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ABSTRACT: The glass transition temperature (Tg) is a fundamental property of
polymers that strongly inﬂuences both mechanical and ﬂow characteristics of the
material. In many important polymers, conﬁgurational entropy of side chains is a
dominant factor determining it. In contrast, the thermal transition in polyurethanes
is thought to be determined by a combination of steric and electronic factors from
the dispersed hard segments within the soft segment medium. Here, we present a
machine learning model for the Tg in linear polyurethanes and aim to uncover the
underlying physicochemical parameters that determine this. The model was trained
on literature data from 43 industrially relevant combinations of polyols and
isocyanates using descriptors derived from quantum chemistry, cheminformatics,
and solution thermodynamics forming the feature space. Random forest and regularized regression were then compared to build a
sparse linear model from six descriptors. Consistent with empirical understanding of polyurethane chemistry, this study indicates the
characteristics of isocyanate monomers strongly determine the increase in Tg. Accurate predictions of Tg from the model are
demonstrated, and the signiﬁcance of the features is discussed. The results suggest that the tools of machine learning can provide
both physical insights as well as accurate predictions of complex material properties.

1. INTRODUCTION
By the 1950s, the wide ranging properties of thermoplastic
polyurethanes (TPUs) were being explored on the basis of their
considerable chemical diversity.1,2 Such diversity led to their
uses in applications such as adhesives, elastomers, ﬁlms, and
foams, all based on the same fundamental urethane linkage. As
the understanding and use of TPUs broadened, tailoring
individual material properties to serve speciﬁc applications
became increasingly important.
TPUs are typically prepared from three components: a macrodiol (polyol), a diisocyanate, and a low molecular weight diol
(chain extender). The relative amount and nature of these three
major components dramatically inﬂuence the thermal and
mechanical properties of the resulting polymers. TPUs are
known to segregate into soft and hard segments, where the
macro-diols (soft segments) and the reaction product of the
chain extender and diisocyanate (hard segments) are in separate
domains. The chemical interactions and morphology of these
domains lead to diﬀerent thermal and mechanical properties in
the TPU. The diﬀerences give rise to the tunability of the
chemical, mechanical, thermal, and morphological properties
and, therefore, the bulk polyurethane material properties. The
hard segments have high degrees of hydrogen bonding and
polarity and form ordered structures within the soft segments,
© XXXX American Chemical Society

which have low polarity and contribute elastically to the bulk
material. Material design is then approached by controlling
chemical structure and molecular weight aﬀecting chain−chain
interactions, the degree of polymerization, and hard segment
content, primarily dictated by the functional NCO/OH index.
However, due to the diverse chemical structures of the
constituents accessible to polyurethanes, the challenges to
accurately predict and therefore tune the material property
outcomes are complex.
One of the most fundamental of these properties is the glass
transition temperature (Tg). The importance of this property is
due to the dramatic change in almost all other properties as the
thermal threshold is reached. Its control is necessary for
processing the material in both the solid and liquid phases, and it
is a critical factor in determining the mechanical properties,
making it important to understand what drives it and build
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Figure 1. Two-dimensional chemical structures of 4 unique soft segments and 6 unique diisocyanates. Each “*” termination identiﬁes the end of the
block or repeat unit and is modeled assuming a hydrogen atom.

predictive models based on this. While Tg for polymeric
materials is broadly understood to be a function of molecular
weight and steric and electronic factors3−6 for TPUs, these
models have limitations. Many of these models have been built
and tested on polyoleﬁn, polyacrylate, and polyester-based
systems using free volume parameters but have diﬀerent
fundamental chain network architectures than TPUs.7−9 The
pendant functional groups that tune the free volume and
conﬁgurational entropy, which increase the Tg with increasing
size, are absent in the most common TPU materials. Instead, the
network structure based on hard segment chemical structure
and weight fraction strongly inﬂuence Tg of the soft segment in
phase segregated TPUs.10 The elucidation of these competing
forces remains a signiﬁcant challenge.
Early computational work developing structure−property
relations was based on group contribution methods (GCM).3,11
When one sums individual terms representing the physicochemical contributions of chemical components to the material
property, an estimation of the property for the bulk material can
be made. However, major limitations exist due to the neglect of
intermolecular interactions, which may have a signiﬁcant impact
on Tg. Intermolecular interactions are explicitly included in
molecular dynamics simulations, but these are computationally
expensive and oﬀer less insight into the eﬀects of the electronic
structure of the monomers.12 A more recent approach leverages
computational and informatics techniques employing datadriven models.13−15 For example, Pilania et al.16 have combined
cheminformatics data and feature engineering techniques to
build machine learning algorithms for polyhydroxyalkanoatebased polymers. The approach resulted in the predicted root
mean squared error (RMSE) of less than 5 K in some cases, and
their models learned physical trends for the eﬀects of side-chain
length and aromaticity on Tg. Computational and molecular
modeling of the polyurethane system as a micromechanical
homogenization of the two varying segments has also been
explored.17,18
In similar predictive modeling studies, polymers have been
described using physically relevant features and quantitative

