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ARTICLE INFO ABSTRACT

Keywords: Lignin-based polyurethanes (PUs) offer a compelling route towards sustainable material development, yet the
Lignin challenge of designing chemical formulations with targeted properties, such as glass transition temperature (Tg),
Polyurethane remains unresolved. In this work, we present a systematic approach to explore key structural parameters — such
gﬂgzﬁlzztf;inlng as lignin content, co-polyol chain length, isocyanate functionality, and mixing ratios — across 136 unique for-
mulations, creating a diverse dataset of lignin-based PUs. By harnessing this small dataset, we develop a machine
learning (ML) stacking ensemble model capable of reliably predicting Ty, with a mean absolute error of 13.41 °C
on the validation set, surpassing the performance of all individual models. Additionally, we enhance model
interpretability by integrating advanced mapping techniques and employ an adaptive grid search algorithm to
explore extrapolative scenarios. Our workflow, paired with a user-friendly interface, enables rapid discovery and
optimization of formulations with desired properties. This study not only deepens the understanding of struc-
ture—property relationships in lignin-PUs but also provides a scalable ML-driven tool for designing sustainable
materials with precision, highlighting the transformative potential of artificial intelligence in green chemistry

and materials innovation.

1. Introduction

The global polyurethane (PU) industry is experiencing growing
pressure to develop environmentally friendly and biobased alternatives
in response to ecological concerns. This shift is driven by the increasing
demand for high-performance materials in sectors like construction,
automotive, furniture, and footwear, where sustainability has become a
key priority . In this regard, lignin, a naturally abundant biopolymer,
emerges as a particularly promising feedstock, owing to its multifunc-
tional polyol structure containing both aliphatic and phenolic hydroxyl
groups, which makes it intrinsically suitable for polyurethane synthesis.
Although lignin is also compatible with other polymer families such as
polyethers, polyacetals, and polyesters, polyurethanes remain the most
widely employed across these industrial sectors, spanning thin films,

coatings, foams, elastomers, and composites, positioning lignin-based
PUs as a highly relevant platform for sustainable materials develop-
ment [1].

Despite this promise, the creation of new materials has traditionally
been a laborious process, heavily reliant on extensive laboratory
experimentation. While crucial for material innovation, this conven-
tional approach often proves inefficient, lengthy, and expensive. A
prime example is the challenge of regulating thermomechanical prop-
erties in PUs, which necessitates multiple experiments to adjust ingre-
dient proportions, catalysts, and production methods, potentially
hindering the rapid commercialization of new materials [2-8].

Recent progress in data-centric methodologies, however, offers a
promising avenue for expediting PU discovery. The field of materials
science has seen a surge in the application of artificial intelligence (AI)
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and machine learning (ML) techniques. Researchers are now employing
sophisticated algorithms to forecast polymer structures and properties
with remarkable precision, thereby reducing the need for costly physical
experiments [9,10]. These models achieve this by automating the pre-
diction of critical performance metrics such as the glass transition
property (Tg), even when working with sparse datasets [11-14].

Despite these advancements, not all ML methods can perform
effectively with small experimental datasets. One of the primary limi-
tations of traditional ML algorithms is their tendency to overfit when
data is limited, meaning the model captures noise rather than underly-
ing patterns [15]. This issue becomes particularly significant when
developing advanced materials like PUs, where small deviations in
formulation can lead to large variations in performance metrics.
Furthermore, certain models struggle with capturing non-linear re-
lationships that are often present in experimental datasets, requiring
more sophisticated approaches to make accurate predictions from
limited data [16].

To overcome these limitations, ensemble methods have emerged as
powerful tools. These ML techniques combine multiple models, known
as base learners, to improve prediction accuracy and robustness.
Random Forests (RF), for instance, construct multiple decision trees and
aggregate their predictions. Tao et al., evaluated 79 different ML models
to predict the Tg of polymers, using various polymer representations and
feature engineering approaches. RF models were among the top per-
formers, particularly when using a polymer's repeat unit as the structural
representation [17]. Ensemble models using polynomial base models
have also been shown to improve prediction accuracy, moreover, in
contrast to RF-based models, the final predictive model can be refor-
mulated as a single model instance significantly improving computa-
tional efficiency at production level [18]. Such models were successfully
used for designing hyperbranched polymers as dispersing agents in inks
[19]. Gradient Boosting Regression (GBR), another powerful ensemble
method, has also proven effective in materials informatics. Unlike RF,
which builds trees in parallel, GBR constructs trees sequentially, with
each new tree correcting the errors of the previous ones. Albuquerque
et al. used GBR to analyze various formulations of biobased epoxy resins
[20]. However, the limited dataset in that study (35 samples) resulted in
significant overfitting, highlighting the need for more robust approaches
to handle small data scenarios. In contrast, the LASSO model demon-
strated strong generalization performance.

In addressing the challenges, this study proposes an innovative
approach that combines domain expertise with ensemble ML techniques
for optimizing sustainable, lignin-based PUs. Traditional methods such
as cross-validation and hyperparameter tuning are effective for refining
individual models, but ensemble approaches—Ilike stacking and bag-
ging—offer the advantage of improving overall performance by
leveraging multiple algorithms. Stacking, for instance, uses a meta-
model to combine the predictions of various base models, which has
been shown to significantly enhance predictive accuracy. Esmaeili et al.
applied this technique to improve the prediction of polymer solubility
parameters by integrating Support Vector Machines (SVMs), Neural
Networks (NNs), and RFs, with a linear regressor serving as the meta-
model [21]. Similarly, bagging, which trains models on random sub-
sets of the data to reduce variance, has proven effective for managing
heterogeneous datasets. The utility of bagging was demonstrated for
improving the prediction of polymer mechanical properties and the
robustness of polymer degradation models, respectively [22,23].

This study builds on these advancements by combining stacking and
bagging techniques with domain-specific knowledge to enhance the
predictive accuracy and formulation optimization of lignin-based PUs.
This material system is particularly amenable to a data-driven approach,
as the isocyanate-hydroxyl reaction underlying PU synthesis proceeds
efficiently under mild conditions, enabling the rapid preparation of large
numbers of formulation variants—a prerequisite for generating the
experimental datasets required by ML workflows. A range of models —
linear (e.g., Lasso, ElasticNet), kernel-based (e.g., SVMs), and tree-based
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(e.g., RF, GBR) - are employed to capture both linear and non-linear
relationships within the data. Linear models, in particular, have
shown consistent performance in polymer research [24,25]. By inte-
grating the strengths of these diverse models, the proposed approach
seeks to establish more reliable data driven structure-property re-
lationships and improve the prediction accuracy of sustainable PU for-
mulations, particularly when working with small experimental datasets.
To this end, the Tg, measured by differential scanning calorimetry (DSC),
was selected as the target property: it is a fundamental thermal
parameter directly linked to PU network structure—specifically
segmental mobility, crosslink density, and free volume—and is routinely
used to evaluate performance across all PU applications. Moreover, DSC
autosampler operation allows high-throughput T, determination with
minimal sample quantities, facilitating the systematic data collection
necessary for robust model training. Building on this foundation, a user-
friendly interface that incorporates the model as its core is introduced,
enabling chemists to visualize recipe formulations based on desired
properties. This interface simplifies the interaction with the model,
removing the need for chemists to have in-depth knowledge of ML
techniques and allowing them to focus on leveraging its capabilities with
ease.

The central research question guiding this study is: Can ML models, in
combination with domain expertise, effectively predict and optimize the for-
mulations of sustainable, lignin-based PUs, especially in the context of limited
data?

