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Table 1 Composition of the dataset and basic data acquisition information.
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Materials M1, M2, M3 M4 M5
Sample preparation method S1 S2 S3
Testing equipment El, E2 E3 E4
Test conditions T1 T2 T3
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(c) Construction of stress prediction dataset
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Fig. 1 Schematic diagrams of dataset processing and splitting strategies for mechanical property prediction, comprising

(a) the random train-test split workflow (partitioning the original dataset into 80% training set and 20% test set for model

training and performance evaluation), (b) the k-fold cross-validation strategy (repeatedly utilizing (k — 1) folds for model

training and 1 fold for evaluation to improve model generalization ability), and (c) the stress prediction dataset construction

process (standardizing n % 2 raw stress-strain curves to 128 x 2 processed curves via dynamic time warping (DTW), then fusing

original features with strain features to generate new input features and designating stress as the new prediction target).
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Fig. 2 Engineering stress-strain curves of polyethylene
(a) and polypropylene (b) during uniaxial stretching at room

temperature.
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Fig. 3 Normalized stress-strain curves of (a) PE and (b) PP.
The curve normalization method is defined as follows: within
the same curve, the normalized stress and strain are calculated
by Stress om = Stress/Stress nay,  Strain, o, = Strain/Strain,,.
This is used to eliminate the differences in absolute stress
and strain values, focusing on the characteristics of curve
shape differentiation of different samples in the necking stage

and strain hardening stage.
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Fig. 6 Pearson correlation matrix of feature-mechanical properties for (a) PE dataset and (b) PP dataset. Fracture-related values

are missing in some data samples. Specifically, all samples with the same initial inter-fixture length in tensile tests have complete

fracture-related data, whereas data gaps occur in samples with different initial lengths, which results in blank corresponding

r-values. Pearson correlation visualization via scatter plots for toughness-strength trade-off: (c) PE dataset, (d) PP dataset.
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Fig. 7 Comparison of the distribution of mechanical properties of PE and PP datasets in the training set and test set: (a—c) show
the distributions of YM, EB, and TS of the PE dataset in sequence; (d—f) show the distributions of the corresponding mechanical

parameters of the PP dataset in sequence.

Fig. 8 Seven machine learning models are compared for predicting mechanical properties on (a) PE and (b) PP datasets. The
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Fig. 9 Scatter plots of mechanical property predictions by the RF model on (a—c) PE and (d—f) PP datasets.
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Research Article

Machine Learning Predictive Models for the Tensile Properties of
Polyethylene and Polypropylene

Le-kang Zhang!, Xiao-yu Sun!, Jing-qing Li', Lun-yang Liu?, Tao Liao?, Ying Lu?,
Hong-fei Li%*, Yong-feng Men?*, Shi-chun Jiang!*
(!School of Materials Science and Engineering, Tianjin University, Tianjin 300072)
(°State Key Laboratory of Polymer Science and Technology, Changchun Institute of Applied Chemistry,
Chinese Academy of Sciences, Changchun 130022)

Abstract Polyethylene (PE) and polypropylene (PP) are among the most productive and extensively applied
polymer materials worldwide, and precise regulation of their properties is a core prerequisite for attaining high-
performance characteristics. In this study, a multi-feature machine learning prediction model was established
based on the engineering stress-strain curves and three key mechanical indicators (Young’s modulus (YM),
elongation at break (EB), and tensile strength (TS)) of PE and PP. The model was employed to investigate the
influence mechanisms of material attributes, sample preparation processes, and testing parameters on the
mechanical properties of target polymers. Seven distinct algorithms, including Lasso, Decision Tree Regression
(DTR), and Random Forest Regression (RF), were integrated with five-fold cross-validation and hyperparameter
optimization strategies to realize the quantitative prediction of the mechanical properties. Furthermore, Extreme
Gradient Boosting Regression (XGBoost, XGB) was adopted to achieve a high-fidelity fitting of the stress-strain
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curves. Due to the limitation of the amount of data, the prediction accuracy of the mechanical properties of PE
has certain limitations. However, from the perspective of the overall trend of the prediction, this prediction
method still has a good effect. The results demonstrate that the prediction performance for YM was optimal on the
PP dataset, with the coefficient of determination (R?) on the test set reaching no less than 0.80 and even exceeding
0.90 for certain models, without any obvious overfitting. In contrast, the predictive efficacy for EB and TS was
constrained by the limited dataset size, where only the RF, XGBoost, and K-Nearest Neighbor (KNN) models
exhibited reliable predictive capabilities on the PP dataset. Under variable control, the R* value for the prediction
of the PP stress-strain curves surpassed 0.90, enabling the accurate reproduction of the temperature-dependent
mechanical properties. This study verifies the feasibility of applying machine learning techniques to predict the
mechanical properties of polyolefins, thereby providing promising technical support for the rapid evaluation of
the mechanical performance of polymer materials.

Keywords Engineering stress-strain curve; Machine learning; Mechanical properties