structure−property relationship (QSPR) variables to capture
the underlying forces in the material system.3 The works of
computational modeling and prediction of polymer properties
have inﬂuenced the use of domain knowledge as modeling
data.19,20 However, ultimately restricting the extrapolation of
these models across diﬀerent chemical spaces is the model
dependence on the input data set. In a speciﬁc analysis of Tg in
these model types, Jha et al.21 demonstrate how slight variations
in input temperatures, for the historically error-associated
reported value, can result in major changes in the model. Lastly,
some hierarchical machine learning approaches have been
developed to accommodate systems with small data sets.22
These models utilize an array of middle layer variables based on
material system domain knowledge and underlying forces
ﬁxated between the model input and response variables. The
model quantiﬁes and minimizes the variance when parametrized
by latent variables to predict the output trends through statistical
learning. Data-driven approaches such as these provide insight
into structure and patterns in material data. These structures and
patterns describe physical relationships within the material
system, which allows the modeling tool to capture physically
realizable trends while interpolating across the chemical space.
With the eﬀorts of prior work as a basis, here, we further
expand the use of machine learning methodologies as a valuable
tool for developing a fundamental understanding of complex
material systems. TPU sample data were taken from the
literature23−27 to build a 43-sample data set having a diversity of
technologically relevant monomers and identical preparation
and testing conditions with reported Tg values ranging from 193
to 375 K (Supporting Information). In addition to atomic group
counts from repeat unit chemical structure, physically meaningful features were selected to capture the signiﬁcant
contributing factors to Tg in TPUs. These were calculated
from the chemical structures of the repeat units using quantum
chemistry, cheminformatics, and traditional computation of
solubility factors. Cross-validation and collinearity analysis were
performed to determine the features that captured variance in
measured properties. The remaining features were subjected to
B

https://dx.doi.org/10.1021/acs.jpcb.0c06439
J. Phys. Chem. B XXXX, XXX, XXX−XXX

The Journal of Physical Chemistry B

pubs.acs.org/JPCB

Article

Table 1. List and Descriptions of the Calculated Features Used in Model Creation
name

acronym/
symbol

C groups
CH groups
CH2 groups
CH3 groups
C6H6 groups
O groups
maximum absolute atomic charge
topological polar surface area
normalized number of hydrogen
acceptors
normalized number of hydrogen
donors
partition coeﬃcient
molar volume
radius of gyration
normalized number of rotatable bonds
dipole moment
HOMO/LUMO energy gap

C
CH
CH2
CH3
C6H6
O
MPC
TPSA
HBA/MolWt

solubility parameter
molecular weight

Sol
HS/SS
MolWt
HS/SS
density
SS Tg
HS wt %

density
soft segment Tg
hard segment weight percentage

HBD/MolWt
LogP
MV
RG
NRB/MolWt
DM
HL gap

calc.
method

description
the number of quaternary carbon structural units in the repeat unit
the number of tertiary carbon structural units in the repeat unit
the number of secondary carbon structural units in the repeat unit
the number of primary carbon structural units in the repeat unit
the number of aromatic ring structural units in the repeat unit
the number of oxygens in the repeat unit
maximum absolute partial Gasteiger atomic charge
contributions from N and O atoms to the polar surface area of the molecule
the number of hydrogen-bond acceptors for a molecule divided by the molecular weight of the
molecule
the number of hydrogen-bond donors for a molecule divided by the molecular weight of the
molecule
the measure of relative hydrophobicity or lipophilicity of the molecule
the molecular volume of the molecule
Arteca’s radius of gyration of the molecule
the number of rotatable bonds in the molecule divided by the molecular weight of the molecule
the electric dipole moment to capture a molecule’s polarity
the energy gap between the highest occupied molecular orbital and the lowest unoccupied
molecular orbital
Hildebrand solubility parameter calculated by group contribution values provided by Fedors
the number-average molecular weight of the corresponding component

counts
counts
counts
counts
counts
counts
RDKit
RDKit
RDKit
RDKit
RDKit
RDKit
RDKit
RDKit
DFT
DFT
GCM

the intrinsic molecular density of the corresponding component
the glass transition temperature of the macrodiol component
the percentage by weight of diisocyanate and chain extender in the ﬁnal polyurethane sample

were all on the order of 10 000−70 000 g/mol. Some sources did
not report the ﬁnal molecular weight but used similar monomer
molecular weight reactants, functional indices, and reaction
conditions. In addition to the chemical structure of the building
blocks, initially organized as functional group counts, the
densities, macrodiol molecular weights, hard segment weight
fraction, and soft segment Tg for each sample were tabulated
alongside the reported TPU Tg. The transition temperatures
were experimentally measured from either diﬀerential scanning
calorimetry (DSC) or dynamic mechanical analysis (DMA),
where an example of a DMA sweep is shown in Figure S1. All
collected data utilized heating rates of 2−20 °C/min and strain
frequencies of 1 Hz. These measurement criteria were used to
ensure an accurate comparison between all data sources as
polymer thermal transitions are a strong function of scan rate.28
To further ensure consistency among all data sources, all
polymerizations were carried out using the two-step prepolymer
method with similar reaction conditions to ensure there were no
major deviations in the step-growth polymerizations. The
reaction schemes contained <0.1% by weight of the catalyst
dibutyltin dilaurate or were synthesized in catalyst-free
reactions. The reported Tg values range from 193 to 375 K
throughout the collected data set and include systematic
chemical and compositional changes.
2.2. Computational Methods. 2.2.1. Descriptor Generation. The glass transition is a kinetic phenomenon in which the
loss of free volume as a function of temperature results in a
divergence of relaxation times observed near Tg, leading to
vitriﬁcation of amorphous phases and characterized by a
signiﬁcant increase in the storage modulus and reduction of
viscous ﬂow.29 At a microscopic level, polymer Tg is associated
with loss of conﬁgurational entropy as caging at short length
scales, such as side chains and other substituents (β relaxation),
becomes the dominant mode of stress−relaxation as chain-scale

