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Predicting material properties is a critical step in
advancing polymer science and enabling the design
of new materials with tailored functionalities [1]. This
study focuses on developing machine learning
models trained on datasets compiled from the
literature to accurately predict four key properties of
monomers relevant to free radical emulsion
polymerization: propagation rate constant [2],
reactivity ratios in copolymerization [3], glass
transition temperature [4], and water solubility [5].
These properties significantly influence
polymerization kinetics, polymer composition, and
the final characteristics of the resulting polymers.

Artificial neural networks (ANN) were employed to
predict rate constant of propagation, reactivity ratios,
and water solubility due to their ability to capture
complex, nonlinear relationships inherent in
chemical datasets. For glass transition temperature
prediction, a meta-model was implemented by
combining ANN with CatBoost, a gradient-boosting
decision tree algorithm [6]. This hybrid approach
enhanced predictive performance by leveraging the
strengths of both models.

For all models, hyperparameter optimization was
conducted using grid search, and training and
testing were performed using 5-fold cross-validation
to ensure robust and reliable evaluation. The
predictive  framework demonstrated excellent
accuracy, achieving high R-squared values and low
root mean square errors (RMSE) across both
training and test datasets.

The developed models rely on chemical structure-
based features such as molecular fingerprints and
descriptors [7]. These inputs effectively represent
monomer properties, enabling data-driven insights
into how chemical structures correlate with the
desired  polymerization  characteristics.  This
predictive framework reduces the dependency on
extensive experimental testing, offering an efficient
and reliable alternative for evaluating monomer
properties.

While the current work emphasizes model
development and validation, the assembled
framework holds significant potential for broader
applications. A key area of interest is the

identification and optimization of bio-based
monomers as  sustainable  alternatives to
conventional petrochemical monomers.

Predicting key properties such as glass transition

temperature (a critical parameter influencing
minimum  film formation temperature), water
solubility (important for mass transfer

considerations), and propagation rate constant and
reactivity ratios (which govern reactivity and
polymerization kinetics) can facilitate the selection of
bio-based candidates that emulate or improve upon
traditional monomers' performance in free radical
emulsion polymerization [8].

The assembled model is a handy tool for
researchers aiming to innovate in polymer design
and applications. By providing accurate predictions
for multiple key properties, these models address a
gap in materials science, where experimental trial-
and-error approaches can be resource-intensive and
time-consuming. The integration of advanced
machine learning techniques, including neural
networks and ensemble methods, underscores the
potential of artificial intelligence to accelerate
innovation in polymer chemistry.
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