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Abstract Machine learning-assisted prediction of polymer properties prior to synthesis has the potential to significantly accelerate the discov-
ery and development of new polymer materials. To date, several approaches have been implemented to represent the chemical structure in ma-
chine learning models, among which Mol2Vec embeddings have attracted considerable attention in the cheminformatics community since their
introduction in 2018. However, for small datasets, the use of chemical structure representations typically increases the dimensionality of the in-
put dataset, resulting in a decrease in model performance. Furthermore, the limited diversity of polymer chemical structures hinders the training
of reliable embeddings, necessitating complex task-specific architecture implementations. To address these challenges, we examined the effica-
cy of Mol2Vec pre-trained embeddings in deriving vectorized representations of polymers. This study assesses the impact of incorporating
Mol2Vec compound vectors into the input features on the efficacy of a model reliant on the physical properties of 214 polymers. The results will
hopefully highlight the potential for improving prediction accuracy in polymer studies by incorporating pre-trained embeddings or promote
their utilization when dealing with modestly sized polymer databases.
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INTRODUCTION

The selection and development of new polymer materials with
outstanding physical parameters remain an extremely difficult
task, often associated with large amounts of synthetic and ex-
perimental work.'"? The required parameters are usually
achieved through a large number of trial syntheses and mea-
surements of the physical parameters of the resulting polymers,
which leads to high costs and slows down the process of opti-
mizing the synthesis conditions.’* The high complexity of pre-
dicting the properties of polymer materials is due to the wide
variation of the characteristics of the polymer depending on the
synthetic strategy.’"® Thus, the chemical structure of the
monomer, molecular weight of the polymer, presence and
amount of cross-links, addition of copolymers and plasticizers,
and synthesis conditions have a direct impact on the physical
parameters of the material.”~! The structure of the monomer
affects the conformational mobility of chains, nature and
strength of secondary interactions between chains, regularity of
the polymer structure and its crystallinity, and solubility of the
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polymer.'® At the same time, in practice, studies of relation-
ships between the structure and properties of polymers are car-
ried out within a narrowly defined classes of materials, since ex-
trapolation of the results to other systems does not provide suf-
ficient accuracy.'''¥ Strategies such as quantum chemical cal-
culations, molecular dynamics simulations, and computational
continuum mechanics have made it possible to accurately de-
scribe the behavior of amorphous and semicrystalline polymers
at different scales, from the atomic to the macroscopic
scale.l'>~71 At the same time, the main challenge in this area re-
mains the integration of all these models for a comprehensive
and consistent assessment of the material at all levels of the
structural organization.['®'”! Despite the high accuracy and con-
tinuous development of computer methods for calculating the
properties of polymers, the computational complexity of such
methods remains too high to search through a sufficiently large
number of structures. 202"

Machine learning provides the capability to leverage multi-
scale polymer modeling, and has become an increasingly
popular strategy in materials science.22231 Machine learning is
used in the design of new materials for membranes?4 and
bioplastics,25] optimization of 3D printing processes,26! and
much more. 271 Quantitative structure-property relationship
(QSPR) models are used to predict the thermodynamic pro-
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perties of materials with high accuracy and to identify the
most important structural features affecting the desired prop-
erty.[28291 Using QSPR models, the glass transition tempera-
ture of polymers,3931 their refractive index!32 and many oth-
er indicators have been predicted. In addition to monomer
structure descriptors, modern machine learning models use
molecular modeling results to parameterize datasets across
the atomic, micro- and macro-scales.33-351 This strategy al-
lows for the accurate approximation of polymer parameters
and in-depth analysis of the driving forces of the material as-
sembly. To use a chemical structure in a machine learning al-
gorithm, the structure must be encoded numerically. Typical-
ly, chemical structures are stored in databases as strings of
text (SMILES[3637), InChl,138 SMARTSB?)) or files containing
atomic coordinates (mol, sdf, xyz, etc.). In this work, we used a
simplified molecular-input line-entry system (SMILES), which
is a text-line notation of the topology and stereochemistry of
the molecule structure. Chemical structures are used to gen-
erate molecular fingerprints (such as Morgan fingerprints(4?),
molecular descriptors (using RDKit*!l or computational algo-
rithms), and graph representations combined with graph
convolutional networks (GCN). All of these methods are wide-
ly used in machine learning models for polymer
informatics.*2-491 However, the use of Morgan fingerprints
does not provide a sufficient description of polymer structure,
and GCNs rely significantly on a specific neural network archi-
tecture and typically require a high amount of input data for
correct training, making them difficult to use for small
datasets.