importance studies throughout modeling, and speciﬁc latent
variables capturing the underlying physical trends are discussed.
Accurate predictions of the change in glass transition temperature from the pure soft segment to that of the TPUs were made
after feature selection by regularized linear regression, and
random forest modeling was performed. Validation was also
performed on withheld samples, showing similar accuracy and
predicted error to the test sets. The modeling strategies are
shown to be eﬀective tools in capturing the change from that of
the soft segment Tg to the elevated value in the TPU system
using small data sets.

2. METHODS
2.1. Data Collection. The glass transition data compiled for
this study were gathered from experimental values reported in
the literature. In total, 43 unique TPU compositions were
collected for analysis.23−27 The chemical diversity of the sample
space spans 6 diﬀerent diisocyanates and 4 macrodiols, with all
samples incorporating 1,4-butanediol as a chain extender
(Figure 1).
The functional index, which represents the molar ratio of
NCO to OH groups, of all the samples in the data set was NCO/
OH ≈ 1. Generally, if only a single index was reported for a given
sample, the OH contributions to the ratio come from both the
macrodiol and chain-extender hydroxyl functional groups. A
similar functional group index for the prepolymer controls the
hard segment weight percentage of the system, which was
systematically increased across the sample set. As the
prepolymer index increases, the hard segment weight percentage
increases due to the higher fraction of diisocyanate and chain
extender used in the synthesis. The prepolymer index was not
used in the initial training set because of its signiﬁcant
correlation to the hard segment weight fraction. The reported
number-average molecular weight of the samples in the data set
C
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2.2.1.4. Cheminformatics. The completion of the data set is
compiled from physical chemistry-based features computed in
RDKit.39 The open-source software can compute hundreds of
molecular descriptors from molecules represented by the
simpliﬁed molecular-input line-entry system (SMILES).
SMILES strings were generated for each of the monomers
represented and are shown in the Supporting Information data
set.
2.2.2. Machine Learning. In total, 43 candidate polyurethanes were tabulated in a spreadsheet (Supporting Information) for machine learning (ML) analysis. For each of the 43
unique samples, the reported Tg was accompanied by a 40component feature vector. The elements of the feature vectors
within the data set had their column orders preserved and were
centered at zero and standardized for all analyses. A set of six
data points composed of the soft segment monomer
polypropylene glycol (PPG) was withheld as a validation set.
As PPG had no remaining candidate molecules for training, this
allowed for the analysis of the generalization capability of the
ML model. The remaining 37 polyurethanes were randomly
split into training and test sets at an 80% to 20% ratio,
respectively. All data analysis was performed in Python with all
ML algorithms utilized found in the Scikit-Learn package.40
With a training set of 29 polyurethanes and 40 features, the
number of features needed to be reduced to less than the
number of training points to avoid overﬁtting. Two feature
selection methodologies were performed, analyzed, and
compared to determine the best feature space in the prediction
of Tg. The ﬁrst was a sparse linear model predicted through the
utilization of the least absolute shrinkage and selection operator
(Lasso).41 Lasso utilizes the least-squares regression cost
function with an added penalty term in the form of the L1Norm as shown in eq 2:

reorganization (α relaxation) is suppressed, leading to a strong
correlation between free volume and Tg.30 Thus, in broadly used
materials, such as polyoleﬁns, polyacrylates, and polyhydroxyalkanoates, the incorporation of alkyl side chains is a
straightforward strategy to reduce Tg, such as in poly(n-butyl
acrylate) (219 K) vs poly(methyl acrylate) (283 K).
Even in homopolymers, this dynamic transition is heterogeneous, and glassy domains on the order of the Kuhn volume
form.31,32 These domains are generated through local energetic
barriers that prevent reorganization,33 and their incipient
formation leads to a rubbery plateau that extends ca. 50 K
above the measured Tg. In polymer−polymer and polymer−
solvent blends, the microstructure becomes more complex, and
the breadth of the glass transition depends strongly on the
thermodynamic compatibility of the components. For material
systems with low polarity, the barriers that inhibit thermally
activated reorganization are due primarily to excluded volume
interactions, making the molecular shape of central importance.
However, it is expected that strongly interacting multiphase
systems, such as TPUs, will have a diversity of steric and
electronic factors that govern the glass transition. In the
following paragraphs, the descriptor generation methodologies
are discussed. A full list of the 40 descriptors considered in this
study is tabulated in Table 1. All descriptors besides soft segment
Tg and hard segment weight fraction were calculated for each
soft segment and diisocyanate.
2.2.1.1. Functional Group Counts. Each of the 10 unique
monomer structures was represented by a vector of integers
describing the number of functional units that varied between
them. The functional units speciﬁed were the number of
primary, secondary, ternary, and quaternary carbons, along with
aromatic rings and oxygens. For the polyhexamethylenepentamethylene carbonate diol (PHMPMCD), a weighted
average of the length of the hydrocarbon backbone in the repeat
unit was taken.
2.2.1.2. Quantum Mechanical. Density-functional theory
(DFT) calculations were carried out for each of the 10 possible
composition units. Two features describing electrostatic
interaction potential were extracted from the calculation output
ﬁle: electric dipole moment and HOMO/LUMO energy gap.
All molecule structures were drawn in Ampac 10.1 software and
saved as Gaussian input ﬁles. DFT calculations were run in the
Gaussian 16W program package at 298.15 K.34 The B3LYP/631G* basis set was chosen because of its use previously in
quantum chemical calculations of polyurethanes.35,36 The
calculations were run with the “polar” keyword input advised
in the Gaussian guidelines.37 The Gaussian output ﬁle was then
accessed through Ampac, and the two variables were extracted
for each unique chemical structure calculation.
2.2.1.3. Solubility. A Hildebrand solubility parameter for each
unique repeat unit was added to the data set to capture the
incompatibility between the soft and hard segments. To
calculate the Hildebrand parameter, a group additivity approach
pioneered by Van Krevelen was used for the calculation with the
following equation.11 In eq 1, δ is the solubility parameter, ecoh is
the cohesive energy density, and Ecoh,i and Vm,i are cohesive
energy and molar volume contributions for the ith structural unit.
The group contribution values used for Ecoh,i and Vm,i were taken
from published works from Fedors,38 which cover an extensive
list of structural groups.
δ=

