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precisely. In general, the ML algorithms can approximate the
material response with respect to damage behavior almost as
well as the full-field FE simulations as shown in Figures 7, 8.
The comparison of the trained ML algorithms to the analytical
damage model is given in Figure 8B for the test data points for
the uniaxial tension in x-direction. For the analytical damage
model, the two material parameters had to be adjusted: s
5.06(—) and S 0.24(MPa) (cf. Equation 25). Both, SVR
and RFR, are trained as described previously and shown in
Figure 7. The ML algorithms are able to describe the damage
evolution well as mentioned above. Nevertheless, SVR shows
a slight over-fitting problem as the damage rate marginally
decreases after the maximum of around 1.58(1/s) (cf. Figure 8B).
One can see a small roughness in the course, but no over-
fitting is visible for the RFR. Consequently, the RFR method is
more robust to describe the damage evolution for the presented
cases than the SVR method. Furthermore, the fitting of the
algorithm parameter is less demanding for RFR compared to
SVR. The analytical damage model is able to describe the general
damage evolution (see blue line in Figure 8B). Nonetheless,
some limitations for the analytical model are worth noting.
According to the analytical model, a damage evolution is

visible even before the actual damage initiation occurs (after
about 10% of total strain). The reason for this is that in the
numerical model we explicitly gave the limit of the strain
value as the initiation criteria, while the damage evolves in the
analytical model as soon as plasticity occurs; however, due to
the selection of parameters it stays small until some level of
plastic strain is reached. After the actual damage initiation, the
analytical damage model also shows a gradual increase, although,
some difference is observed between analytical model and the
numerical simulations regarding the point of sharp increase in
damage. Moreover, the analytical model is compared to only one
loading state, and its generalization to a variety of loading states
would require re-adjusting its material parameters. Furthermore,
the analytical model does not allow to take microstructural
quantities into account.

5. PROPERTY-BASED DESIGN OF
MICROSTRUCTURES

With the micromechanical modeling approach, the influence of
important microstructural features on the mechanical response

law parameters.

FIGURE 9 | Flow curves comparison between 2 RVEs with different grain size distribution parameter and corresponding flow curves plotted using fitted modified Voce
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can be investigated through numerical simulations, yielding
microstructure-property relationships. Thus, it is possible to use
synthetical microstructures in form of representative volume
elements (RVEs) together with their homogenized mechanical
response that result from micromechanical simulations
as training data for Machine Learning (ML) algorithms.
Consequently, the input parameters of ML models are the
required mechanical properties, and these trained models
shall recommend microstructures that posses such properties
accordingly, which represents one way of microstructure design.

5.1. Virtual Mechanical Testing of RVEs

In a first step, 74 RVEs consisting of 100 grains with various grain
size distribution parameters following a log-normal distribution
function were generated using the dynamic microstructure
generator (DMG) introduced in section 2.1. In this context,
the average grain size u and the standard deviation o are
varied between 6-13 and 0.1-1 pm respectively. To exclude
any influence of crystallographic orientation on the deformation
behavior of RVEs, 100 different sets of randomly chosen Euler

angles have been assigned to all RVEs. In this way, the remaining
factor influencing the strain hardening behavior must be the
grain size distribution parameters of the microstructure. In the
next step, the nonlocal crystal plasticity model described in
section 2.2 is implemented onto a user-defined material model
(UMAT) and applied in a finite element (FE) simulation with the
commercial software ABAQUS to assess the mechanical response
of RVEs. By using a nonlocal crystal plasticity model, size effects
including the influence of grain size are taken into account. For
this part of the study, a BCC crystal structure is assigned to all
grains in the RVEs; nonlocal crystal plasticity parameters are
summarized in Table 4 in the Appendix 7.1 (Vajragupta et al.,
2017).

5.2. Homogenization of Empirical

Hardening Law

In the next step, the mechanical response of RVEs is simulated
under a uniaxial tension loading condition, and macroscopic
flow curves are homogenized from reference nodes using
the method introduced in section 2.3.3. Examples of two
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FIGURE 10 | Influence of the average grain size on fitted material parameters of the modified Voce law (A) Yy, (B) R, (C) Rjn, and (D) B.
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TABLE 2 | Optimized ML parameters of SVR and RFR (scikit-learn library, cf. Pedregosa et al., 2011) for prediction of microstructural features from flow curve.