2. Materials and methods
2.1. Lignin PU experiments

2.1.1. Materials

All commercially available solvents, reagents, and chemicals were
used as received without further purification unless otherwise stated.
Polytetrahydrofurans (PTHF;) with M,, = 250, 650 and 1000 g/mol and
corresponding OH values of 8.68, 3.20 and 2.10 mmol/g, were pur-
chased from Merck Life Sciences. Stannous octoate (Sn(Oct);) was
purchased from Alfa Aesar, while methyl ethyl ketone (MEK) and
anhydrous tetrahydrofuran (THF) were purchased from VWR Chem-
icals. Hexamethylene diisocyanate (HDI) and NCO trimer Desmodur®
ultra N 3600 (further mentioned as “HDI trimer” (HDIt), fnco ~ 3.5
isocyanate groups/molecule) were purchased from Covestro.

For this study, Kraft lignin, specifically Indulin AT (KL) from Ingevity
(North Charleston, SC, USA), was selected as the most widely available
industrial lignin, obtained as a by-product of the paper industry. To
reduce the intrinsic heterogeneity of raw Kraft lignin, we applied a
simple solvent extraction step using an organic solvent, yielding the
soluble extracted Kraft lignin (EKL) fraction. This upgrading technique is
known to improve batch-to-batch reproducibility by providing lignin
fractions with more uniform molecular weight distribution and hydroxyl
group content, two parameters that strongly influence PU network for-
mation. By using this lignin source and extraction method, we ensure
that the variability observed in T, originates from the controlled
formulation parameters (lignin wt%, PTHF molecular weight, NCO/OH
ratio, isocyanate functionality, etc.) rather than from uncontrolled
lignin heterogeneity.

2.1.2. Construction of the dataset

A total of 180 lignin-based PU films were prepared with different
structural characteristics by changing relevant parameters in the
formulation. Four main structural parameters during the PU fabrication
were modified: (1) the amount of lignin in the polyol mixture, (2) the
length of the co-polyol polytetrahydrofuran (PTHF), (3) the type and
functionality of the isocyanate and (4) the mixing ratio of isocyanate to
polyol. As observed in Fig. 1, lignin-based PUs were fabricated to present
different thermal behavior by exchanging the lignin content in the
polyol mixture (Parameter 1), the molar mass of the co-polyol PTHF
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Parameter 1:

, 40, 60, 80 or 100%

Parameter 2:

M, = , 650 or 1000 g/mol
J

T

Polyol Mixture in THF

Parameter 4:
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60 °C

,0.8,1.0,1.20r1.4

Fig. 1. Scheme representing the 4 structural parameters modified during the preparation to obtain the 150 PUs.

(Parameter 2), the functionality of the isocyanate used for the synthesis
(Parameter 3) and the mixing ratio (Ratio = [NCOpi or zpIt)]/[OH(ignin
+ prup)] (Parameter 4). Regarding the latter, the use of either a difunc-
tional isocyanate HDI or HDIt created two main groups of specimens
whereas in each group five subgroups were created by gradually
increasing the mixing ratio from 0.6 to 1.4. Each subgroup synthesized
with a particular ratio was further split into 3 subgroups by using PTHF
of molar mass 250, 600 and 1000 g/mol where the impact of the polyol
length was examined. Finally, each subgroup formulated with a certain
isocyanate, mixing ratio, and PTHF was further divided in 5 final sub-
groups by changing the lignin content in the polyol mix. In all cases, the
same batch of extracted kraft lignin (EKL) was used.

2.1.3. Synthesis procedure

EKL: in a three neck 2 L round bottom flask equipped with me-
chanical stirring, 800 g of technical MEK was added to 200 g of Kraft
lignin powder. The mixture was stirred (200 rpm) at room temperature
(22 °C) for 16 h. After, a basic filtration under gravity was used to
remove the insoluble fraction. The filtrate containing the EKL in MEK
solution was dried under vacuum and in the oven at 45 °C for 4 h. EKL is
characterized by an OH value of 6.42 mmol/g and M;, = 1590 g/mol and
a dispersity of b = 1.9 (as determined from GPC in THF calibrated with
PS standards).

PU fabrication: the series of PU films were prepared at various EKL
to PTHF mass ratios (polyol mixture) using either HDI or HDIt as iso-
cyanate comonomer, according to Eq. (1).

_ W « 100 6
WekL + WprHF

The [NCO]/[OH] ratio was equal to 0.6, 0.8, 1.0, 1.2 or 1.2 for every
formulation and was calculated according to the isocyanate groups from
either the HDI or HDIt and the total hydroxyl molar content from EKL
(both phenolic and aliphatic groups) and PTHF based on Eq. (2):

NCO] _ Wxco % [INCOlyep
[OH]  wprar X [OH]pryp + Wexe, X [OH] g,

EKL(%,w/w) =

Ratio =

@

Where wWnco, WprHE, WEkL represent the masses (g) of HDI or HDIt, PTHF
and EKL, respectively; [NCO] is the molar content of isocyanate groups
in HDI or HDIt, in mmol/g; [OH]lpryr and [OH] gy, are the molar content
of total hydroxyl groups in the co-polyol and EKL in mmol/g, respec-
tively. The experimental procedure carried out for the synthesis of EKL
PU films is described below.

In a vial, catalyst (Sn(Oct)2, 0.8 mol % with respect to the total
[OH]prur and [OH]gkr (polyol mixture) content in EKL and co-polyol
PTHF were dissolved in dry tetrahydrofuran (THF) (8 mL for 2 g of
total formulation) and stirred at room temperature until complete
dissolution. Afterwards, the isocyanate was added to the solution and
the temperature was raised to 60 °C. The reaction time was dependent of
the formulation parameters and ranged from 1-30 min. The solution was
poured into Teflon molds (70 x 35 x 2 mm), the solvent was evaporated
slowly overnight at room temperature and the curing was further

performed in an oven for 6 h at 105 °C. Finally, the film was peeled off
from the Teflon mold, was vacuum-dried at 40 °C for 18 h to evaporate
any residual THF and was stored in a desiccator before testing. The
thickness of the obtained films was about 0.5 mm.

2.1.4. Characterization techniques

Determination of Swelling Ratio: swelling tests were carried out
with round disc-shaped specimens with an average mass of 600 mg using
THF to perform the solubility tests. The specimens were immersed in the
solvent for 24 h at 25 °C. Subsequently, the swollen samples were
weighed then dried overnight under vacuum at 80 °C to obtain the dry
weight. The swelling ratio was calculated using Eq. (3).

Swellingratio(%) = 2ol — My . 100 3)
Mary

Differential Scanning Calorimetry (DSC): DSC was performed using a
TA Instruments Discovery DSC 250 equipped with a refrigerated cooling
system that allows cooling to —90 °C. The samples were measured in
Tzero pans with perforated T,er, hermetic lids to allow a nitrogen at-
mosphere around the sample. DSC thermograms were recorded with a
heating rate of 10 °C min~'. Only experimental data obtained from the
second heating step were reported. A representative DSC thermogram is
shown in Fig. S1 of the Supporting Information.

2.2. Machine learning

2.2.1. Hardware and software

All calculations were performed on a HP laptop with a 13th Gen
Intel® Core™ i7-1365U processor running at 1.80 GHz. Python v. 3.10
was used as programming language.

2.2.2. Dataset preparation and preprocessing

The experimental raw data (dataset.csv in Supporting Information),
initially compiled in excel spreadsheet format, was converted to a CSV
file and imported into a Python environment for preprocessing. The
preprocessing consisted of several steps: categorical feature encoding
using LabelEncoder to transform nominal variables into numerical
representations, dropping instances with missing values and feature
scaling using RobustScaler to normalize the dataset comprising both
numeric and categorical features. We chose RobustScaler for its resil-
ience to outliers and suitability for heterogeneous data types.