ecoh =

∑ Ecoh,i / ∑ Vm,i

Article

minβ( y − βx

2
2

+ α β 1)

(2)

In this equation, y represents a vector of the response variable,
Tg. The feature space of chemical descriptors was encoded in x,
while the β parameters are the model coeﬃcients corresponding
to the best model. The hyperparameter α was selected through
cross-validation on the training set. For this analysis, leave-oneout cross-validation (LOOCV) was performed. A mean squared
error (MSE) for each value of α for all folds was found. The
selection of the value of α corresponding to the minimized MSE
drives nonimportant β parameters and the corresponding
features to zero. When one discards features that correlate
with variations in Tg, the dimensionality of the system can be
reduced.
In the random forest (RF), to optimize model complexity,
various hyperparameters can be tuned through cross-validation.
A random search grid was utilized with a 5-fold-cross-validation.
The hyperparameters corresponding to the minimized MSE
were selected for model analysis. These hyperparameters that
can be tuned include:
1. Number of estimators: This describes the number of
individual decision trees composing each forest. Values
from 200 to 2000 were searched.
2. Each tree can be optimized by either utilizing or not
bootstrapping. Bootstrapping is a technique of resampling
subsets of the entire data set many times (equal to the
number of estimators).42 If bootstrapping is not utilized,
the entire data set is utilized to train each individual tree. A

(1)
D
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Figure 2. (A) General reaction mechanism pathway for a diol and diisocyanate creating a urethane bond without a catalyst. (B) The ﬁrst of the twostep polymerization method reacting the diol and diisocyanates through urethane chemistry. The diisocyanate was in stoichiometric excess, i.e., NCO/
OH > 1 for each sample to terminate each growing chain with an NCO functional group. (C) The second step of the two-step polymerization method
in which short-chain diols extended the chains into linear networks. (D) Schematic representation of the microstructure depicting the ordered hard
segment domains within the soft segment medium.

polymerization method comparable to previously developed
synthesis routes.44,45 In both reaction steps, urethane linkages
were created between NCO and OH functional groups. The
chemical mechanism of the catalyst-free reaction can be seen in
Figure 2A. In all instances, the prepolymer was made by mixing
liquid macrodiol and liquid diisocyanate in stoichiometric excess
(Figure 2B). Next 1,4-butanediol was added to the heated
reaction vessel as chain extender, which through analogous
urethane chemistry, creates a linear network between the
previously NCO-terminated prepolymer chains (Figure 2C).
The predictive models for Tg in polyoleﬁns, polyacrylates, and
polyhydroxyalkanoates depend strongly on monomer shape as a
feature. However, most of the industrially relevant polyols used
in TPU production lack side chains and therefore were not
included in the training set. Descriptors were selected for the
data set to describe electrostatic, hydrogen-bonding induced,
and interchain interactions in the two-phase system that forms
the superstructure in Figure 2D. All of the following descriptors
were calculated using the 2D chemical structures shown in
Figure 1.
Unit counts were performed to quantify the presence of
various functional groups in each structure. Speciﬁcally, the
relative amount of aromaticity and the free volume associated
with diﬀerent functional groups have been shown to capture
morphological trends in polymers.46−48 The single energy value
dipole moment was chosen to describe the dielectric polarizability, which has been shown to relate to the two-phase
segregation in polyurethanes.49 The HOMO/LUMO energy
gap was chosen because of the potential to describe the relative
strengths of the interactions between the units.50 Hildebrand
solubility parameters have been shown to accurately predict the
morphology of TPUs.18,19 The larger the diﬀerence between the