Parameter Value/Choice
Precision e 0.001
SVR Penalty parameter C 1.0
Tolerance 0.001
Number of trees 300
Maximum depth pure leaves
RER Split criterion Gini
The maximum number of features considered to make a split /number of features
The minimum number of samples required to split a node 2
The minimum number of samples required to be at a leaf node 2

RVEs with different grain size distribution parameters and the
corresponding homogenized flow curves are shown in Figure 9.
With a nonlocal crystal plasticity model, the influence of the grain
size on the strain hardening behavior can be observed. These
results prove the validity of implemented strain gradient crystal
plasticity model and demonstrate that grain size effects can be
incorporated properly in microstructure simulations. For the
sake of simplicity, these flow curves are fitted with an empirical
isotropic hardening law in order to reduce the dimensionality of
the training data. In this context, the modified Voce law (Kim
etal,, 2013) is chosen and expressed as,

os = Yo + Rop + Rinr(1 — exp(—Bp)). (26)

Yo, Ro, Ry, and B are material parameters to be determined,
and p is the equivalent plastic strain. To parameterize the
aforementioned hardening law from results of RVEs simulations,
the nonlinear least square fitting method is implemented (Bates
and Watts, 1988). As a result, two sets of calibrated modified
Voce isotropic hardening parameters from two selected RVEs
simulations are used to plot flow curves as illustrated in Figure 9.
From the comparison, both fitted flow curves are in a good
agreement with simulation results and can be used to represent
microstructure simulations. Furthermore, the evolution of these
fitted material parameters with respect to the average grain size is
plotted as shown in Figure 10.

From Figure 10, the influence of the average grain size on
fitted material parameters of the modified Voce law is observed.
According to Equation (26), Yy is directly related to the yield
stress. Fitted Yo as plotted in Figure 10A linearly decreases
with an increasing average grain size, and standard deviation
influences a scatter of Y; at the same average grain size. From
Figures 10B,C, Ry and R;;s non-linearly decrease with larger
average grain size. These two parameters behave similarly to the
Hall-Petch relation. However, the standard deviation does not
contribute to a scatter of Ry and R;,¢. B, which inversely governs
the slope of the hardening law and increases with an increasing
average grain size. With respect to the hardening law, smaller
average grain size results in a more pronounced strain hardening
behavior. In the next step, these microstructure simulation results
are fed as training data for ML models.

5.3. Training of Machine Learning Models
For this application, Support Vector regression (SVR) and
Random Forest regression (RFR) are implemented to predict the
average grain size producing a given material behavior, which is
described by the parameters of the modified Voce hardening law.
SVR and RFR are performed using Python and scikit-learn 0.19.1
(Pedregosa et al., 2011). The data are split into training (80 %)
and testing (20 %) data sets. Similar to section 4, the R? score is
used to evaluate the performance of ML models. To determine
hyperparameters of selected ML models yielding the highest
accuracy, Grid-Search with 3-fold cross validation is applied,
which manually considers all combinations of hyperparameters
in a search space.

In Table 2, the optimized parameters of both ML models are
summarized while other parameters as introduced in the scikit-
learn library (Pedregosa et al., 2011) are set to default values.

5.4. Results and Discussion

The training processes of both ML models for predicting the
grain size from the flow curve are performed by using the
defined parameters (cf. Table 2). For SVR, both, training and
testing processes, give a high accuracy of 99.39% (training) and
97.95% (testing), respectively. These results indicate no over- or
under-fitting issues. Similarly, trained RFR also results in a great
accuracy for both training (99.62%) and testing (97.86%). The
results of algorithms for the test data set (20% of all data) in the
form of predicted grain size vs. reference grain size are shown
in Figure 11. In this case, the predicted grain size data are the
output from ML models and the reference grain size data are
the grain sizes of RVEs used in microstructure simulations. From
Figure 11, most of the data points from both trained ML models
are within 5% error and there are only some data points, which
give more than 5% error. Therefore, it can be concluded that
there is no significant difference between both models in terms
of scatter from the 100% accuracy line.