The preprocessed dataset comprised nine input features and one
target variable (Tg). The first eight features represented experimental
parameters used in the synthesis process. The ninth feature (swelling
ratio) and the target variable (Ty) were both characterization values
obtained from the synthesized product (see Table 1). The raw dataset
contained instances with no values in the target (e.g.,, “NaN” for Tg) as
well as instances with 0 wt% lignin content. We removed these rows,
which reduced the dataset from 180 instances to 136.
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Table 1
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Dataset features for machine learning model; * mandatory features used in the wrapper method for feature selection.

Amount of  Amount of Co- Co-polyol Amount of Amount of Isocyante Mixing molar Catalyst Swelling Glass transition
lignin polyol by weight  type isocyanate by isocyanate based type ratio [NCO]/ amount ratio temperature
percent weight percent on ratio [OH]
Lignin (wt Co-polyol (wt%) Co-polyol Isocyanate (Wt%) Isocyanate (mmol  Isocyanate Ratio* Tin(II) Swelling Ty (°C)
%)* type NCO) type octoate (wt ratio (%)
(PTHF)* %)

2.2.3. Feature selection

We applied two methods to identify the features most critical for
developing the ML model.

The first method was Principal Component Analysis (PCA). PCA is a
statistical technique used in feature selection through reduction of the
number of variables. It works by transforming the original features of a
dataset into a new set of uncorrelated variables called principal

components (PCs). These components are linear combinations of the
original features and are ordered so that the first few capture the most
significant variance in the data. In order to determine the most impor-
tant features, we aimed to identify those that explain more than 90% of
the total variance. This threshold provides an effective balance between
retaining the majority of the data's variability and reducing the dataset's
dimensionality [26,27]. We computed the loading for each feature,

| Stratified Cross -
~  Validation Original Dataset
e — g |
. — Elastic Net
RF Lasso
SVR
v ¥ v
Model 1 Model 2 Model 3 Model 4 Model 5
Meta-feature
Generation
Mapping Data ﬁ—rli
Meta-model
. Training
Base Model
Predictions
' Ridge
! Regression
Meta-feature
Vector
Final Stacking
Model
Final Prediction

Fig. 2. Process description for developing the stacked ensemble model and fitting of unseen data (e.g, the mapping data). A stratified fixed splitting strategy was
used to divide the dataset into training (approximately 104 samples), validation (16 samples), and test (16 samples) sets, ensuring representative target variable

distribution across all partitions.
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which represents the contribution of that feature in forming each PC.
Higher loading indicates a stronger influence on the corresponding
component.

We ranked the features based on two key metrics: the average ab-
solute loading and the maximum absolute loading. The average absolute
loading is the mean of the absolute values of a feature's loading across
the selected PCs. This reflects its overall importance across all consid-
ered components. The maximum absolute loading, on the other hand,
identifies the highest absolute value of a feature's loading across the PCs.
This highlights its strongest contribution to any single component.

The second approach employed a wrapper method to identify the
most effective combination of features for predictive performance. This
method systematically evaluated different feature subsets in conjunction
with model training and optimization. We defined two feature lists:
“mandatory” features always included in the model and “optional” fea-
tures explored in every possible combination (see Table 1 for feature
designation). The wrapper method generated all subsets of optional
features and combined them with the mandatory features, creating
diverse feature combinations. For each combination, we trained the
model using the ensemble method detailed in Fig. 2 to predict the Tg.
These results are presented in section 3.2. By iterating through all
possible features and model combinations and evaluating their perfor-
mance based on predefined metrics, the wrapper method identified the
optimal combination that yielded the best predictive accuracy. This
approach ensured that feature selection was directly tied to the model's
performance. Notably, during the early stages of the study, we observed
low performing models when using only the four input variables (e.g.,
the parameters shown in Fig. 1). This prompted us to integrate addi-
tional features, which included the swelling ratio output as an input
feature. The results presented in Supporting Information section 3.2
demonstrate how datasets without swelling ratio return a higher Mean
Absolute Error (MAE) than when swelling ratio is used in certain ML
architectures we experimented with (e.g., out-of-fold cross validation).

After completing the PCA and wrapper analyses, we assessed the
results and we compared the outcomes against domain expertise and a
correlation analysis of features. The selection of the dataset features was
ultimately based on the model performance with the lowest MAE values.
This integration guided our selection of the optimal feature set for the
final ML model, balancing predictive power with interpretability for Ty
prediction. Additional results of the PCA are available in Supporting
Information section 3.1.

2.2.4. Ensemble learning regression

The ensemble method employed in this study combined multiple
base models with a meta-model to improve predictive performance. The
implementation scheme is shown in Fig. 2 and it is commonly referred to
as stacking ensemble.

There are two other methods such as bagging and boosting and they
differ in the way they combine the base models and the objectives they
aim to achieve [28]. Bagging, short for bootstrap aggregating, aims to
reduce variance by training multiple models on bootstrapped samples of
the original dataset and averaging their predictions. Boosting, on the
other hand, focuses on reducing bias by sequentially training models
that give more weight to misclassified instances from previous itera-
tions. While bagging models are typically independent, boosting creates
a strong dependency between successive models in the ensemble. The
key distinguishing feature of stacking is its use of a meta-learner, which
learns to combine the predictions of diverse base models in an optimal
way, potentially capturing complex interactions between these models
and leading to superior overall performance [29]. However, within the
stacking ensemble we implemented, the tree-based models on their own
can be considered as bagging methods.

Furthermore, the process description, which graphically outlines the
model development and highlights feature importance and model
strengths, is divided into three subsections. The first section focused on
the tuning and performance assessment of the base models. The base
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models were trained and validated using the dataset derived from the
analysis carried out under the feature selection section 2.2.3. This
dataset contained the predictive features and the target variable T.

To evaluate the model’s performance, a stratified fixed splitting
approach was used. Rather than employing cross-validation splits, a
stratified splitting technique was implemented to ensure that the vali-
dation and test sets were representative of the entire target variable
distribution, which was important given the relatively small sizes of
these sets. The stratified splitting process involved three sequential
steps: (1) sorting all samples by the target variable (Tg) in ascending
order, (2) applying systematic sampling to select 16 validation samples
evenly distributed across the sorted range, and (3) applying systematic
sampling again to the remaining samples to select 16 samples, with all
remaining samples (104) allocated to the training set. This systematic
approach ensured that low, medium, and high T, values were propor-
tionally represented in all three data partitions, thereby preventing the
bias that could arise from random sampling with small validation and
test sets (see Fig. S4 in Supporting Information for stratified statistics). A
consistent random seed was used to guarantee reproducibility and
enable fair comparison across different feature combinations and model
configurations.

Then, for each fold, we trained a variety of base models, (e.g., GBR,
RF, Support Vector Regressor (SVR), Lasso, and ElasticNet algorithms).
Each algorithm underwent hyperparameter optimization using Grid-
SearchCV with predefined parameter grids (see Table S3 in Supporting
Information). To leverage the fixed validation set for hyperparameter
selection while maintaining proper data separation, the training and
validation sets were temporarily combined for GridSearchCV, with a
custom cross-validation split that designated training samples as the
training fold and the validation samples as the validation fold. This
ensured that hyperparameter selection was based on performance of the
fixed validation set. After identifying the optimal hyperparameters, each
base model was retrained exclusively on the training set to prevent data
leakage. For the tree-based models (GBR and RF), the number of base
estimators was also tuned, testing values starting from 1, 10, 50, 100,
and then incrementing by 100 up to 1000, to determine the optimal
number of estimators. The remaining hyperparameters (e.g., learning
rate, max depth, regularization strength) were tuned via GridSearchCV.
The trained base models then generated predictions on all three data
partitions (training, validation, and test sets), creating the meta features
for the second layer of the ensemble. All five base models were used to
construct the ensemble. Therefore, the meta-feature matrix had rows
corresponding to the number of data points (i.e., 104) and columns
corresponding to the number of base models (i.e., 5), while the valida-
tion and test sets each produced (16 x 5) meta-feature matrices.