An advanced technique for encoding molecular structures
is Mol2Vecl% which is an unsupervised method. It was initial-
ly required to train it on unlabeled data from large chemical
datasets (ZINCP" and ChEMBL[?) to obtain substructure em-
beddings. Subsequently, the compounds are encoded as
high-dimensional vectors by summing up the pre-trained em-
beddings of individual substructures, giving information-rich
representations of molecules. Although it is mainly designed
for drug design and molecular QSPR tasks, Mol2Vec has re-
cently been used in several machine learning models for poly-
mer informatics.l553541 However, this method is rarely used
to transfer structural information into models with the physi-
cal properties of polymers as inputs. Despite the significant
increase in feature dimensionality, this approach may allow

better accounting of the chemical diversity of the structures
to increase the quality of prediction models. In this study, we
aimed to investigate the effect of adding Mol2Vec pre-trained
compound vectors on the predictive ability of regression
models for different calculated physical properties on a small
dataset of approximately 200 samples.

DATA AND METHODS

Dataset Preparation

In this study, we selected a relatively small Chemical Retrieval on
the Web (CROW) polymer properties database,” containing
calculated thermophysical properties such as the molecular
weight of a repeating unit (g-mol="), molar volume (mL-mol™),
density (g-mL™3), Hildebrand solubility parameter (MPa'/?), mo-
lar cohesive energy (kJ-mol™), glass transition temperature (K),
molar heat capacity (Jmol~'-K™), refractive index, and van der
Waals volume (mL:mol™"). As the original web page may no
longer be available, the original data are presented in the repos-
itory linked to this work (https://github.com/iszlobin/Polymer-
DataBase/). This dataset has already been used for several poly-
mer informatics tasks, providing easily accessible and character-
istic information for different polymer classes.*#°%57) Because
the properties under consideration also significantly depend on
the macromolecular structural parameters of polymers (such as
molecular weight and degree of polymerization), which are not
represented in the database, our work uses values marked as
“preferred” in the dataset.

While larger databases, such as PolyInfol>8! may record
more polymer properties and have actual experimental data,
they do not permit the same level of comprehensive data col-
lection and distribution.

By selecting only data points containing SMILES represen-
tations, we obtained a dataset of 218 polymers represented
by SMILES strings. The list of polymer classes in the database
is presented in Table 1 (the average of eight polymer chemi-
cal structures per class). The number of samples for most
classes, however, is too small to be considered an additional
categorical parameter for prediction models or to provide any
significant information about accuracy across classes. The
characteristics of the initial dataset are listed in Table S1 (in
the electronic supplementary information, ESI). The physical
data present in the chosen dataset, except for the refractive

Table 1 The occurrence of polymers classes in the CROW polymer properties database.

Polymers class Number of samples

Polymers class Number of samples

Polyacrylamides 6
Polyacrylates 22
Polynitriles 2
Polyesters 25
Polyolefins 16
Polyamides 22
Polyanhydrides 5
Polydienes 6
Polyfumarates 4
Celluloses 6
Polyhaloolefins 7
Polycyanoacrylates 5
Polyglycols 15
Polyetherketones 4

Polyketones 2
Polyethersulfones
Polyhalodienes
Polyhalostyrenes
Polyurethanes
Polymethacrylamides
Polymethacrylates
Polyethaconates
Polystyrenes
Polyphenylenes
Polyphenyl ethers
Polythioethers
Poly(vinyl sulfides)
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index and glass transition temperature, demonstrate a distri-
bution close to the log-normal (Fig. S1 in ESI). The log-normal
distribution of the properties signifies heterogeneity of the
observed data, and it could also be a sign that the dataset suf-
ficiently generalizes the statistical population.