Furthermore, trained ML models are tested with data that
are out of range of the training data. In this context, an
RVE consisting of 100 grains with average grain size of 15
pum and a standard deviation of 0.1 um are generated using
DMG. Plastic behavior is again described with a nonlocal
crystal plasticity model, with parameters given in Table 4
in the Appendix 7.1, and uniaxial tension loading conditions
are simulated. This microstructure simulation is homogenized
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to obtain macroscopic flow curves and modified Voce law
parameters are determined using the non-linear least square
fitting method accordingly. The fitted modified Voce law
parameters are summarized in Table 3. For the validation
process, these parameters are then used as input for both trained
ML models to determine the average grain size.

By comparing the average grain size of the RVE to produce
the flow curve with grain sizes predicted from ML models,
significant deviations are observed when out-of-range-data are
used, because predicted grain sizes are always within the range of
training data. Therefore, such results show that an application of
these trained ML models are only valid when the input data are
within a certain range. Furthermore, it must be verified that the
output data lie within the space covered by the training data. To
further improve accuracy and to extend applicability of trained
ML models, more training data covering a wider range of grain
sizes should be used. In any case, within the range of training
data, predicted grain sizes are still in a very good agreement with
the reference data.

6. CONCLUSION

In this work, two novel applications with respect to using
Machine Learning (ML) in material science were given
and discussed. Both included microstructurally informed
representative volume elements (RVEs) and crystal plasticity
material modeling and used finite element (FE) simulations to
study the mechanical response of different microstructures to
applied loads. The results of the FE simulations were used to
train and test the ML algorithms.

The first application was the approximation of damage
evolution in an RVE using Support Vector regression (SVR) and
Random Forest regression (RFR). Furthermore, their results were
compared to the analytical damage model, which was formulated
in a mathematically closed form as analytical function. The FE
simulations included several loading conditions to be generally

TABLE 3 | Summary of fitted modified Voce parameters from microstructure
model with the average grain size of u=15.0 um and o=0.1 and predicted grain
size using trained ML model.

Fitted modified Voce parameters Predicted grain size [um]

Yo [MPa]
165.66

Ro [MPa]
2339.23

Rinf MPa] B[ SVR RFR
144.58 4657  11.23 12.87

valid for monotonous load paths. The data gained from the
simulations were homogenized and pre-processed before being
used as training data for ML algorithms. Both regression schemes
succeeded to predict the damage evolution correctly, with an
accuracy (R? score) higher than 97% on the test data set.
Additionally, both algorithms were able to predict the damage
rate for different loading conditions appropriately. Comparing
the results of ML to the analytical damage model, the limitations
of such an analytical model became visible. Both ML methods,
SVR and RFR, were able to describe the damage evolution of
a microstructure with very good precision. However, for the
prediction of damage evolution, SVR showed a lower ability
to generalize to unseen data than RFR and, furthermore, RFR
shows a lower over-fitting problem, and its parameters are
easier to calibrate.

It is observed that damage homogenization with ML
algorithms exhibits several interesting features that are also
observed in real experiments and macroscopic modeling, e.g.,
the shape of the damage evolution curve over the total
equivalent strain or the fact that once damage is initiated,
the increase in plastic strain leads to a sharp increase in the
damage rate. These investigations show the capabilities of this
method to predict macroscopic damage such that in future
macroscopic applications, like deep drawing or sheet bending, it
will become possible to include microstructure information into
the constitutive relations of the materials.