The second section focused on the performance assessment of the
meta-learner and the ensemble as a whole. The ridge regression algo-
rithm was used as the meta-model. The meta-model was trained on the
training set meta-features and evaluated on both the validation and test
set meta-features. Unlike the base models, the meta-model did not un-
dergo hyperparameter tuning; instead, it was trained with default Ridge
regression parameters.

In both instances, the base models and the meta-model were moni-
tored with regards to the metrics defined in section 2.2.5. Metrics were
computed separately for the training, validation, and test sets, providing
comprehensive insight into model fitting, hyperparameter selection
quality, and generalization performance respectively All metrics were
calculated on the original scale of the target variable (°C) by applying
inverse transformation using the fitted scaler, ensuring interpretability
of the results.

The final model was identified based on the test set performance,
specifically minimizing test MAE while monitoring validation MAE to
assess consistency as well as other metrics as described in 2.2.5. This was
used to determine new formulations by means of mapping unseen data
or the use of an adaptive grid search method described in section 2.3 and
section 2.4.



S.F. Acaru et al.

2.2.5. Model evaluation metrics

The evaluation of the ML models was based on three key metrics: R?,
mean square error (MSE) and MAE.

R? s the coefficient of determination, and it indicates the proportion
of variance in the dependent variable predictable from the independent
variable(s). R? ranges from 0 to 1, where 1 indicates a perfect fit.

2 Zznzl (.)’i - yi)2
et Y-y’ @
MSE measures the average squared difference between estimated
and actual values. It is always non-negative, and values closer to zero are
better. MSE gives a higher weight to larger errors, as the differences are
squared before they are averaged.

1 _
MSE = (i~ 5)° (5)
i=1

MAE measures the average magnitude of errors in a set of pre-
dictions, without considering their direction. It is the average over the
test sample of the absolute differences between prediction and actual
observation. MAE is less sensitive to outliers compared to MSE.

1 .
MAE = - L — Vi

2 b3 ©)
where  yjistheactual value, yiisthe predicted value,  ¥;istheme

an of actual value, and nis the number of observations.
2.3. Mapping for model behavior

After developing the ML model, we sought to understand the model’s
behavior and the relative importance of different features in deter-
mining the output. We did this by means of mapping, through a sys-
tematic exploration of the entire feature space defined by the input
parameters. We established discrete ranges for each feature (see
Table 2). Using these predefined ranges, then we generated all possible
combinations of feature values. For each combination, the input data
was scaled using a pre-trained scaler, and then fed into the best base
models developed above. The predictions from these best base models
(described as meta-features) were then input into the meta-model,
which produced the final prediction (Fig. 2). Through mapping the
model performance, we acquired knowledge on the synthesis formula-
tion of over 4 million sample combinations.

2.4. Predicting new synthesis parameters for formulations using an
adaptive grid search

The analysis of our model's performance through mapping enabled
us to develop new synthesis formulations effectively. However, we
encountered significant challenges in the mapping process related to
input feature increments. Using larger increments led to gaps in
coverage of the desired target Ty values, while using smaller increments
(as detailed in Table 2) generated over 4 million unique synthesis

Table 2

Mapping parameters to explore the Ty — prediction capabilities.
Feature Interval Representation
Lignin (wt%) Discrete integers ranging from 0 to 70 0,1,2,...,70

(step of 1)

Co-polyol type Discrete numeric values representing 250, 650, 1000

(PTHF) molecular weights
Ratio 17 equidistant points in the range from 0.6, 0.65, 0.7,
0.6 to 1.4 (step of 0.05) 0.75...1.4

Co-polyol (wt%) 5 evenly spaced values between 0 and
66
Discrete values ranging from 0 to 20 0,0.4,0.8 ..., 19.6,

(step of 0.4) 20

0, 16.5, 33, 49.5, 66

Isocyanate (Wt%
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combinations. This vast number of combinations exceeded the practical
limits of our computing hardware, namely a 13th Gen Intel® Core™ i7-
1365U processor running at 1.80 GHz. More specifically, the visualiza-
tion library (i.e., plotly) failed to render the parallel coordinates plot, our
chosen method for visualizing the relationships between synthesis
parameters.

Furthermore, our initial mapping strategy's parameter-input
approach, while effective at demonstrating feature-Ty relationships,
lacked direct output control. This limitation necessitated developing an
alternative strategy that could balance fine-grained target output reso-
lution with reasonable computational demands.

To address these challenges, we implemented an adaptive grid
search algorithm that optimizes input parameters for T, prediction using
our ensemble ML model. The algorithm operates on the seven input
parameters initialized as a coarse grid (Table 3). For each target Ty, it
systematically evaluates combinations of these parameters, using both
base and meta-models for T, prediction.

The algorithm works through an iterative refinement process.
Initially, for each target Ty, it systematically evaluates all parameter
combinations within the current grid using both base and meta-models
for prediction. The absolute difference between each predicted Ty and
the target Tg is then calculated to identify the parameter combination
that yields the smallest difference, representing the best match.
Following this identification, the algorithm narrows the search range
around these optimal parameters while maintaining the grid density.
This entire process is repeated for three iterations, each time working
within a more focused parameter space to progressively improve pre-
diction accuracy.

We applied this method across target Ty values from —17 °C to
100 °C in 2.39 °C increments. This systematic approach allowed us to
identify optimal synthesis parameters for each target T, temperature
while avoiding the computational limitations of our initial exhaustive
mapping strategy. The final output provided a comprehensive set of
synthesis formulations.

This process generated a dataset of optimal parameter combinations
and their corresponding predicted T, values for each target. By setting a
wider range for Tq than the data points available in the training dataset,
we also explored the extrapolation capacities of the ML model. We
plotted the input determination dataset using parallel coordinates. This
plot is advantageous primarily because it can display multiple variables
in a single 2D graphic. It also allows visualization for easy identification
of relationships between different parameters and the T and can ensure
the adoption of the ML model by experimental chemists.

3. Results and discussion
3.1. Dataset overview

3.1.1. Correlation of features

The analysis of correlations with Tg reveals intriguing relationships
among various features (Fig. 3).

Lignin (wt%) exhibits the strongest positive correlation with Tg,
indicating its significant influence on this property. This observation
aligns with established chemical reasoning from the literature. Lignin, a
complex polymer composed of phenolic compounds, is known to affect
the crosslinking density of lignin-PU materials. The presence of aromatic

Table 3
Grid features and their parameters.

Features Values

Lignin (Wt%)
Co-polyol type (PTHF)

0, 33.33, 66.67, 100
250, 650, 1000

Ratio 0.6, 0.8, 1.0, 1.2, 1.4
Co-polyol (wt%) (Calculated as 100 - Lignin (wt%)): 0, 33.33, 66.67, 100
Isocyanate(wt%) 0, 5,10, 15, 20
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Fig. 3. Heat map showing the correlation coefficients between the features
within the dataset, 1 indicates a perfect positive correlation, —1 indicates a
perfect negative correlation and 0 indicates no correlation.

groups and 7-1 interactions can enhance the rigidity and thermal sta-
bility of the material. As the lignin content increases, the network of
crosslinks becomes denser, restricting molecular mobility and leading to
a higher T4 [30-32]. Conversely, the Co-polyol (wt%) demonstrates the
most substantial negative correlation with Ty This observation aligns
with previous knowledge, where an increase in the co-polyol as flexible
soft segment leads to an increase in free volume and a decrease in Ty
[33]. Isocyanate-related features Isocyanate (wt%) and Isocyanate (mmol
NCO) show similar positive correlations, followed closely by the Ratio.
As the isocyanate increases, the crosslinking density within the polymer
network increases thereby restricting segmental motion and elevating T,
[34]. These correlations can also be logically explained by the inherent
relationships between these features within the dataset, providing
valuable insights into the interconnected nature of the variables under
study.