binary true/false operation was utilized in the hyperparameter search grid.
3. The number of features to split on is another parameter
that can be optimized through cross-validation techniques. These were set to be bagging models, where the
number of features is equal to the random subset of
features, or the square root of the number of features was
set as the random subset of features.
4. A collection of parameters to control the maximum depth
of the tree is also optimized through cross-validation.
These include controlling the maximum depth of the tree
where values between 10 and fully grown trees were
searched, and the number of samples required to be
classiﬁed as a leaf in the decision tree where one, two, and
four were screened.
To determine dominant features, permutation importance as
implemented in Sci-Kit Learn based on Breiman43 was
performed. Permutation importance works through randomly
shuﬄing each feature’s value k times, in this case, 20. The
average change in model performance at each shuﬄe, as
determined through the r2 value, is subtracted from the r2 of the
base model trained on all features. A plot of the average change
in the r2 score for each feature is created, where larger values are
indicative of that feature having a higher importance toward the
model. Permutation importance can be calculated on the
training set itself, along with the test set to diﬀerentiate between
factors contributing to overﬁtting and those capable of
generalization.

3. RESULTS AND DISCUSSION
3.1. Training Set. In the literature data selected for this
analysis, the TPU samples were all prepared using a two-step
E
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Figure 3. (A) The coeﬃcient plot shows the variation of the model β parameters over the possible selections of α. (B) The selected value of α (0.0074)
is indicated by the black vertical line. This corresponds to the minimized MSE determined through cross-validation. It should be noted that the Lasso
coeﬃcient path plot contains multiple instances of entry/exit/re-entry for certain coeﬃcients. This can be attributed to multicollinearity in the feature
set, which can contribute toward uncertainty in the proper feature selection. The resulting Lasso, however, selected a sparse set of seven features as
shown in eq 3.

Figure 4. Plots showing the actual Tg compared to the Tg predicted through RF regression on the full data set for the (A) training set, (B) test set, and
(C) validation set. A perfect prediction would show all points along the blue line.

The resulting data set, after the addition of the domainspeciﬁc descriptors, contained 40 features. For each unique
sample, the calculated features for the soft segment and reacted
diisocyanate repeat unit involved were made individually
available; i.e., no unique combinations of features were
calculated before the machine learning methodology began.
We note that all calculated chemical structure-based values in
our data set were performed on postpolymerization (i.e.,
urethane chemistry complete) structures and each of these
structures was passivated with hydrogens. Structure unit count,
DFT, and RDKit descriptors were combined with soft segment
molecular weight, soft segment glass transition temperature,

parameters for soft and hard segments, the more likely the two
phases were to be immiscible. The RDKit descriptors chosen
were inﬂuenced by the same supporting domain knowledge to
describe electrostatic interactions: maximum partial atomic
charge (MPC) and topological polar surface area (TPSA),
hydrogen bonding, the number of hydrogen-bond acceptors
(HBA/MolWt) and donors (HBD/MolWt) and partition
coeﬃcient (LogP), and shape as represented by molecular
volume (MV), the radius of gyration (RG), and the number of
rotatable bonds (NRB/MolWt) for both the hard and soft
segment monomers. The number count descriptors were
normalized by repeat unit molecular weight.
F
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however, it should be noted that the number of features was still
greater than the number of data points.51 Feature selection
utilizing permutation importance was then compared, and
underlying factors aﬀecting Tg were learned. Figure 5 shows the
permutation importance of the training set and test sets for the
most important features. A complete ﬁgure is shown in Figure
S4.
3.4. Optimal Features and Feature Contributions. After
the feature dimensionality reductions were performed, a ﬁnal
collinearity analysis was used to remove redundant descriptors.
A Pearson correlation matrix was calculated on the reduced
feature space. When similar collinearity criteria to other feature
selection methodologies were used,52,53 two features were
considered redundant if a greater than ±0.8 correlation was
shared between them. Of the two correlated features, the one
with a higher correlation to the Tg was retained in the model,
while the other was discarded from the feature space. Although
the Pearson correlation criteria only describe linear redundancies in the feature space, careful attention was paid to the
prediction metrics as each feature was removed to ensure
minimal information was being removed from the prediction
space. The resulting heat plot shown in Figure 6 identiﬁes three
instances in which the nine highest importance features are
strongly correlated.

hard segment weight percentage, and component densities to
create the full feature space for ML analysis.
3.2. Lasso Feature Selection Analysis. The full feature set
was utilized to train and discover important descriptors through
Lasso. The identiﬁcation of forces that minimize the error in
determining the glass transition temperature is done through
regularization. Through this process, feature coeﬃcients that do
not best represent the true properties of the prediction goal are
reduced to have little or no impact on the model. Figure 3 shows
the coeﬃcient plots and corresponding MSE determined
through cross-validation across the range of the α hyperparameter.
Tg = 0.314 × HSwt + 0.178 × SS

NRB
HBA
− 0.046 × SS
MolWt
MolWt

− 0.491 × HS logP + 0.711 × HS DM − 0.093 × isodensity
(3)

