of the epoxy combinations, the following fea-
tures of the hardener are extracted from cheminformatics tool, RDKit (the features of resin are
not considered since same resin is used in all cases):

molecular weight,

number of carbon atoms/oxygen atoms/SP? hybridized carbon atoms,
number of rotatable bonds,

number of aromatic rings/aliphatic rings,

number of secondary amines/primary amines,

number of radical electrons/valence electrons.
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Figure 7. Influence of the type of hardener: (a) hardener with aromatic rings. (b)
Hardener with aliphatic rings. (c) Hardener with aliphatic chains.

We apply a Gaussian process regression (GPR) approach to develop a predictive model for the
mechanical properties (elastic modulus and yield strength) based on these features, where we
label the data using the results of appropriate MD simulations. Note here that GPR is a non-
parametric, kernel-based, and probabilistic method that is effective for small datasets with a
limited number of features [53]. In total we use 55 cases, which consist of epoxy polymers with
different hardeners and curing degrees. A total of 12 structural features, as detailed in figure 8,
were initially selected for the feature selection process. To ensure compatibility between the
different feature ranges, we normalize the features to have zero mean and unit variance.

Initially, we use a feature selection technique called sequential backward selection (SBS) to
identify the important structural features for predicting the elastic modulus and yield strength.
SBS works by starting with the full set of features and iteratively removing one feature at a
time, the one contributing the least to model performance in each iteration until the specified
minimum number of features. The performance of each feature subset is evaluated using the
coefficient of determination (R score) which has been provided as the scoring metric during
the SBS process.

The variation in prediction accuracy (R? score) with feature removal, along with the spe-
cific features eliminated at each step, are presented in figure 9 and table 3. We find that the
optimum number of features for predicting the elastic modulus is 6 and yield strength is 5 (with
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Figure 8. Schematic representation of ML model used in this study.
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Figure 9. R’ score during sequential feature selection during prediction of: (a) elastic
modulus. (b) Yield strength.

Table 3. Prediction accuracy of GPR model during backward sequential feature

selection.
Elastic modulus Yield strength

Feature removed R? score Feature removed R? Score
— 0.48 — 0.67
Oxygen atoms 0.53 Rotatable bonds 0.72
Valence electrons 0.56 Secondary amines 0.73
Radical electrons 0.54 Aromatic rings 0.76
Rotatable bonds 0.56 Radical electrons 0.76
Aromatic rings 0.59 Carbon atoms 0.74
Aliphatic rings 0.58 Aliphatic rings 0.83
Secondary amines 0.56 Valence electrons 0.86
Primary amines 0.52 Oxygen atoms 0.81
Molecular weight 0.52 SP? carbon atoms 0.76

maximum R? score). The important features for predicting the elastic modulus are molecu-
lar weight, fraction of carbon atoms that are Sp3 hybridized, total number of carbon atoms,
primary amines, secondary amines and curing percentage. Similarly, the important features for
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Table 4. Prediction accuracy of GPR model.

Property MAPE MAE RMSE R
Elastic modulus (GPa) 0.0592 0.1428 0.1607 0.79
Yield strength (GPa) 0.0250 0.0036 0.0045 0.95

predicting yield strength are molecular weight, fraction of carbon atoms that are SP* hybrid-
ized, total number of carbon atoms, primary amines and curing percentage. We can also find
a chemical rationale linking these molecular features to the mechanical properties, providing
insights into how they influence both elastic modulus and yield strength. For example, a greater
number of primary and secondary amines in the system increases the availability of reactive
sites for cross-linking reactions during curing. This results in a denser and more tightly connec-
ted polymer network, which typically enhances both stiffness and strength. Additionally, SP>-
hybridized carbon atoms are often formed at these cross-linked junctions, introducing three-
dimensional connectivity that further contributes to the mechanical integrity of the material.