Examining correlations with swelling ratios as experimentally
accessible proxy for network density uncovers a different pattern. The
co-polyol feature Co-polyol (wt%) displays the strongest positive corre-
lation, followed by its type Co-polyol Type (PTHF). The strong positive
correlation between Co-polyol (wt%) and Swelling ratio suggests that as
the co-polyol content increases, the swelling ratio also increases. As the
co-polyol content increases, the amount of multifunctional lignin de-
creases. By consequence, the lignin-PU network becomes less rigid and
more flexible, reducing crosslink density, increasing free volume, and
improving THF (solvent for swelling studies) affinity, all of which
contribute to a higher swelling ratio. Isocyanate (wt%) shows the most
pronounced negative relationship with the swelling degree. As the iso-
cyanate content increases, the lignin-PU network becomes more cross-
linked, less flexible, and less permeable to THF, leading to a lower
swelling degree [35].

3.1.2. Clustering of data

In Fig. 4, we used density contours and scatter plots to deepen the
understanding of the experimental dataset.

From Fig. 4 (A), which used HDIt within its synthesis formulation,
the distinct bimodal clustering of data points shows that low lignin
content (10-20 wt%) correlates with low T; and increased swelling
ratio. Higher lignin content (30-40 wt%), highlighted by green and blue
dots, generally shows increased Ty with lower swelling ratios, though
some data points appear dispersed in the lower T, regions, particularly
for lignin 30 wt%. Higher lignin content introduces more aromatic units,
which increase Tz, while also enhancing crosslink density, thereby
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reducing the swelling ratio. A more in-depth discussion of the swelling
ratio and feature influence is provided in Supporting Information section
2.

Fig. 4 (B), analyzing Co-polyol type (PTHF) and Ratio, demonstrates
that higher molecular weights (M, 1000 g/mol) for the co-polyol tend to
cluster in the higher T, region, particularly when combined with higher
lignin contents (as observed in conjunction with Fig. 4 (A)). The inter-
mediate My (650 g/mol) shows a bimodal distribution, with points
present in both high and low Ty clusters. The M, = 250 g/mol co-polyol
data points show a distribution pattern that correlates strongly with
lignin concentrations. Notably, samples with lower Ratios (0.6-0.8) tend
to appear as outliers with higher swelling ratios, what can be explained
by the low crosslink efficiency due to isocyanate deficiency.

Fig. 4 (C) shows the HDI dataset, where the bimodal distribution
remains evident but with different clustering characteristics than HDIt.
The higher lignin content (45 wt%) samples maintain the trend seen
with HDIt: higher Ty with lower swelling ratio when the polymers get
more crosslinked. Notable outliers include samples showing isolated
clusters around 400-500% swelling ratio and low lignin content, giving
rise to loosely crosslinked networks with high swelling. In Fig. 4 (D), the
distribution of co-polyol molecular weight types maintains similar pat-
terns to those observed in Fig. 4 (B) of the HDIt dataset, preserving the
bimodal distribution but with distinct clustering characteristics.

This data analysis reveals that the dataset exhibits clear bimodal
distributions with strong negative correlations (—0.56 and —0.48),
where the composition of compounds significantly impacts the proper-
ties of the PUs. These results reinforce the challenge we are addressing:
identifying optimal combinations through purely experimental methods
would be an extremely time-consuming and resource-intensive process.

3.2. Feature selection

PCA revealed that four components were necessary to explain 95% of
the variance in the data, and three would reach 87% of the variance (see
Fig. S3, Supporting Information). We selected four since this exceeds the
pre-set acceptance criteria. To interpret the feature importance, we
examined both the average and maximum absolute loadings (see Fig. 5).
The average absolute loading indicates a feature's overall importance
across all PCs, while the maximum absolute loading highlights its peak
contribution to any single PC.

Ratio exhibited the highest average absolute loading of 0.35, fol-
lowed by Tin(II) octoate at 0.32 and Lignin (wt%) and Isocyanate (wt%)
at 0.30. The remaining features showed lower average loadings, with
Co-polyol type (PTHF) recording the lowest value at 0.19. Regarding
maximum absolute loading, Swelling ratio (%) and Isocyanate (mmol
NCO) demonstrated the highest values at 0.77 and 0.73 respectively. Co-
polyol type (PTHF) showed moderate importance in this metric at 0.55,
while Tin(II) octoate and Ratio had lower maximum loadings at 0.52
and 0.47 respectively.

Given the variability between these two loading metrics, we opted to
complement our analysis with a wrapper method for feature selection.
We retained Lignin (wt%), Co-polyol type (PTHF)and Ratio as a base set
(“mandatory” features), then systematically added and alternated the
remaining features (“optional” features).

We identified the top five performing models and observed several
aspects in the features selection (see Table 4). For example, two ex-
ceptions (ranks 4 and 5) included Isocyanate type in place of Isocyanate
(wt%), while one exception (rank 2) excluded Co-polyol (wt%) entirely.

Co-polyol (wt%) was present in four of the five top-performing
models; despite its relatively low importance in the PCA analysis, its
inclusion consistently improved model performance, suggesting it cap-
tures variance not fully reflected by the principal components. The
model that did not contain this feature (rank 2) returned a slightly
higher MAE for the validation dataset.

Additionally, the Isocyanate (wt%), which is related to the Ratio
feature, is also part of the datasets returning the lowest MAE metrics.
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Fig. 4. Partial dependence plots of three representative features: Lignin (wt%), Co-polyol Type (PTHF) and the Ratio. The dataset was divided into two groups with
(A) and (B) plots showing 90 samples, where HDIt is present. (C) and (D) is the dataset composed of 90 samples with HDI in the composition.

The Isocyanate (wt%) and Ratio have shown a moderate positive corre-
lation (see Fig. 3), and in addition to the proportional factor that Ratio
provides, the Isocyanate (wt%) contains exact weight percentage values,
which positively influences the model’s understanding of the dataset.
Notably, the models that utilized Isocyanate type instead of Isocyanate (wt
%) (Ranks 4 and 5) returned higher MAE values on the validation
dataset. Although Isocyanate (wt%) and Isocyanate type are strongly
correlated, the use of continuous numerical values over categorical
representations contributes to better model accuracy. The Co-polyol type
(PTHF) is also consistently part of all five top-performing datasets, and
as evidenced by the PCA's Maximum Absolute Loading Value, it does
have an important role on model performance. Based on this metric, it
was the third most important feature.

After analyzing the dataset through the three methods: correlation,
PCA, and the wrapper method applied within the ensemble model, it is
evident that the features emphasized in the stacking ensemble are highly
valuable. These features provide compelling insights that can be lever-
aged to develop a robust final model for predicting the T of lignin PUs.

3.3. Model performance as a function of base estimators

In Table 4, the performances of the ensembles showed to fluctuate
based on the number of base estimators present in the tree-based algo-
rithms. In this section, we investigated this performance from 1 to 1000
base estimators within intervals described earlier in section 2.2.4. We
used the dataset comprising the features we determined above.
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Fig. 5. Features ranked by average and maximum absolute loading based on 4
PCs explaining 97% of data. T, was excluded from the dataset when
applying PCA.