The second application of ML methods aimed at predicting
the necessary grain size in microstructure models to produce
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given flow curves with a desired work hardening behavior. This
was accomplished, again, by using SVR and RFR. In this context,
74 RVEs with various grain size distribution parameters were
generated, simulated for uniaxial tension and homogenized to
obtain macroscopic flow curves. These simulated flow curves
were fitted with a modified Voce law and the obtained parameters
together with grain size distribution parameters of RVEs were
used as input for the ML algorithms. For both ML models,
the grain size prediction gave a good accuracy with R? scores
higher than 97.8% on the test data set. However, when out-
of-range data were applied to trained ML models, predicted
grain sizes strongly deviated from the reference quantities. It
is hence concluded that the trained ML models are restricted
to the space covered by training data. To further enhance
the prediction accuracy, training data should cover a wider
range of grain sizes. In any case, with a proper range of
training data, one can see the prospect of using ML models
to suggest microstructural parameters that produce desired
mechanical properties.
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Polyurethanes are a broad class of material that finds application in coatings, foams,
and solid elastomers. The urethane chemistry allows a diversity of monomers to be
used, and prediction of mechanical properties, which are determined by complex
interplay between monomer chemistry and chain architecture, is an unresolved
challenge. Urethanes are based on aromatic or cyclic isocyanates and linear or
branched polyols, and polymerization results in linear chains for bifunctional monomers
or branched chains for multifunctional monomers. Strong intermolecular interactions
between aromatic groups result in the formation of hard-segment domains that generate
physical crosslinks between disorganized rubbery domains and anchor the material
microstructure, contributing to resistance to deformation. Here, a general hierarchical
machine learning (HML) model for predicting the stress-at-break, strain-at-break, and
Tan & for thermoplastic and thermoset polyurethanes is presented. The algorithm
was trained on a library of 18 polymers with different diisocyanates, bifunctional or
trifunctional polyols, and NCO:OH index. HML reduces data requirements through robust
embedding of domain knowledge and surrogate data in a middle layer that bridges
input variables (composition) and output responses (mechanical properties). In this work,
the middle layer included information on overall polymer composition, predictions of
chain architecture derived from Monte Carlo simulations of polymerization, information on
interchain interactions from empirically derived molecular potentials and shifts in infrared
(IR) spectroscopy absorbances. The HML predictions are shown to be more accurate
than those from a random forest model directly relating composition and properties,
suggesting that embedding domain knowledge provides significant advantages in
predicting the properties of complex material systems based on small datasets.

Keywords: polyurethane, machine learning, structure-property relationship, property prediction, tunability

INTRODUCTION

Polyurethanes are ubiquitous materials found in coatings, foams, and solid elastomers
(Oertel, 1994; Engels et al., 2013). Prototypical polyurethanes are formed through step-growth
polymerization of an aromatic diisocyanate and an aliphatic diol, resulting in the formation
of a material having aggregated aromatic hard segments bridged by rubbery segments. This
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microstructure is the basis for the remarkable mechanical
properties of polyurethanes characterized by primarily elastic
behavior and large values of ultimate elongation. However,
modern polyurethanes are based on a highly diverse family of
monomers that provide control over the number of reactive
isocyanate or alcohol groups, which allow the preparation of
linear of branched materials, varying monomer chemistries,
which tune the interactions between hard segments and soft
segments, and control over the NCO:OH index, which controls
the degree of polymerization. Developing a model to predict
the mechanical properties of these materials based on all these
compositional variables is an unresolved challenge.

There are many analytical approaches to predicting properties
of polymers based on their linear or crosslinked structure.
Viscoelastic and rheological properties of linear polymers have
been predicted by tube models (Milner and McLeish, 1998;
Pattamaprom et al., 2000; van Ruymbeke et al., 2002, 2005)
where reptation theory has been extended with contour length
fluctuations and constraint release mechanisms, leading to
successful predictions especially with low molecular weight
polymers. For crosslinked polymers, mechanical properties
have been predicted using group interaction modeling (GIM)
(Foreman et al., 2008) where a mean-field potential is calculated
from cohesive energy and other molar constants derived using
a group-additivity approach based on each component in the
repeating unit. Another model for thermo-mechanical behavior
prediction uses a molecular-modeling approach (Shenogina
et al, 2012) whereas Eom et al show the effect of native
topology on mechanical strength of crosslinked polymer
chains (Eom et al., 2003).

With the advent of machine learning in many traditional
scientific disciplines and the Materials Genome Initiative,
there have also been many data-driven, ML-based approaches
for prediction of polymer properties (de Pablo et al, 2014;
Agrawal and Choudhary, 2016). Viscoelastic properties have
been modeled using a multi scale computational framework
on inverse Boltzmann method (Li et al., 2012) and specific
properties (mechanical, thermal, optical, and electrical) have
been trained on microscopic, mesoscopic, and macroscopic
structures from polymer databases available online using artificial
neural networks (Roy et al., 2006). Recently, Kim et al. (2018)
have developed a polymer informatics platform which trains
machine learning models of a dataset of high throughput DFT
calculations and experimental data from the polymer literature.