Because 11 samples from the dataset have missing values
(with only one property missing for each sample), we utilized
the Hyperlmputel59 iterative imputation procedure to fill in
these gaps. The samples with imputed values were used only
in the training procedure.

To detect and remove outliers, the Isolation Forest algo-
rithm was applied,[®26" leaving 207 samples in the final
dataset for further statistical analysis and prediction model
construction. The characteristics of the final dataset are pre-
sented in Table S2 (in ESI).

Representation of Polymer Structures

Pre-trained embeddings of Mol2Vec substructures were used to
obtain digital representations of the chemical structures of the
polymers. To avoid increasing the processing time and compu-
tational complexity, we used the DeepChem implementation[®?
and weights for this algorithm, based on the training methodol-
ogy described in the original study®” on the Zinc v155" and
ChEMBL v2352 corpora. As a result, a featurizer was prepared to
convert the chemical structure from SMILES notation to a com-
pound vector of size 300, obtained as the sum of the Mol2Vec
substructure vector embeddings. The typical polymer SMILES
includes asterisks showing polymerization sites, which distin-
guish it from the SMILES of the molecular compounds present
in the training corpus. The asterisks were ignored when prepar-
ing the polymer vector representations because the polymers in
the dataset had significantly varying chemical structures, ren-
dering additional differentiation based on the polymerization

site position unnecessary.

Workflow

A brief overview of the workflow is shown in Fig. 1. The first step
represents featurizer pre-training to obtain the compound vec-
tors discussed in the section above. Step 2 involves the training
of predictive models on the data from the selected dataset of
polymer properties. For each experiment, the physical proper-
ties were sequentially selected as the prediction targets. A re-
gression model is built using different sets of input features. The
features of the regression model are compound vectors repre-

STEP 1 STEP 2

Mol2vec
featurizer

Mol2Vec
featurizer

~ o
cc(c)c(o)=0 |[0.37,0.48, ...]

Fig. 1 The workflow for predicting the physical properties of
polymers using different input features. Step 1 represents featurizer
pre-training, step 2 refers to the construction and evaluation of
prediction models.
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Fig. 2 Spearman correlation coefficient matrix for physical data. For clarity, property labels have been abbreviated (MOL WEIGHT:
molecular weight of a repeating unit, VDW VOL: van der Waals volume, MOLAR VOL: molar volume, SOLUBILITY: Hildebrand solubility
parameter, COH ENERGY: molar cohesive energy, GLASS TEMP: glass transition temperature, HEAT CAP: molar heat capacity, IND

REFRACTION: index of refraction).
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senting the chemical structures of the polymers (1), physical
properties excluding the target property (2), and both 1 and 2
simultaneously. The impact of selecting different input sets was
assessed using regression metrics on the test data, as described
below.

Construction of Regression Models

The dataset was divided into training and test samples with
stratification by polymer classes in the ratios of 60% (124 sam-
ples) and 40% (83 samples), respectively, prior to all subsequent
experiments for a correct evaluation of the performance of dif-
ferent models. Thus, every property prediction was conducted
for the same 83 polymers present in the test set. Various ma-
chine learning algorithms, including the support vector ma-
chinel® (SVM), random forest!®! (RF), partial least squares®”
(PLS), elastic net® (EN), and XGBoost!®” were tested to deter-
mine the most accurate model for further analysis. The perfor-
mance of these models was tested in the subsequent predic-

tion of all physical properties using compound vectors as input
features. The hyperparameters for these models were opti-
mized for each target property using grid search optimization
with successive halving®®® to achieve the maximum coefficient
of determination with 3-fold cross-validation of the training da-
ta. The test set was used for the calculation of performance me-
trics only.

XGBoost showed the best performance (see section RE-
SULTS AND DISCUSSION); therefore, it was chosen as a base-
line model for the experiments determining the impact of the
chosen input features. These experiments were performed for
each physical property present in the dataset selected as the
prediction target. The input features consisted of compound
vectors obtained after Mol2Vec featurization (1), all other
physical properties (2), or both simultaneously.