Fig. 6 shows the metrics across the base estimators of the ensemble.
The train R? values steadily increase from 0.942 to 0.997 as the number
of base estimators grows, and the test R? similarly improves from 0.457
to 0.765 (Fig. 6A). However, the validation R2 slightly decreases from
0.494 to 0.428, indicating that while the model's ability to explain
variance improves on training and test data, this improvement does not
fully generalize to the validation set. The widening gap between the
train and validation curves indicates overfitting, especially at higher
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numbers of base estimators, where the stacked model performs sub-
stantially better on the training data than on unseen data. The train MSE
decreases markedly from 41.936 to 2.479 with increasing base estima-
tors (Fig. 6B). The test MSE also generally decreases; however, the
validation MSE, after an initial decrease to approximately 338.368, in-
creases to 443.225 at higher estimator counts. This divergence between
train and validation MSE further confirms the overfitting trend. Simi-
larly, the train MAE decreases from 3.918 to 0.982 and the test MAE
from 15.17 to 10.814 (Fig. 6C). In contrast, the validation MAE increases
from 13.41 to 15.168, reinforcing the observation that additional esti-
mators primarily benefit training and test performance at the expense of
validation generalization.

This trend is consistent with prior polyurethane ML studies on small
datasets, where stronger apparent fit on the training set did not neces-
sarily translate into improved generalization. Menon et al. [36] specif-
ically highlighted that small and chemically diverse PU datasets are
difficult to model using tree-based approaches alone, and Ding et al. [37]
showed that predictive performance improved substantially only after
reducing intrinsic dataset diversity through benchmark curation.

Although there is evidence of overfitting in the stacked models, they
still display better performances than the individual algorithmic models
across validation and test metrics. As shown in Table 5, the stacking
ensemble outperforms all individual base models on the validation
dataset, achieving the lowest validation MAE of 13.41 compared to the
best individual model (GBR) at 15.99, and the highest validation R2 of
0.49 compared to GBR's 0.45. On training data, the improvement is even
more pronounced, with the stacking ensemble achieving an MAE of 3.92
and R? of 0.94, substantially surpassing all base models. This suggests
that the meta-features generated by the base models, together with the
application of Ridge regression as a meta-model, have successfully
captured generalizable patterns in the data while maintaining good

Table 4
Results of the validation dataset during feature selection using the wrapper method.
Rank R? MSE MAE # base Features
timat
Test Validation  Test Validation  Test Validation estimators
1 0.55 0.49 338.37 391.95 15.17 13.41 10 Lignin (wt%), Co-polyol type (PTHF), Ratio, Co-polyol (wt%), Isocyanate
(Wt%)
2 0.20 0.46 595.12  417.46 17.77  13.54 10 Lignin (wt%), Co-polyol type (PTHF), Ratio, Isocyanate (wt%)
3 0.61 0.49 292.55 392.19 14.26 13.55 100 Lignin (wt%), Co-polyol type (PTHF), Ratio, Co-polyol (wt%), Isocyanate
(Wt%)
4 0.63  0.43 273.85  439.07 10.99 14.06 100 Lignin (wt%), Co-polyol type (PTHF), Ratio, Co-polyol (wt%), Isocyanate
type
5 0.67 0.43 245.82  439.48 10.21  14.08 500 Lignin (wt%), Co-polyol type (PTHF), Ratio, Co-polyol (wt%), Isocyanate
type
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Fig. 6. Performance metrics of the Stacked Ensemble with stratified sampling at various base estimators from 1 to 10 to 50, 100 and up to 1000 of the tree-

base algorithms.
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Table 5
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Performance metrics of the individual models and the stacked ensemble of the selected model. Generalizability represents the difference between the Validation MAE
and the Training MAE, where a negative value means it underfits and a positive value it overfits.

MODEL R? MSE MAE
Train Test Val Train Test Val Train Test Val

GBR 0.81 0.53 0.45 134.18 348.84 429.07 10.00 15.26 15.99
RF 0.74 0.51 0.29 189.89 364.11 550.17 9.78 15.74 17.58
SVR 0.40 0.50 0.27 432.04 370.88 562.71 15.22 15.45 17.94
LASSO 0.31 0.32 0.24 501.53 507.15 589.55 18.44 19.09 19.59
ELASTICNET 0.39 0.47 0.30 437.72 399.07 543.65 16.04 16.58 18.51
STACKING ENSEMBLE 0.94 0.55 0.49 41.94 338.37 391.95 3.92 15.17 13.41

performance across both training and validation sets. The stacking
approach has effectively leveraged the strengths of each individual
model, combining their predictions in a way that mitigates their indi-
vidual weaknesses. There is also the question of the optimal number of
base estimators and the trade-off between performance gains and
computational cost. Hence, it can be deduced that the stacked ensemble
method regularly yielded the best predictions, as evaluated by MAE on
the validation dataset.

When compared with the broader literature, the present validation
performance should be interpreted as moderate rather than state-of-the-
art. Polyurethane-specific and polymer-informatics studies have re-
ported higher R? values, often in the range of approximately 0.71-0.91
or above, but those studies generally relied on either more curated
benchmark datasets, alternative target properties, or substantially larger
recipe libraries. Accordingly, the present performance is better viewed
as realistic for a heterogeneous lignin-based polyurethane dataset rather
than directly comparable to best-case results from larger or more ho-
mogenized studies [37-41].

Worth mentioning is that we also considered a different architecture
in the building of the ensemble, namely an out-of-fold (OOF) cross-
validation technique, in which base models generate predictions on
held-out folds through nested cross-validation, ensuring the meta-
learner is trained exclusively on OOF predictions to prevent data
leakage. Under this scheme, the best-performing model configuration,
using the same five-feature input, achieved an MAE of 15.71 °C and an
R2 of 0.34, compared to the stratified fixed-split approach which yielded
avalidation MAE of 13.41 °C and R2 of 0.49 for the same feature set (see
Section 3.2 in the Supporting Information for more results). The OOF
framework produced notably weaker predictive performance, likely
attributable to the limited dataset size, where repeated fold-based
splitting reduces the effective training set per iteration and inflates
variance in the meta-learner's training signal.

In the case of reference [18], 1000 base estimators were used with
the aim of getting sufficiently smooth statistics. Based on the current
results, where the validation MAE is lowest at lower estimator counts
(~10) and begins to increase beyond that point, a smaller number of
base estimators may have sufficed, though it should also be noted that
the dataset used in the earlier study was significantly smaller, with fewer
than 50 data points. The trend observed in Fig. 6 (C), suggests an
asymptotic effect, with the MAE approaching zero. However, the vali-
dation MAE trend indicates diminishing returns and potential over-
fitting beyond a certain number of estimators. Additionally, adding
more base estimators also increases training time and demands greater
computational resources.

This interpretation is also in line with the general trade-off reported
in ensemble learning for polymer-property prediction: beyond a certain
model complexity, gains in apparent fit may mostly reflect variance
reduction on the seen data rather than a true increase in transferable
chemical insight. In small-data polyurethane systems, simpler ensemble
settings may therefore be preferable when validation performance
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rather than training smoothness is the selection criterion [36,40].

3.4. Evaluation of model fit and residual distribution

Based on the model performance study in section 3.3, we selected the
best performing stacked model that included 10 base estimators for the
tree-based algorithms, and evaluated the model fit and residual distri-
bution. Fig. 7 (A) shows a moderate linear relationship between the
predicted and actual values for the Tg, with a Pearson correlation co-
efficient of 0.73. While the general trend follows the ideal fit line, there
is considerable scatter, with several points deviating notably from the
diagonal, notably in the mid-range values. From a model perspective,
the overall alignment of points along the ideal line suggests the model
has captured the general underlying pattern in the data, though not
without notable prediction errors for certain datapoints. There is no
obvious systematic bias visible, as points are distributed above and
below the line across the range. The model appears to perform across a
range of values, from approximately —10 °C to 75 °C. Fig. 7 (B) provides
additional insights into the model’s performance. The residuals appear
roughly distributed around the zero line, which indicates the model is
not strongly systematically over- or under- predicting. However, some
larger positive residuals are observed at lower predicted values, sug-
gesting the model tends to underpredict in certain cases within the
range. Additionally, the spread of residuals appears somewhat larger at
lower predicted values compared to higher ones, suggesting mild het-
eroscedasticity that warrants consideration.