With the selected features, we use a nested k-fold cross-validation in order to optimize the
kernel function and « (a parameter through which the noise level of the target can be specified,
the parameter also helps in dealing with numerical instabilities during fitting). In this process,
we split the whole dataset into five folds, with one fold kept aside as test set and the remaining
four folds taken as validation/training sets and repeat the whole process five times. We provide
the following kernel functions along-with their their summations for hyperparametric tuning
using grid search method: dot-product kernel [kp] with initial 0o = 1, Matérn kernel [ky (v =
1.5)] with initial length scale, [ = 1, Gaussian kernel [kg] with initial / = 1 and constant kernel
[kc] with initial C =1 (as shown in equations (2)—(5)) and « in the range 10~'2 to 10. The
terms used in Matérn kernel like d(.,.), K,(.) and I'(.) denote the euclidean distance, modified
Bessel function and the gamma function. The parameters of kernel functions like o, / and C
are further optimized during the GPR training process.

kp (x,y;00) = 05 +x-y )
| 2 Y 2

kv (x,y;0,1) = T2 (?ﬂm)) K, <\?d(x,y)> (3)
d(x,y)’

kg (x,y;1) = exp (— 2}2 ) )

ke (x,y;C) = CV x,y. o)

We evaluate the performance of the model with different hyperparameters by measuring
the R? score between true value and predicted value on the validation set. In the case of elastic
modulus, the model with summation of a constant, dot-product and Matérn kernel, o with
0.359 38 is found to perform best. In the case of yield strength, the model with summation
of constant and dot-product, o with 0.01292 is found to perform best. The accuracy of the
trained GPR model with tuned kernel function and « for predicting elastic modulus and yield
strength is presented in table 4. It can be observed that the R? score improved from 0.48 to
0.79 in case of elastic modulus and from 0.67 to 0.95 in case of yield strength. The comparison
of predicted values with the actual values both in the test set and training set is presented in
figure 10. We also compare the performance of the current model with other regression models
where also feature selection using SBS and hyperparametric tuning is carried out. The MAPE
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Figure 10. Comparison of values predicted from GPR with the reference values: (a)
elastic modulus (GPa). (b) Yield strength (GPa).

Table 5. Comparison of prediction accuracy (MAPE) of GPR model with other regres-

sion models.

Model Elastic modulus (GPa) Yield strength (GPa)
GPR 0.0592 0.0250
Random forest (RF) 0.0708 0.0281
Gradient boosting (GB) 0.0563 0.0274
Support vector machine (SVM) 0.0940 0.0249
Ridge regression (Ridge) 0.0640 0.0251
0.035
Modulus (GPa) Yield Strength (GPa)
0.030
0.025
W o 0.020
S g
= = 0.015
0.010
0.005
0.000

GPR RF GB

Ridge SVM

GFR RF GB

Ridge SVM

Figure 11. Prediction accuracy of GPR with other conventional regression models: (a)
elastic modulus (GPa). (b) Yield strength (GPa).

of the considered models is presented in table 5 and figure 11. It can be observed that the
elastic modulus is predicted better than GPR using gradient boosting and the yield strength is
predicted at par with ridge regression and SVM.
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5. Conclusions

In this study, we used MDs simulations and ML techniques to get in-depth understanding on
the structural features and process parameters affecting the mechanical properties of epoxy
polymers. We employed MD cross-linking simulations to design EPON-862-based epoxy
polymers with 11 different curing agents and systematically investigated the effects of hardener
type, stoichiometric ratio, and curing percentage on their mechanical properties, specifically
elastic modulus and yield strength. Using SBS, we identified key structural features such
as molecular weight, fraction of SP3-hybridized carbon atoms, total carbon count, primary
amines, and curing percentage as the most important for accurately predicting the elastic mod-
ulus and yield strength of epoxy polymers. The developed model predicts elastic modulus and
yield strength with good accuracy (MAPE of 0.0592 and 0.025, and R? scores of 0.79 and 0.95,
respectively), performing comparably to conventional regression models for both properties.
The proposed method can thus be extended to simulate a larger number of epoxy polymeric
systems virtually and determine their properties in an efficient way. This will further lead
towards increased performance space of the epoxy polymers and also aid in designing the
polymers by merely selecting the constituents with appropriate structural features. The main
limitation of this study is the limited number of data points, though the developed methodo-
logy remains broadly applicable to various design problems provided sufficient features are
available.
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