− 0.240 × chHS

Article

Figure S2 shows the resulting plots, and Table S1 shows the
statistical analysis of the regression, which exhibit poor
performance on the validation set, having an RMSE of 27.62
K. The entry/exit trade-oﬀ could cause the model to not
appropriately include important features and is a reason more
robust techniques, such as RF feature selection, will be explored
further. To further evaluate the Lasso selected features, an RF
model (Figure S3 and Table S2) was also applied to these seven
features showing an RMSE of 14.94 K on the validation set,
around one-half of that determined through Lasso.
3.3. Random Forest Feature Selection Analysis. The
same procedure for feature selection was repeated, starting with
the entire feature set, but this time performing feature selection
through permutation importance rankings. A nonbootstrapped,
unbagged ensemble consisting of 400 trees was found to provide
the RF model corresponding to the lowest MSE. The train, test,
and validation set performance are shown in Figure 4 and Table
2.
Table 2. r2 and Root-Mean-Squared Error (RMSE) Scores for
the RF Regression on the Complete Data Set
data set

r2

RMSE (K)

train
test
validation

1.00
0.98
0.93

0.00
7.03
6.85

Regression performed on the complete data set had a 5 K
lower RMSE on the test set and 8 K lower RMSE on the
validation set than the RF performed Lasso selected features;

Figure 6. Pearson correlation coeﬃcient heat map. A complete list of
values can be found in Table S4.

Figure 5. Permutation feature importance as a box and whisker plot, sorted by the mean value of importance, for (A) the training set and (B) the test
set. The top features between both the training and test sets, which had a mean permutation importance score of greater than 0.015, are shown. These
nine features were chosen as the reduced feature space for predicting Tg.
G
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Figure 7. Plots showing the actual Tg compared to the Tg predicted through RF regression on the feature selected data set determined by RF and
correlation analysis for the (A) training set, (B) test set, and (C) validation set. A perfect prediction would show all points along the blue line.

Table 3. r2 and Root-Mean-Squared Error (RMSE) Scores for
the RF Regression on the Feature Selected Data Set
Determined by RF

First, the density of the diisocyanate (g/cm3) was shown to
have a high negative correlation with the HS HOMO/LUMO
gap and MPC. The increased structure density and, therefore,
increased electron density of the repeat unit are expected to
directly impact the corresponding molecular orbitals. By
increasing election density, the energy gap between the highest
occupied and lowest unoccupied molecular orbitals decreases,
resulting in the negative correlation between the two properties.
As such, the intrinsic density property was removed from the
model for further analysis. Second and unsurprisingly, the HS
HOMO/LUMO gap is shown to have a high positive correlation
with the HS MPC. The MPC directly reﬂects the corresponding
molecular orbits in the repeat unit and describes the electrostatic
potential of the hard segment. The HS MPC had a marginally
higher correlation with Tg, so the HS HOMO/LUMO gap was
removed from the feature space. Finally, HS solubility and HS
DM are found to have a high negative correlation. Both features
describe the insoluble and polar nature of the hard segment
within the soft segment medium in the form of phase
segregation. Their negative relationship is also unsurprising:
As the solubility parameter of the diisocyanate increases, it
becomes less compatible with the soft segment, and phase
segregation increases. As the dipole moment increases, a greater
polar attraction is present between the two phases, and phase
segregation decreases. The HS DM was removed from the data
set due to its lower correlation with Tg, and it was found that this
resulted in minimal reduction in r2 for the overall model.
The six remaining features were retrained in an RF algorithm,
and a bootstrapped, unbagged ensemble consisting of 1000 trees
provided the RF model corresponding to the lowest MSE. The
results are presented in Figure 7 and Table 3.
Despite eliminating 34 features, this RF model performed
similar to a RF trained on the entire feature set, indicating that
these six features are those that had the highest information

data set

r2

RMSE (K)

train
test
validation

0.99
0.96
0.89

5.17
10.04
8.37

content for predicting Tg in a sparse linear model. Provided in eq
4, the standardized coeﬃcients for an ordinary linear regression
model prediction on the six selected features from RF are shown
to examine the eﬀect each feature has on the Tg, and plots and
statistical analysis are shown in Figure S5 and Table S3. In
comparison, the linear regression had a test r2 = 0.85, RMSE =
19.88 K and validation r2 = 0.51, RMSE = 17.74 K. In the further
discussion of the methodologies and conclusions, this model’s
features and characteristics will be discussed speciﬁcally.
Tg = 0.265 × HSwt% + 0.05 × HSMPC + 0.177HS
NRB/MolWt − 0.394 × HSSol − 0.142 × SSMolWt
+ 0.566 × ch3 HS

(4)

The validation set accuracy and prediction error were similar
to their respective test sets using the RF models. The withheld
validation set of 6 unique PPG-soft segment TPUs of unseen
chemical structure had an r2 = 0.93, RMSE = 6.85 K in the full
feature space RF model and a comparable r2 = 0.89, RMSE =
8.37 K in the sparse RF model. The similarity of these scores to
the test scores indicates the generalization of the model outside
of the explicitly trained chemical space. The sparse RF model
achieved good performance, which further supports the model’s
utilization of hard segment features to drive the increase in Tg
from the pure soft segment value. Those features and their
H
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Figure 8. (A) Schematic of hard segment microstructure with dashed gray lines designating hydrogen bond sites between the N−H group of one
repeat unit and the carbonyl group of another. (B) RDKit rendering of the maximum partial charge (MPC) distribution of the hard segment. The
highest absolute charge value (red-highlighted carbons) are assigned to MPC. (C) Ampac rendering of the hydrogen-terminated hard segment.
Quantum chemical calculations of the structures resulted in molecular charge distributions and quantum chemical descriptors.