Since most of the ML based approaches rely on large
datasets, Hierarchical Machine Learning (HML) was developed
on small experimental datasets to predict properties of complex
material systems utilizing an intermediate layer between the
desired responses and system variables (Menon et al.,, 2017).
These intermediate variables are based on latent physicochemical
factors from domain knowledge pertaining to the material
system. This methodology was validated on a system of
dispersant dosed concentrated MgO suspension, which acted as
a non-setting model of cement. Building upon previous work,
HML was successfully utilized to designed a superplasticizer
tailored specifically for metakaolin-portland blend cement
blends (Menon et al., 2018).

In this work, HML was applied to a system of linear
and crosslinked polyurethanes modeling mechanical responses:
stress-at-break, strain-at-break, and Tan § with system variables
which are polymer structure, molecular weights and densities
of the reactants (diisocyanates, polyols), chain length of
polyol and isocyanate: alcohol (NCO:OH) index. Intermediate
variables utilized for predicting mechanical responses were
chosen to simplistically represent intermolecular, interchain and
crosslinking behaviors in the system. The input dataset of 18
synthesized polymers was split into a training set of 14 and test
set of 4 data points. A model was developed on the training set
and validated against the test set. Finally, a comparison of the
HML algorithm was performed with a random forest (RF) model
(Breiman, 2001; Pedregosa et al., 2011) that directly predicted
mechanical properties based on composition using the same
training set.

TRAINING DATASET

Materials

The oligomers and monomers used to build the training
set, poly(tetramethylene ether) glycolPTMEG) (M, =
1,000), polycaprolactone triol (PCL) (M, = 900), toluene-
2,4-diisocyanate (TDI), hexamethylene diisocyanate (HDI),
isophorone diisocyanate(IPDI), were purchased from Sigma-
Aldrich, as well as the catalyst used for the polymerization
reaction, dibutyltin dilaurate (DBDTL). Dichloromethane was
acquired from EMD Millipore. All of the materials were used
as received.

Polymer Synthesis

The training set consisted of 18 samples, all of which were
prepared by reacting a bifunctional diisocyanate with either a
bifunctional or trifunctional polyol at NCO:OH indices of 1.0,
1.2, or 1.5, as shown in Supplementary Table 1. The reactions
were carried out at room temperature in 8 ml of dichloromethane
as a solvent under the presence of DBTDL as a catalyst. Films
were cast from the synthesized polymers and were left to dry at

| (o)

Sol

Elastic link
~

*

FIGURE 1 | Schematic of sol, danglers, elastic links, and core gel
components modeled over 300 monomers using Monte Carlo simulations.
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FIGURE 2 | Schematic depicting the three layers in the Hierarchical Machine Learning approach.

room temperature for 24 h and then again dried in a vacuum oven
for 24 h at 60°C to remove any residual solvent.

Measurements

Stress-at-break and strain-at-break were measured for all
polymers in a universal testing machine (Instron). Gage width,
parallel section width and thickness for each sample tested were
12mm, 4mm, and 2mm, respectively. Tan § for all polymers
was measured via a frequency sweep in a Discovery HR-2
rheometer (TA instruments) and the value at 1 Hz was used as
the characteristic system response in this study. FT-IR analysis
was performed on 2mm thick film specimens in a Frontier
Spectrometer (PerkinElmer) in the standard wavenumber range
(4000-700 cm™1).

Monte Carlo Modeling

Monte Carlo simulations of step growth polymerization were
performed in R (R Core Team, 2018). We focused on parameters
which would provide insight into the crosslinking tendency
of polymer chains due to polyfunctionality in either the
polyisocyanates or the polyol reactants. These parameters were
determined through a Monte Carlo simulation of a spatially
homogeneous chemical ensemble of monomers; for these
simulations we used 200,000 monomers. The algorithm performs
an event-based stochastic process analogous to the approach
described by Mikes and Dusek (1982), then repeats the stochastic
process until all of the limiting reactive group are consumed,
which in our simulations was the OH group. For the recipes with
NCO:OH index of 1, the simulation is at this point complete.
For the recipes with index 1.2 and 1.5 we further simulate for
moisture cure. Moisture cure refers to the reaction of some of the
remaining unreacted—NCO react with ambient moisture to form
to—NH, with further reactions with—NCO to form urea bonds.
In these cases, once all the -OH is consumed, the appropriate
amount of water is added to the ensemble and the stochastic
process is continued until no more bonds can be formed. The
simulation provides parameters that describe the connectivity