3.5. Mapping data

Bivariate kernel density estimation (KDE) plots were used to analyze
the mapping data (Fig. 8). In these plots, high-density regions indicate
confident, well-supported predictions, whereas low-density regions
suggest sparse training coverage or model uncertainty. The resulting
density patterns are characteristic of ensemble methods trained on
imbalanced datasets, where the majority Ty group dominates the esti-
mation [42].

Fig. 8 (A) shows the relationship between Lignin (wt%) and Tg. High-
density predictions shift progressively upward with increasing lignin
content: 15-20 °C at 0-10 wt% lignin, 40-50 °C at 15-30 wt%, and
50-60 °C at 30-50 wt%, the latter representing the most prominent
cluster in the entire mapping. Above 50 wt%, the density persists around
55-65 °C with reduced intensity. Prediction confidence is highest in the
30-50 wt% range, where the variance narrows to approximately 20 °C
(50-70 °C), compared to ~ 40 °C at lower lignin contents. From a
structure-property perspective, the progressive Ty increase is attributed
to higher crosslink density and n-n stacking interactions introduced by
the rigid aromatic lignin backbone that reduces chain mobility. The
optimal processing window for maximum T enhancement lies between
30-50 wt% lignin, whole 50-70 wt% range provides more consistent
thermal properties albeit with declining prediction confidence. Sparse
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Fig. 7. Predicted versus actual T, °C. The ensemble combines five base models (GBR, Random Forest, SVR, Lasso, ElasticNet) with 10 estimators each (for tree-based
models), trained on the optimal feature combination [Lignin (wt%), Co-polyol type (PTHF), Ratio, Co-polyol (wt%), Isocyanate (wt%)]. (A) correlation between
predicted and actual T4 values for validation and test datasets (n = 32), with a Pearson correlation coefficient of r = 0.73 and mean absolute error of 14.29 °C. (B)
residual analysis showing prediction errors randomly distributed around the zero line, indicating no systematic bias in model predictions.

regions at low lignin contents and the discretization boundary around
10-15 wt% reflect sampling limitations in the training dataset.

In Fig. 8 (B) the Co-polyol type (PTHF) analysis reveals distinct pre-
diction density clusters that shift non-monotonically across molecular
weights: the highest density is centered at approximately 43-45 °C for
PTHF 250, at 50-55 °C and 60-62 °C (bimodal) for PTHF 650, and at
53-55 °C for PTHF 1000 with a secondary region around 20 °C. Longer
PTHF chains act as flexible soft segments that increase free volume and
chain mobility, resulting in lower Tg. The broad vertical spread within
each cluster (spanning ~ 10-70 °C) confirms that Ty is co-determined by
other formulation parameters, particularly lignin content and crosslink
density. The non-monotonic peak shift, from 45 °C (PTHF 250) to 60 °C
(PTHF 650) and back to 55 °C (PTHF 1000), and the bimodal distribu-
tions for PTHF 650 and 1000 indicate multiple thermally distinct pre-
diction domains, suggesting the model has captured fundamental
relationships between co-polyol chain length and phase behavior.

In Fig. 8 (C), the Ratio exhibits two distinct horizontal prediction
bands: a primary band at 50-55 °C and a secondary band around 20 °C,
revealing a bimodal T, distribution across the stoichiometric range. The
highest prediction density is concentrated at Ratio = 0.55-0.85, with
localized peaks approaching 60-63 °C near Ratio ~ 0.75-0.85. Above
Ratio = 1.0, prediction confidence decreases progressively, indicating
greater model uncertainty in the excess-isocyanate regime. The bimodal
structure—with the upper band reflecting efficient crosslinking and the
lower band (~20 °C) representing under- or over-crosslinked networks,
indicates that the [NCO]/[OH] ratio acts as a threshold-sensitive
parameter rather than a continuously linear predictor. Notably, the
sub-stoichiometric range consistently produces more confident and
higher T, predictions, suggesting that excess hydroxyl groups contribute
more favorably to network formation in these lignin-based PU systems.

Fig. 8 (D) shows continuous density distributions predominantly in
the 45-60 °C range, distributed broadly across the entire 0-20 wt%
isocyanate range. Unlike the other features, the absence of a clear
concentration-dependent shift in peak T, position indicates that Isocy-
anate (wt%) primarily modulates the breadth of achievable T; values
rather than their central tendency, with the thermal behavior being
strongly co-determined by other formulation parameters.

In Fig. 8 (E), the co-polyol content exhibits a pronounced U-shaped
dependence: a high-density region at 0 wt% centered around 60 °C
transitions sharply to a minimum at 25-35 wt% (prediction density

11

concentrated around 15-20 °C), before recovering above 50 wt% with a
second high-density region at 60-70 wt% around 55-65 °C. This
behavior reflects competing effects: at low co-polyol content, the rigid
lignin-rich network dominates, yielding higher Tg; at intermediate
concentrations, the flexible soft-segment phase dilutes the hard-segment
network, depressing Ty to its minimum; while at high co-polyol content,
increased chain entanglement density restores higher thermal
properties.

In addition, we can also see the tendency of the model predictions in
the overall target frequency distribution (Fig. S6). This data reveals a
multimodal distribution with the strongest peaks concentrated in the
mid-to-high temperature range, where frequencies reach approximately
10.928 predictions at the highest point. Several prominent peaks are
observed in close proximity, with frequencies of 10.539, 10.381 and
10.331, forming a dominant cluster, followed by a secondary peak of
9.883. The distribution is notably right skewed, with predictions grad-
ually building from very low frequencies, below —100 °C, passing
through moderate-frequency region around —50 °C to 0 °C (where fre-
quencies reach approximately 7.700), and culminating in the highest
frequency region. Predictions at the lower and upper extremes of the
temperature range remain relatively sparse. The same histogram dem-
onstrates that the model makes the most predictions in the mid-range of
predicted Ty values, with a gradual decline in frequency towards both
lower and higher temperatures. The frequency drops significantly for
predictions in the deeply negative range and shows lower confidence at
extreme temperatures on both ends of the spectrum. To address this
issue, future studies could focus on correcting the imbalance or
expanding the dataset through synthetic augmentation.

Taken together, the mapping trends align with established polymer
physics principles and translate into actionable formulation design
guidelines. Lignin content is the primary Tg lever: formulations targeting
high Ty (>50 °C) should employ 30-50 wt% lignin, where aromatic
crosslinking and n—n stacking interactions are maximized. Co-polyol
molecular weight provides secondary thermal tuning, with PTHF 650
offering the broadest Ty design space due to its bimodal distribution. The
[NCO]/[OH] ratio should be maintained in the sub-stoichiometric
(0.55-0.85) to stoichiometric range for maximum Ty and prediction
confidence, as excess isocyanate reduces both. Co-polyol content should
either be minimized (<25 wt%, favoring rigid lignin-rich networks) or
increased above 50 wt% (where entanglement effects restore thermal
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performance), while the intermediate range (25-35 wt%) should be
avoided when high Ty is desired. These guidelines, derived from the
systematic exploration of over 4 million formulation combinations,
provide a rational framework for the design and optimization of lignin-
based polyurethane architectures with targeted thermal properties.

3.6. Applicability domain analysis

To delineate the chemical space within which the stacking ensemble
produces reliable predictions, a leverage-based applicability domain
(AD) analysis was performed. Leverage values (h;) were computed from
the HAT matrix of the scaled training set, and standardised residuals (z;
= e;/c) were derived using the training residual standard deviation. The
warning threshold was set at h* = 3(k + 1)/n = 0.173 (k = 5 features, n
= 104 training samples), and a sample was considered reliable if it
simultaneously satisfied h; < h* and |z;| < 3. The outcome is visualised
in the Williams plot (Fig. 9 (A)). Of the training samples, 98.1% (102 of
104) fall within the AD, confirming that the model is internally well-
calibrated. For the validation and test sets, 68.8% (11 of 16) and
62.5% (10 of 16) of samples lie within the AD, respectively (Fig. 9 (B)).
Samples outside the AD are characterised by either atypically high
leverage, reflecting structural dissimilarity from the training centroid, or
by large, standardised residuals, which is consistent with the scatter
visible in Fig. 7 (A). This finding contextualises the prediction errors
discussed in Section 3.5: the model performs reliably within its defined
chemical space, while formulations at the periphery of the training
distribution carry increased prediction uncertainty.