feature and predicts the TPU Tg from the variations in the 6
remaining features on a learned temperature scale.
The dynamic and thermally activated mechanical properties
of TPUs have been shown to follow nonlinear behaviors
inﬂuenced by hard segment content, chemical structure, and
multiple temperature transitions contributed separately to the
bulk by the individual phases.17 Other RF features of importance
further indicate the signiﬁcant role of two-phase segregation and
hard/soft segment interaction as the key forces being balanced.
The lack of all other soft segment features, in general, suggests
that, among standard and nondiverse choices for the soft
segment in industrially relevant TPUs, the hard segment
microstructures drive the accurate prediction of Tg.
The hard segment features used to describe the free-volume,
electrostatic, and hydrogen-bonding interactions make up the
remaining factors in the sparse model. In the RF feature set, the
number of CH3 structural methyl functional groups and the
number of rotatable bonds normalized by the molecular weight
of the hard segment (HS NRB/MolWt) are present. Of the 6
diisocyanate chemical structures used in this study, 3 of them
had CH3 structural groups (2,4-TDI, 2,6-TDI, IPDI) and 3 did
not (MDI, pPDI, H12MDI). The latter 3 structures also have
higher degrees of symmetry, which indicates the formation of
higher-ordered hard segment microstructures (Figure 8A),
whereas the presence of CH3 groups and less symmetry in the
former 3 structures indicate greater amounts of free volume and
conﬁgurational entropy in the microstructure. Less ordered
structures lead to less phase segregation and an increase in Tg.
Additionally, the HS NRB/MolWt remained as a feature and
suggests that the conformational degrees of freedom to form the
microstructure domains is important. We hypothesize that these
features are capturing hard segment microstructure formation
trends.
Similarly, the CH3 structural unit has a role in hard/soft
segment insolubility as well. In the solubility calculation through
GCM performed in this study, the CH3 group has the largest
discrepancy between the cohesive energy contributed and the
molar volume occupied, i.e., decreased cohesive energy density,
which leads to a lower hard segment solubility, more
compatibility and interaction with the soft segment, and a
higher Tg. The last feature associated with physical forces within
the molecular units’ electrostatic force ﬁelds is HS MPC (Figure
8B). The MPC and electric dipole moment values from
quantum chemical calculations (HS DM, Figure 8C) alike
support the importance of capturing the polar nature of the two

physical signiﬁcance to the material system are discussed in the
following section.
3.5. Physical Insight into Selected Features. As
discussed in Section 3.2, LASSO regularization and random
forest permutation importance feature selection analysis were
performed on the initial feature space composed of 40
descriptors. The signiﬁcantly better performing RF model
returned 5 features related to hard segment descriptors: weight
percentage, maximum partial atomic charge (MPC), solubility
parameter (Sol), number of CH3 structural units, and
normalized number of rotatable bonds (NRB/MolWt) in
addition to the soft segment molecular weight. The most
accurate sparse model developed was the RF trained on
permutation importance-derived features; yielding a test of r2
= 0.96, MSE = 10.04 K and validation of r2 = 0.89, MSE = 8.37 K.
Of the original data provided by the literature sources, two
features remained in the model: the soft segment molecular
weight and hard segment weight fraction. These two features
had high relative importance in Tg predictions, which is
consistent with prior research.54−56 It has been well understood
that typical phenomenological models relating glass transition to
molecular weight, such as the Flory-Fox equation,57 do not
capture the two-phase nature of polyurethanes. Rather, as the
molecular weight of the soft segment increases, so does phase
separation and therefore a reduction in the hard/soft segment
interaction. This decrease in interaction leads to more viscous
behavior and decreased Tg. Throughout the data set, the hard
segment content increases for groups of samples with ﬁxed
chemical structure. This results in a varying hard segment
dispersed in the soft segment medium, thus increasing the Tg
diﬀerently. These two features describing material morphology
support the classic representation of the hard segment dispersed
in a soft segment medium.58 Additionally, the lack of the soft
segment Tg in the ﬁnal feature space is initially surprising.
Indeed, the model aimed to capture the increased shift in the
thermal transition from this original value of the pure soft
segment to the Tg for the two-phase material. This lack of
representation is explained by the homogeneity of the soft
segment Tg in the sample space and the resulting low Pearson’s
correlation coeﬃcient to the TPU Tg (r2 = −0.17). The segment
Tg values only ranged from ∼190 to 210 K, leading to the
decreased importance of this minimal value for the output
prediction. The ﬁnal model establishes a minimum of the
temperature prediction space without it explicitly deﬁned as a
I
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syntheses, whereas this analysis had a more controlled and
reproducible data set. Experimental error should remain an
important consideration of model development, especially when
extrapolating capabilities for the discovery of unobserved trends
and new materials. New materials discovery will require models
that are robust and can extrapolate outside the limits of the
training space to include variations in experimental techniques.
The inherent scarcity of data available in niche material classes
inspires the combination of data from multiple sources to train
models. Transfer learning, in which information from one data
set supplements another for improved training, is a methodology
increasingly being researched as a means to improve modeling of
sparse data sets.66 The results of this study suggest the
importance of cheminformatic and quantum chemical data in
the prediction of phase interaction in TPUs. A pretrained model
built from large data sets of cheminformatics and quantum
chemical variables could support transfer learning. These
models describing the small molecule motifs used in polyurethane systems could further identify nontrivial relations to their
corresponding polymerized macromolecules.67 Furthermore,
large feature engineered data sets of relevant descriptor
combinations using mathematical operation expansion algorithms have been shown to be eﬀective and could be utilized in
transfer learning.53 Coupling the computational power of blackbox models with domain-derived and interpretable features in
this manner motivated the work presented here.
In future work, we intend to generalize the model further to
capture responses to a larger diversity of monomers. To
construct tools for new materials discovery and improvement in
polyurethanes, a holistic discovery of new high-performance or
plant-derived polyols will become a research focus. We aim to
expand the current model, which accurately predicts the change
in Tg of a TPU from a biased soft segment starting point to a
model that captures the physiochemical system as a whole.