The mean absolute percentage error (MAPE), root mean
squared error (RMSE), and coefficient of determination (R?),
which are common metrics for similar problems, were used to

MGL WEIGHT DENSITY GLASSTEMP
XGBoost XGBoost XGBoost
SVM SVM SVM
RF RF RF
EN EN EN
PLS pLS PLS
0.0 . . I . 0.0 012 0.4 0.6 0.0 012 0..4 0..6
RZ
VDW VOL HEAT CAP
XGBoost XGBoost XGBoost
SVM SVM SVM
RF RF RF
EN EN EN
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Fig.3 Determination coeffitients obtained for vector-based prediction of target properties using different regression algorithms.
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compare the quality of the models. The latter was adopted as
the main model and used to visually compare the results of
different models. These are defined as follows:

N -~

2 _ 4 Zi=1(y,»—y;)2
YL
iy

=
RMSE =\ 2> i~ 7))’

_AenN |y
MAPE= 5 T‘ 3)

where y; and y; are the experimental and predicted values asso-
ciated with the i sample, respectively, y is the average value of
all samples, and N is the total number of samples.

RESULTS AND DISCUSSION

The constructed matrix of Spearman's rank correlation coeffi-
cients between the properties (Fig. 2) revealed high correlations

2063

for the molecular weight of a repeating unit, van der Waals vol-
ume, molar volume, molar cohesive energy, and molar heat ca-
pacity. These correlations are expected because the first three
parameters are directly calculated from the monomer structure,
and the last two are functions of internal energy related to mo-
lar volume and thus to the other two correlated properties.”!
Oddly, the Hildebrand solubility parameter does not reveal high
correlations with the molar cohesive energy and molar volume,
although it is defined as the square root of the cohesive energy
density.7%7" Moreover, the quantile-quantile plot of the Hilde-
brand solubility parameter versus molar cohesive energy (Fig.
S2 in ESI) indicated significant distribution differences between
these parameters. This finding suggests the presence of sub-
stantial noise in the calculated data of this parameter within the
original dataset, or a potentially significant latent correlation
with other polymer parameters such as the degree of polymer-
ization, polydispersity, and nature of end groups, as reported in
comparable research investigations.*® In addition, it is expect-
ed that the greatest difficulty in constructing a prediction mod-
el would be posed by the macroscopic target properties of poly-
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Fig.4 Predicted versus actual plot for XGBoost regression of different targets, based on compound vectors as input features.

https://doi.org/10.1007/510118-024-3237-y


https://doi.org/10.1007/s10118-024-3237-y
https://doi.org/10.1007/s10118-024-3237-y
https://doi.org/10.1007/s10118-024-3237-y
https://doi.org/10.1007/s10118-024-3237-y
https://doi.org/10.1007/s10118-024-3237-y
https://doi.org/10.1007/s10118-024-3237-y
https://doi.org/10.1007/s10118-024-3237-y

2064

mers, such as density, glass transition temperature, and refrac-
tive index.

A quick worst-case scenario study was conducted to select
the baseline model for further experiments. Using several
common machine learning algorithms (XGBoost, SVM, RF, EN,
and PLS), the regression model was trained for each physical
property as a target, using only compound vectors as input
features (Fig. 3). Detailed information on the experiments is
provided in Table S1 (in ESI).

EN models have shown the best performance in the case of
targets with very high dependence on the polymer chemical
structure, such as the molecular weight of a repeating unit,
van der Waals volume, molar volume, cohesive energy, and,
quite surprisingly, index of refraction. During the hyperpa-
rameter optimization, the L1 regularization ratio was set to
zero, which means that all vector coordinates were present in
the final statistical model. This may reflect a linear relation-
ship between these physical parameters and the compound
vector coordinates, indicating that the pre-trained featurizer
performs as intended, presenting an accurate representation
of the polymer structural information. Because EN is a power-
ful and resource-efficient regularized linear regression
method, it can be used as a baseline in tasks for target prop-
erties similar to those described above. SYM demonstrated
similar performance while also providing the most accurate
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predictions for the Hildebrand solubility parameter. These al-
gorithms are promising for building similar regression mod-
els using vector representations of polymer structures.