To confirm that the ensemble has captured genuine structur-
e—property relationships rather than spurious correlations inherent to a
small dataset, a permutation test was conducted. The T labels of the
training set were randomly shuffled (1000 permutations), and the
validation MAE was re-evaluated for each permutation while preserving
the fitted base models. As shown in Fig. S7 (Supporting Information), the
true validation MAE of 13.41 °C lies substantially below the fifth
percentile of the permuted distribution (22.01 °C), corresponding to p <
0.001. This result provides statistical confirmation that the predictive
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performance of the stacking ensemble is not attributable to chance, of-
fering additional evidence for its validity within the defined applica-
bility domain.

3.7. Extrapolation

Beyond analyzing our model's performance within the known tem-
perature range, we tested its ability to predict Ty in the boundary regions
of our dataset (Fig. 10). Using an adaptive grid search method that
refined broad intervals into precise results, we explored predictions from
—17 °C to 100 °C. As shown in the regression scatter plot (Fig. 7), the
model performed well within the majority of the trained range. How-
ever, extrapolation led to a noticeable decline in performance beyond
certain thresholds at both ends of the range. At the lower boundary, the
model’s predictions plateaued at approximately 5.6 °C for actual values
ranging from —2.7 °C to 4.5 °C and below, as highlighted in the inset of
Fig. 10. Similarly, at the upper boundary, predictions converged toward
approximately 79.4 °C for actual values beyond roughly 80 °C, with
transitioning beginning around 73.7 °C where the predicted value
(75.1 °C) already began deviating from the ideal fit. The model retained
accuracy for points closest to the training range boundaries; but as
predictions extended further beyond these boundaries, its output
became increasingly constant rather than tracking the actual values,
reflecting characteristic flattening behavior of tree-based ensemble
models during extrapolation. These limitations are well-documented in
the literature, even with other models and architectures such as neural
network and linear regression models [43].

3.8. User interface

The development of a model capable of accurately predicting the T
represents a significant advancement in lignin-based PU formulations.
However, a notable challenge persists: the accessibility and usability of
such models for practicing chemists. To address this gap, we propose
implementing a parallel coordinates plot as an intuitive and effective
user interface. This visualization technique enables chemists to interact
with the ensemble model and interpret data generated through the
adaptive grid search algorithm.

The parallel coordinates visualization technique presents several key
advantages for analyzing T, formulation spaces. This methodology en-
ables the simultaneous representation of multiple dimensional param-
eters, providing researchers with a comprehensive visualization of the
complex variable interactions that influence T4 behavior. Through dy-
namic filtering capabilities, researchers can systematically explore spe-
cific parameter ranges, thereby facilitating the rational identification of
optimal formulation conditions. Furthermore, the parallel coordinates
representation elucidates both direct and inverse correlations between
formulation parameters, offering valuable insights into the underlying
physicochemical relationships that govern the glass transition phe-
nomenon. This visualization approach proves valuable for understand-
ing the multifaceted interplay between composition, processing
conditions, and resulting thermal properties within the formulation
space.

In Fig. 11, we implemented data points with T, values between 0 °C
and up to 80 °C. This decision was based on observed reduced accuracies
in extrapolated predictions beyond these boundaries. By constraining
the model to this range, we ensured more reliable predictions within the
most practically relevant temperature span.

Having presented all the results and returning to the central question
of this study, we can confidently conclude that ML can effectively pre-
dict the synthesis formulation of lignin PUs. We have demonstrated this
capability specifically for the Tj.

Moreover, this method can be applied to a wide array of materials
science and chemistry, such as predicting the mechanical strength,
thermal conductivity or electrical properties of novel materials [44,45].
This is a particularly useful alternative to deep-learning techniques,
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Fig. 11. Parallel coordinates plot using the predictions generated by the ensemble ML model from the adaptive grid search study predicting T of 100 wt% Co-polyol.

which are commonly used in this domain, but fall short on low-data
regimes [46].

4. Conclusion

Our analysis revealed that lignin is a major contributor to enhancing
the Ty of the lignin PUs. Interestingly, co-polyol content exhibited a
complex relationship with Tg, showing a negative correlation overall but
demonstrating a non-monotonic, U-shaped dependence in the mapping
analysis, where Ty was depressed at intermediate co-polyol concentra-
tions (~25-35 wt%) yet recovered at higher contents (~60-70 wt%)
due to competing effects between soft-segment dilution and chain
entanglement density. The swelling ratio emerged as a critical charac-
terization parameter, exhibiting the highest contribution in terms of
maximum absolute loading in PCA. Nevertheless, as a post-synthesis
characterization measurement rather than a controllable formulation
variable, swelling ratio was ultimately not included in the final predic-
tive model.

The best-performing stacking ensemble was built using five input
features. Ensemble learning techniques demonstrated varying perfor-
mance based on the number of estimators, with lower estimator counts
(~10) yielding the best validation performance, while higher counts
primarily improve training and test metrics at the expense of validation
generalization. The best-performing stacking ensemble model achieved
a validation MAE of 13.41 °C and a test MAE of 15.17 °C with a com-
bined validation and test MAE of 14.29 °C (Pearson r = 0.73). The
generalizability gap (validation MAE minus training MAE) was 9.49 °C,
indicating a moderate overfitting of the data. Nevertheless, the stacking
ensemble consistently outperformed all individual base models, with the
best individual model (GBR) achieving a validation MAE of only
15.99 °C. The selected model demonstrated restricted extrapolation
capabilities beyond its training domain. With predictions plateauing at
approximately 5.6 °C at the lower boundary and converging toward
79.4 °C at the upper boundary. This limitation emphasizes the impor-
tance of careful consideration when applying these models to under-
represented conditions or scenarios outside their training range. For
visualization, parallel coordinates proved to be a meaningful technique
for this dataset, given the relatively small number of features, and the
user interface was constrained to the reliable prediction of 0 °C to 80 °C.

Returning to the central question of this study, we demonstrated that
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the ML model can predict and optimize the formulations of lignin PUs
using limited experimental datasets with reasonable accuracy. Despite
the promising results, several limitations of this study must be
acknowledged. The small experimental dataset (136 samples after pre-
processing from an initial 180) may have constrained the models' ability
to capture the full complexity of lignin PU synthesis. The limited
extrapolation range restricts the models' applicability to a narrow tem-
perature window outside the training data. Additionally, the observed
overfitting — evidenced by the widening gap between training and
validation metrics with increasing model complexity — suggests that
further optimization of ML techniques for small datasets is necessary.
Future research should focus on expanding the experimental dataset,
incorporating a wider range of lignin sources, synthesis conditions, and
characterization parameters to improve model robustness and general-
ization. Advanced feature engineering techniques, including non-linear
transformations and interaction terms, should be investigated to capture
complex relationships within the data. The integration of physics-based
models with ML techniques could leverage domain knowledge and
potentially improve extrapolation capabilities. From a practical
perspective this model is suitable for initial screening designs, due to its
MAE values, and further optimizations could be proceeding from there
through techniques such as Bayesian optimization to identify the Tg’s
global optimum. Incorporating additional algorithms such as Gaussian
Process Regressors into the ensemble could be an area worth trying for
expanding the extrapolation abilities of the ensemble model.
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