segments (HS DM was removed from the feature space due to
high collinearity with HS MPC.) The interfacial polarizability
between the hard and soft segments in the polyurethane
morphology is a key factor in capturing the electrostatic
interactions within the complex material system.49,59 Evident
from the remaining features in the sparse model is the
importance of hard segment microstructure and compatibility
within the soft segment medium.
3.6. Future Directions. Future studies on the material
properties of TPUs will expand the diversity of the training set.
The sample set included many prototypical monomers used in
the study of thermoplastic polyurethanes as well as having 1,4butanediol as a universally conventional chain extender. Given a
small sample set of 43 unique compositions, the modeling
approach was to supplement chemical structure data with
meaningful latent variables. The utilization of these domaininﬂuenced descriptors targets underlying forces in the material
space to result in physically meaningful predictions.60 The
methodology additionally presents a data-driven and reinforced
understanding of the driving forces in the complex material
system, but it can be susceptible to bias from this selection
process. Similar to prior research, the emphasis is put on deriving
generalizable models to capture trends from phenomenological
data using a hierarchy of descriptors from diﬀerent sources of
domain knowledge.61−63
To further expand the capabilities of predictive models, the
combination of hierarchical training data and machine learning
models should be employed. However, the suitable approaches
oﬀer a variety of diﬀerent methods that change the research tool
by compromising certain characteristics of the model for the
enhancement of others. This challenge is known as the accuracy
versus generalizability trade-oﬀ and is exceptionally existent in
the ﬁeld of new materials discovery. In the recent work of Kopal
et al.,64,65 the dynamic thermomechanical responses in TPUs
have been modeled using artiﬁcial neural networks (ANNs).
Speciﬁcally, both the linear and nonlinear behavior of the
dynamic and thermal transition-dependent loss and storage
modulus (E″ and E′, respectively) and the damping factor (tan
δ) were accurately predicted from the results of the DMA
experiments. The input data for the models is the thermal history
of the material T(t), and the predicted output is the
corresponding values of E″, E′, and tan δ. The predictive
capabilities of the model built are critical to tailoring short-term
viscoelastic responses in the system. However, the model was
built upon a single unique material data set, and the insights
from the ANN can be diﬃcult to extract and even further
diﬃcult to interpret, ultimately not making the approach ideal
for extrapolating knowledge and trends learned from a more
general model to a new TPU composition. Models built around
a narrow chemical feature space are often uninterpretable and
lack generalizability.
Second and speciﬁc to complex material properties such as Tg,
the robustness of the models will be critical in materials design.
Jha et al.21 demonstrate how sensitive models are to
experimental measurement noise in the prediction of thermal
transitions in polymers. They modeled for glass transition
temperature prediction using a previously published ﬁngerprinting hierarchy of data.61 However, training on the diﬀerent
median, mean, minimum, and maximum Tg values resulted in
four signiﬁcantly diﬀerent models. Values of 1 − r2 = 13−21%
across the four models demonstrated the signiﬁcance of
variations in training data. It is important to note that their
data set used signiﬁcantly more diverse sample structures and

4. CONCLUSION
This work demonstrated machine learning as a valuable and
versatile tool for modeling the complex behavior of polyurethanes. When phenomenological but theory-based features are
leveraged, the models have prediction capabilities within the
chemical space of TPUs with varying chemical structures, chain
architectures, soft/hard segment weight fractions, and a 1,4butanediol chain extender. Predictions made were both accurate
(RMSE on the order of 10 K) and generalizable to a validation
set of chemical structures not present in the training set. The
methodologies used to develop these models couple the
separate, but synergistic, eﬃcacies of using domain knowledge
and statistical learning to describe a material system. A
comprehensive data set creation approach was used to gather
physically meaningful features spanning the monomer’s
chemical structure, DFT quantum chemical calculations,
solubility parameters, and cheminformatics variables. After
feature and collinearity reductions were performed, the
remaining 6 features formed the low-dimensional feature
space. Discussion of the relative importance of the remaining
features suggests approaches to further reﬁnement of the model
as well as future directions for building more extensive models.
Of the 6 remaining features, 5 of them described the hard
segment: weight percentage, maximum partial atomic charge,
number of rotatable bonds, solubility parameter, and number of
methyl groups. For the narrow training set used here, the only
feature corresponding to the soft segment was the molecular
weight. This is consistent with how TPUs are tuned in practice
J
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using the narrow range of polyols commonly found in
industrially relevant materials, suggesting the importance of
electrostatic, hydrogen bonding, and microstructural impacts of
the hard segment in the modeling of these systems. This sparse
model captured physically meaningful parameters from small
data sets and provided an accurate prediction of a complex
material behavior.
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