However, the XGBoost models showed the most consis-
tent and robust performance, with the highest R? for most of
the targets (including those implicitly linked to the structure).
Because our goal was to establish the effect of input data on
model accuracy rather than to select the most accurate pre-
dictors for each case, XGBoost was chosen as the main algo-
rithm for clarity in all subsequent comparisons. After training
the regression tasks on compound vectors as input features
(Fig. 4), we repeated the entire procedure using only the
physical data (Fig. S3 in ESI), and combining both feature
types (Fig. S4 in ESI). These three types of models will be fur-
ther referred as “vectors only,” “vectors added” and “physical
data.” By making such a comparison, we aimed to establish
how the predictive power of such models is comparable and,
in particular, to present a fast and computationally simple
way to build regression models for calculating polymer prop-
erties (including those not directly related to the monomer
structure).

Gain-based importances for “physical data” XGBoost mod-
els were calculated, as our goal is to interpret the relative im-
portance of each feature. Gain implies the relative contribu-
tion of the corresponding feature to the model calculated by
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Fig. 5 The ranking of feature importance based on the gain index (gray circle), Pearson (orange square), and Spearman (blue diamond)

coefficients between features and target properties.
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Table2 Performance of prediction models depending on input data.
Physical data Vectors added Vectors only
Prediction target
MAPE RMSE R? MAPE RMSE R? MAPE RMSE R?
Index of refraction 0.01 0.03 0.55 0.01 0.03 0.50 0.01 0.03 043
Glass transition temperature 0.13 48.24 0.54 0.09 33.95 0.77 0.10 36.58 0.74
Density 0.05 0.11 0.59 0.05 0.12 0.55 0.07 0.13 0.45
Hildebrand solubility parameter 0.05 134 0.61 0.05 1.28 0.65 0.06 1.64 0.42
Molar heat capacity 0.08 33.71 0.92 0.10 28.53 0.94 0.1 37.33 0.90
Molecular weight of a repeating unit 0.07 13.13 0.97 0.07 17.47 0.95 0.09 23.86 0.90
Cohesive energy 0.11 8.74 0.93 0.18 10.01 0.91 0.14 8.85 0.93
Molar volume 0.05 11.44 0.97 0.05 11.39 0.97 0.09 20.01 0.92
Van der Waals volume 0.06 8.58 0.96 0.05 6.57 0.98 0.09 13.14 0.92
taking each feature’s contribution for each tree in the model; Physical data mmVectors added mm Vectors only
therefore, a hl.gher. value of thls metr'lc when compared to fan- GLASS TEMP
other feature implies that it is more important for generating
a prediction.’2l Feature importance mainly corresponds to IND REFRACTION
the parameters most correlated with the target property, with DENSITY
minor exceptions for parameters that do not follow the log- SOLUBILITY
normal distribution (Fig. 5). Similar inconsistencies for some HEAT CAP
parameters have already been observed in other studies on
L . COH ENERGY
predicting polymer properties, and are often found for com-
plex models working with small and noisy datasets.[*%731 This vbwvoL
may suggest that the present data have sufficient size and re- MOL WEIGHT
liability for to extract strong dependences correctly and do MOLAR VOL

not experience under- or overfitting in these cases.

The performance metrics obtained in all three experiments
are summarized in Table 2. The mean average percentage er-
rors for the models did not exceed 15%, which was compara-
ble to regular experiments or calculation errors.