for all monomers in the post-gel thermoset. For our analysis,
we identify and quantify three type of molecular configurations,
shown in Figure 1: Sol-which are the oligomers that are not part
of the infinite network formed during polymerization, Elastic
link—which are the effective links formed between the reactive
groups and form part of the crosslinked core gel component
and Dangler—which are the pendant groups that are attached to
the infinite network and are also known as tethered plasticizer
and ineffective links. The parameters which are relevant are the
effective crosslinks per kg of polymer (nEff) calculated using
Miller and Macosko’s recursive method (Miller and Macosko,
1976), the average molecular weight of the elastic links weighed as
a percent of total polymer weight (elastic_link_mtw), the average
molecular weight of the core gel component weighed as a percent
of total polymer weight (Mtw), the percentage of sol present in
the synthesized polymer (sol_pctWgt) and the percentage of core
gel component in the synthesized polymer (Core_pctWgt).

HML MODELING

HML modeling was performed in Python (Rossum, 1995)
using the Scikit learn library (Pedregosa et al, 2011) for
machine learning estimators. HML modeling has been used
with multiple systems now; in all of these systems, the top
layer will represent a complex system response that has to
be either predicted or optimized with respect to a bottom
layer which consists of simple experimentally tunable variables.
However, there is an intermediate middle layer which consists
of physical or chemical factors parameterized from the variables
in bottom layer through surrogate physical measurements and
existing physical/chemical relationships pertaining to the specific
material system. The algorithm can be better understood with the
scheme shown in Figure 2.

The bottom layer of input or experimental variables in the
model for PU consisted of the repeating unit in the synthesized
polymer split into chemical structural units per kg of polymer,
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FIGURE 3 | Chemical structures of reactants used in the training set (A) hexamethylene diisocyanate (B) isophorone diisocyanate (C) toluene diisocyanate (D)

molecular weights and densities of the diisocyanates and polyols,
the NCO:OH indices and the estimated chain length of polyols,
assuming a PDI of 1. The chemical structures of the diisocyanates
and polyols used in the training set are depicted in Figure 3.
Each of the 18 polymers synthesized from these reactants have
been categorized into a vector of structural units per kg of
polymer (c, ch, ch2, ch3, c6h6, co, nh, 0, nh2) calculated from the

groups present in the reactants—the diisocyanates and polyols,
the NCO:OH index, chain length of polyols and the total weight
of the polymer synthesized.

The middle layer or the intermediate physical/chemical
variables have been grouped into three categories: the first
will probe into the intermolecular interactions and absorption
characteristics of the synthesized polymer molecule through

Frontiers in Materials | www.frontiersin.org

204

May 2019 | Volume 6 | Article 87


https://www.frontiersin.org/journals/materials
https://www.frontiersin.org
https://www.frontiersin.org/journals/materials#articles

Menon et al. Machine Learning Model of Polyurethanes

[ ] [
1000 [ J
Strain
at [ ) pe
Break 500
per Kg ® ® ® ([ ]
¢ [ ]
0 e o © e o o ©
3K H
Stress
|
at 2K ] u |
break( [ ]
MPa) o il | |
perkg 1K [ |
g = [ ] [ ]
0K L [ |
100 +
+ +
Tan & 50 +
per Kg + 4
+ +
o & % * + + + + o+
+
0 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19
Sample #
FIGURE 4 | Mechanical responses measured for the training set of 18 polymers.
1250 - - -
[ oo
=2
< 1000 - ° y 1
[
& 750
x B - -
3 o °
@ [ o
— 500 + B -
: °«® 8.
‘T 250 - ° 4 ®
) L e p o
[ D - -
I 1 1 I 1 1 1
N
. 4000 — - -
[0}
Q.
S 3000 g .
< o
< 2000 . - ] °
3 0 8. °
5 1000 — [ - - [
2 0 o °
o \ (N J
P 0 - -
1%
o
&» -1000 - = -
I T 1 I 1 1 I
o 100 - - =
4
: | ©
o
S 50 - -
©
©
[ =4
S0 CC\)))‘ - -
T T T T T T T
0 1000 0 2000 4000 0 100
Strain at Break per Kg Stress at break(MPa) per Kg Tan delta per Kg

FIGURE 5 | Lattice plot depicting the relation between various mechanical properties.

