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Abstract

Objective: Aiming at the problems of the single means of obtaining material property parameters,
the disconnection between teaching content and engineering frontiers, and the insufficient participa-
tion of students in the course of Materials Mechanics, this study explores a feasible path for the deep
integration of artificial intelligence technology into the teaching of mechanics theory. Methods: A
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teaching reform scheme integrating physics-driven and data-driven paradigms is proposed. Three
design principles are established, namely physics first, selective integration and reverse reinforce-
ment. Artificial intelligence applications are embedded into five chapters, including Introduction,
Axial Tension and Compression, Stress State Analysis, Strength Theory, and Buckling Stability, with-
out occupying additional class hours. Taking the chapter of axial tension and compression as a rep-
resentative case, teaching datasets of iron-based alloys and aluminum alloys are constructed, and
an interactive demonstration notebook together with a teacher’s operation guide are developed.
Linear regression, random forest and gradient boosting models are trained and compared on an
independent test set, and the feature importance obtained from the model is systematically com-
pared with classical strengthening theories. Results: Gradient boosting achieves the highest predic-
tion accuracy (R? = 0.93), followed by linear regression and random forest. The feature importance
analysis shows that carbon content, grain size and heat treatment temperature dominate the yield
strength successively, which is highly consistent with the theory of solid solution strengthening,
grain refinement strengthening and temper softening, and the parameter sensitivity analysis fur-
ther verifies the above conclusions. When the iron-based model is deliberately misapplied to alu-
minum alloy data, the prediction fails completely, and the comparison between correct and incor-
rect modeling intuitively reveals the risk of ignoring the physical differences between material sys-
tems. Trials by peer teachers indicate that the resource package can be independently deployed
within a short preparation time and is regarded as highly reusable. Conclusion: The proposed scheme
neither compresses the class hours of mechanics theory nor requires students to have a program-
ming background. It shifts the focus of AlI-empowered teaching from what artificial intelligence can
do to how to use artificial intelligence correctly, and provides a reusable example for the intelligent
teaching reform of fundamental engineering courses.
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Table 1. Overview of the Al-empowered chapters in the materials mechanics course
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Figure 1. Comparison of the yield strength predictions for aluminum alloys
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Figure 2. Feature distribution of the carbon steel/alloy steel teaching dataset
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Table 3. Performance comparison of three models for yield strength prediction
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Figure 3. Prediction accuracy of the three models on the test set
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Figure 4. Feature importance scores of the random forest model
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Figure 5. Parameter sensitivity analysis
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