A visual comparison of the acquired R? metrics for different
input features is shown in Fig. 6. Because of a significant rise
in input data dimensionality, the accuracy of predictions for
target properties that are strongly linked to physical charac-
teristics (such as the index of refraction, molecular weight of a
repeating unit, molar cohesive energy, and density) is slightly
decreased when compound vectors are included as extra fea-
tures along with the physical data. This decrease in accuracy,
known as "the curse of dimensionality,” occurs when the in-
put dimensionality is too high to effectively comprehend the
features. However, exclusion of the physical data from input

0.0 0.2 0.4

Fig. 6 Performance of prediction models with different input data
for all target physical properties.

features for these targets did not lead to a significant de-
crease in R2, with the exception of the Hildebrand solubility
parameter. As discussed above, the Hildebrand solubility pa-
rameter could contain large noise or be implicitly dependent
on other structural characteristics, such as the degree of poly-
merization, polydispersity, and nature of the end groups, as
discussed above. As “vectors added” models contained 300-
dimensional compound vector and only 8 physical properties,
their impact on model performance may have been insuffi-
cient to provide accuracy similar to experiments using only
physical input data. The difference between the perfor-

Table3 Summary of predictive investigated in the literature.

Property Database Number of samples Feature R? Refs.
Glass transition Polymer Handbook!” and 751 Descriptors 0.87 [76]

temperature Prediction of Polymer propertiest”>)
Polylnfo and QM97”! 1321 Multiple molecular 0.92 [78]

fingerprints
Polylnfo 6923 Descriptors and multiple 0.87 [44]
molecular fingerprints
PolyAskinG and QM9 214 real and 5000 Molecular graph 0.62 [79]
“synthetic” samples
Index of refraction Polymer Handbook and other 527 Molecular fingerprints 0.88 [80]
literature
Calculated using the density 382 Descriptors 0.82 [81]
functional theory
Density Polylnfo 1248 Molecular fingerprints 0.70 [82]
Hildebrand solubility ~ Prediction of Polymer Properties 45 Computational descriptors 0.94 [47]
parameter and other literature
Heat capacity Physical properties of polymers 68 Descriptors 0.76 [84]
handbook83!

Polylnfo 124 Descriptors 0.95 [85]
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mances of vector-based models in these cases does not pro-
vide statistically reliable conclusions, as it may be affected by
overfitting of the training data and incorrect hyperparameter
optimization.

By incorporating structural information, we could signifi-
cantly increase the accuracy of the glass transition tempera-
ture. It is worth noting that this parameter does not exhibit a
log-normal distribution and lacks strong correlation with the
physical properties of the dataset. This case indicates that the
compound vector, as a polymer representation, may play a
crucial role in constructing an efficient regression model.

In general, the prediction accuracy of most of the individu-
al properties using vector representations was lower than the
previously reported results for single-target predictions, with
the exception of heat capacity (Table 3). However, most stud-
ies involve either significantly larger databases or extensive
task-specific feature design involving manual selection of op-
timal descriptors calculated based on RDKit or other compu-
tational algorithms.

CONCLUSIONS

The comparison between models constructed using physical
data and compound vectors indicates that this structural repre-
sentation method can enhance the predictive capability for cer-
tain properties compared to regression solely on the physical
parameters of the polymer. Importantly, the ease of incorporat-
ing such featurization techniques into research workflows with-
out significant computational resources or time-consuming se-
tups suggests that leveraging pre-trained embeddings derived
from extensive chemical datasets could benefit the develop-
ment of new polymeric materials. This approach may be partic-
ularly useful in scenarios in which the transfer of polymer struc-
ture information to the model has not been previously explored.
Moreover, models focusing on regression based solely on vec-
tor representations of the polymer demonstrated a prediction
quality comparable to those utilizing physical parameters as
features. Consequently, the integration of machine learning
methods with pre-trained molecular representations, such as
Mol2Vec, holds promise for advancing polymer research. In par-
ticular, this approach offers a valuable method for selecting
promising monomers, estimating the parameters of existing
polymers based on their structure and physical properties, and
identifying potential avenues for monomer functionalization.
This advancement could facilitate more efficient and informed
decision-making in material design and development processes.
More complex regression tasks, however, may require more ac-
curate and information-rich representations, as well as lower
vector dimensionality, to better fit small polymeric datasets.
Therefore, a more accurate language model that accounts for
distinctions in the chemical structure between polymers and
molecular compounds, as well as the integration of polymer-
specific embeddings, will be the focus of our future studies.
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