Frontiers in Materials | www.frontiersin.org 205 May 2019 | Volume 6 | Article 87


https://www.frontiersin.org/journals/materials
https://www.frontiersin.org
https://www.frontiersin.org/journals/materials#articles

Menon et al.

Machine Learning Model of Polyurethanes

FT-IR spectroscopy (Siesler, 1980). The presence of spectral
features in specific regions of the spectrum is indicative of
certain functional groups which have vibrational modes with
large displacements and are minimally affected by the presence of
other functional groups or atoms (Griffiths and de Haseth, 2007).
For our study on polyurethanes, the wavenumbers exhibited by
CO and NH groups as well as the ratio of absorbance values of
NH to CO groups for each sample, are of particular importance
and will provide better correlation to mechanical responses. It
has been observed before that the CO stretching vibration and
NH stretching vibration show different wavenumbers depending
on the degree of H-bonding as well as crosslinking occurring
due to trifunctional hydroxyl group polyol which significantly
impact mechanical properties of such polyurethanes (Tsai et al.,
1998). It is expected that a particular amount or degree of
these factors, h-bonding and crosslinking, which results in the
optimal mechanical response suited to a particular end-user
application. The degree of H-bonding is also influenced through
the symmetry of chemical structure of the reactants and presence
of even/odd number of atoms (Caracciolo et al., 2009), making
these variables highly significant for model prediction. These
variables have been parameterized with respect to all the bottom-
layer variables using a Gaussian regression-based framework
using the scikit learn—ML library in Python (Williams and
Rasmussen, 1996; Pedregosa et al., 2011). The FT-IR variables
were then recalculated using the predict function from the
Gaussian process models to be used with the top-layer variables.

The second set of middle layer variables consists of
intermolecular chain interactions and properties pertaining to
polyurethane polymer system. Hard segment (HS%) and soft
segment (SS%) were easily calculated by mass of diisocyanate
and polyols with respect to the total mass of the polymer.
Similarly, % aromatic and % cyclic (non-aromatic) nature was
calculated based on mass of respective structural units with

The values for group contributions to the molar attraction
constant, molar volume and cohesive energy are easily available
in literature and have been extensively used before, for other
polymer systems.

The third set of middle layer variables were the predictions of
chain architecture from Monte Carlo simulations as described
in the section above. Based on existing literature, these
three categories of variables sufficiently model the main
forces and interactions that govern the mechanical behavior
of polyurethanes—the microstructure consisting of soft
and hard domains which control permanent deformation,
high modulus and tensile strength, hydrogen bonding
between neighboring polymer chains control the elasticity
as well as strain deformation behavior whereas simulation of
chemical crosslinking addresses the mechanical behavior due to
network formation.

Finally, the top layer, which consists of system responses
(stress-at-break, strain-at-break, and Tan &) have been modeled
with the middle-layer variables using a random forest regression-
based model from the scikit-ML library in Python. Random
forest regression is an ensemble learning technique based on
multiple decision trees learned from the provided variables.
One of the advantages of a random forest model is its use of
bagging or bootstrap aggregation where each decision tree is
modeled on a subset of the input set but by drawing samples
with replacement the subset has the same size as the original
input set. Then, averaging is performed on all the decision trees
to improve the prediction accuracy and to control overfitting.
The number of decision trees used in our training set is equal to
100 and the max depth of trees was unrestricted since modeling
was performed on a sparse dataset and are not concerned
about memory consumption or computational efficiency, thus
leading to better predictive power for the model. The estimator
used from scikit -ML library is a “RandomForestRegressor”

respect to total mass of polymer. The solubility parameter — with the following attributes: bootstrap = True,
and cohesive energy density (CED) was calculated using molar  criterion = “mse,” max_depth = None, max_features = “auto,”
attraction constant, molar volume and cohesive energy of max leaf nodes = None, min_impurity decrease = 0.0,
the polymer repeating unit using a group additivity-based  min_impurity_split = None, min_samples_leaf = 1,
approach on the structural units present in the bottom layer.  min_samples_split = 2, min_weight_fraction_leaf = 0.0,
TABLE 1 | Training and test scores for GP model between FTIR variables and bottom layer variables.
ML framework COo_wW NH_W NH_A per CO_A
Train score Test score Train score Test score Train score Test score
Gaussian processes regression 0.89 0.63 0.99 0.92 0.97 0.96
TABLE 2 | Training and test scores for HML and Random Forest modeling of mechanical properties as a function of composition.
Strain at break Stress at break Tan §

