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Fig. 1 Annual growth trend of related publications for polyurethane elastomers, dynamic polyurethane and DA polyurethane

(2014-2025).
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Fig. 2 Statistical characteristics of the literature-derived DAPU dataset. (a) Data curation workflow from initial collection to
the final training set (n=84); (b) Distribution of soft-segment polyol types; (c) Violin plots of key descriptors: soft-segment
content (X1), hard-segment content (X3), and Soft M,, (X10); (d) Histograms of tensile strength, elongation at break, and self-

healing efficiency.
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Table 1 Three-tier feature parameter system for DAPU elastomers.

ID Feature Level Formula Physical basis
X1 Soft Content Dosage X1 =m_polyol/m_total Soft-segment mass fraction; governs chain mobility and
microphase separation degreel*3]
X2 DA _Content Dosage X2 =m_DA monomer/ DA group mass fraction; determines density of
m_total thermoreversible crosslinking sites
X3 Hard Content Dosage X3 =(m_iso + Hard-segment mass fraction; controls strength of
m_extender)/m_total  physical crosslinking domains
X4 R_Ratio Dosage X4=ZXn NCO/ NCO/OH molar ratio; governs network integrity and
¥n_active H crosslinking density
X5 Add_Crosslink Dosage X5 =m_crosslinker, = Permanent crosslinker content; constructs dual-network
f>2/m_total architecture
X6 Network Topology Identity 0 = backbone DA; Topological position of DA bond; determines fracture
1 =side-chain DA mode and healing kinetics(?”!
X7 DA Linker Type Identity 0 =no DA linker; Local hydrogen-bonding environment at DA junction;
1 = urea-type; affects chain dynamics and activation energy
2 = carbamate-type
(furfuryl alcohol)
X8 Polyol Class Identity 0 = polyether; Soft-segment polarity; influences phase separation
1 = polyester driving force and chain diffusion rate!?’]
X9 Iso_Class Identity 0 = aliphatic; Isocyanate type; determines hard-segment z-7 stacking
1 = aromatic and hydrogen-bonding network strength
X10 Soft Mw Mechanism Soft M, = Average soft-segment molecular weight; controls
S(m_polyol,i - M_i)/  crosslink spacing Mc and chain reptation ratel'!
¥m_polyol,i
X11 Constraint Factor Mechanism X3/Soft M,, Topological constraint index; quantifies hard-segment
restriction per unit soft-segment length
X12  Hard Symmetry Mechanism 1 = Symmetric; Hard-segment molecular symmetry; affects hard-domain
0 = asymmetric ordering and crystallization propensity!*”]
X13 Soft_Cryst Mechanism 1 = Crystallizable soft ~ Soft-segment crystallizability; provides physical
segment and M, >600; crosslinking points and thermally driven healing switch
0 = otherwise (g/mol)  via crystal melting-recrystallization[37-3%]
X14  Synergy Feature Mechanism X1 x Soft Cryst x Structural synergy factor; identifies high-performance
Hard Symmetry systems with both ordered soft and hard segments
X15 HealingTemp Process T healing (°C) Thermal healing temperature; governs retro-DA dissociation
and chain diffusion kinetics during healing®~'!]
X16 Healing Time Process ¢t healing (h) Thermal healing duration; determines sufficient time for

interface chain interdiffusion and DA re-bonding
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Fig. 3 Pairwise relationship matrix of continuous formulation features and performance metrics of DAPU elastomers.

Diagonal: class-stratified KDEs by tensile strength (low/mid/high). Lower triangle: Pearson r values. Upper triangle: scatter

plots with linear regression guides.
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Fig. 4 Model performance evaluation and descriptor-tier dependence of the machine learning models for DAPU elastomers:
(a) LOOCV R? values for the three target properties as a function of descriptor hierarchy. Bar shades represent the hierarchical
inclusion of Tier-1 (dosage), Tier-2 (chemical identity), and Tier-3 (mechanistic) features. (b) Parity plots comparing LOOCV-
predicted versus measured values. Red dashed lines denote the y = x ideal; black solid lines and shaded regions indicate linear
fits and confidence intervals, respectively.
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Fig. 5 Comprehensive evaluation of machine learning model performance for predicting self-healing polyurethane. (a) Heatmap
of LOOCYV R? scores across eight candidate models and three target properties with starred cells marking the best-performing
model for each property; (b) Scatter plot of R? versus RMSE for tensile strength prediction, where the red star denotes the optimal
model (SVR); (c) Bar-and-line chart for tensile strength, where blue bars show LOOCV R? values ranked in descending order
and the purple line traces the corresponding RMSE trend across models.
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Fig. 6 Model interpretability via SHAP analysis. SHAP beeswarm plots illustrating the local influence of the 8 most significant

descriptors for tensile strength, elongation, and healing efficiency. Point colors represent feature magnitudes (blue: low; red: high),

with horizontal displacement indicating the contribution to the respective model prediction.
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Research Article

A Literature Data-driven Machine Learning Study of Structure-Property
Relationship in Diels-Alder Polyurethane Elastomers Based on Hierarchical
Domain-knowledge Features

Jun-jie Yuanlif, Xiao-tian Chenf, Zheng-wei You"
(State Key Laboratory of Advanced Fiber Materials, College of Materials Science and Engineering,
Donghua University, Shanghai 201620)

Abstract Diels-Alder (DA) dynamic covalent polyurethane (DAPU) elastomers are highly regarded in the field
of self-healing materials due to their excellent mechanical properties and thermo-reversible healing capabilities.
In this study, we employed a literature data-driven approach to investigate the structure-property relationships
governing the tensile strength, elongation at break, and healing efficiency of DAPU elastomers. By systematically
screening the formulation and performance data from the relevant literature, we constructed a comprehensive
feature space spanning the compositional content, chemical characteristics, and structural mechanisms. Three
machine learning models, namely Support Vector Regression (SVR), XGBoost, and Gaussian Process Regression
(GPR), were established to quantitatively analyze these properties, yielding R? values of 0.76, 0.66, and 0.81,
respectively. The results demonstrate that the proposed feature system effectively captures the relationships
between the key structural variables and properties of DAPU elastomers. Subsequent SHapley Additive
exPlanations (SHAP) analysis revealed that soft-segment crystallinity and soft-segment molecular weight were
the most critical parameters governing mechanical strength and healing efficiency, whereas DA functional
monomer content was the primary determinant of ductility. Furthermore, complex non-monotonic correlations
were identified among the three properties. This work provides a reference for understanding DAPU structure-

property relationships and guiding rational-formulation design.
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