Train score Test score Train score Test score Train score Test score
HML 0.92 0.94 0.93 0.92 0.85 0.85
Random forest 0.87 0.50 0.85 0.58 0.80 0.24

HML provides significantly greater accuracy through embedding domain knowledge in the algorithm, allowing it to build predictive models from small datasets.
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n_estimators = 100, n_jobs = 4, oob_score =  False,
random_state = 0, verbose = 0, warm_start = False. Each
of these attributes are well described at the scikit learn website
for random forest regression:
https://scikit-learn.org/stable/modules/generated/sklearn.
ensemble.RandomForestRegressor.html
and the code is available with Supplementary Files.

RESULTS AND DISCUSSION

Figure 4 shows the mechanical responses for the training set. In
general, Tan § and strain-at-break are expected to decrease and
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FIGURE 7 | Predicted vs. actual values for all mechanical responses from the
HML model.

stress-at-break is expected to increase with increasing NCO:OH
index associated with the transition from rubbery toward a glassy
state (Petrovic et al., 2002; Levine et al., 2012) due to the presence
of increasing urea linkages in the polymer network from moisture
cure of excess NCO content. Furthermore, similar trends are
expected with a general replacement of a bifunctional polyol with
a higher functionality polyol, owing to crosslinking and network
formation (Dusek and Dugkova-Smrckova, 2000). Crosslinking
also occurs either physically through hydrogen bonding between
hard urethane segments or chemically through allophanate
linkages due to excess NCO content during the polymerization
reaction (Kontou et al., 1990). We see that even though some of
our samples show expected behavior, others behave differently in
either different response metrics or in all of them. In Figure 5, it
can be observed that there is poor correlation between the various
responses under a wide range of attained measurements. The
diagonal grid represents the one-dimensional spread of values
for single responses whereas the top right section represents the
scatter plot correlation between response pairs and the bottom
grid represents the two-dimensional spread as well as density of
values for the response pairs. This suggests that there are multiple
factors controlling these responses that may be competing.

In order to deconvolute the relationship between these
mechanical responses and the variables in the bottom layer
of the model, the middle layer variables of our algorithm
were parameterized in terms of the variables in bottom layer.
Here, CO wavenumber, NH wavenumber and the ratio of NH
absorbance per CO absorbance were modeled with a Gaussian
Process regression using a train/test split to ensure accuracy
and predictive capability. The train and test scores for the three
variables are shown in Table 1. The IR values were regenerated
from the learned GP model to be used further in the next
training step.

The solubility parameter and the cohesive energy density for
the polymers were calculated using group contribution methods
(Van Krevelen and Te Nijenhuis, 2009) using the equation (1) for
solubility parameter

8= Fi/) Vmi (1)

where F; is the molar attraction contribution and V,,; is the
molar volume contribution for the ith structural unit in the
bottom layer and the equation (2) for cohesive energy density is

€coh = ZEcoh,i/ Z Vi (2)

where E.y; is the cohesive energy contribution for the
ith structural unit in the bottom layer. HS%, SS%, nEff,
elastic_link_mtw, Mtw, sol_pctWgt, and core_pctWgt were
calculated and simulated as mentioned in the previous section.
After generating the set of middle layer variables, a random
forest regression model was fitted between the latter and
the mechanical responses (stress-at-break, strain-at-break, and
Tan §), and the train/test scores for all responses are shown in
Table 2. The feature importance values from the RF model are
shown in Figure 6, the predicted vs. test values are shown in
Figure 7 and the ensemble averaged trees are shown in Figure 8.
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FIGURE 8 | Ensemble averaged decision tree from Random Forest model trained to predict (A) strain-at-break (B) stress-at-break, and (C) Tan §.

Interestingly, the most important features for prediction of
strain-at-break from the trained model were CO wavenumber,
NH absorbance per CO absorbance, cohesive energy density,
and NH wavenumber. This could be due to the vibrational

shift in the CO and NH bands, which relate to the chemical
environment obtained with different reactant combinations
(polyols and diisocyanates) whereas the ratio of carbonyl peak
absorbance to amide peak absorbance may indicate the effect
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