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Interpretable machine learning-based modeling of composition-processing
interaction in cast Al-Si alloys

LIU Fangning, SUN Ruixia, WANG Yue, ZHAO Jin
(Beijing Institute of Aeronautical Materials, Beijing 100095, China)

Abstract: Cast Al-Si alloys are widely used in hot-section components of aircraft engines due to their excellent
high-temperature performance and castability. To better understand the coupled effects of composition and
processing parameters on mechanical properties and improve the predictive capability of traditional empirical
models, this study proposes an interpretable machine learning-based modeling approach. A dataset comprising 378
experimental records was compiled, incorporating compositional variables such as Si, Cu, Mg, Mn, and Zn, as well
as processing parameters including solution treatment method, cooling method, and aging temperature. Four
regression models, including extreme gradient boosting (XGBoost), random forest (RF), support vector regression
(SVR) and K-nearest neighbors regression (KNR) were trained and evaluated using cross-validation to assess their
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performance in predicting ultimate tensile strength (UTS) and elongation (EL). Results show that the XGBoost
model outperform others across all 3 evaluation metrics. Specifically, the coefficient of determination (R?) for UTS
reaches 0.87, with a mean absolute error (MAE) of 10.34 MPa and a root mean square error (RMSE) of 7.99 MPa;
for EL, the R? is 0.95, with an MAE of 0.4% and an RMSE of 0.65%. Further analysis using shapley additive
explanations (SHAP) method reveal that the strengthening effects of Mg and Cu are both regulated by aging
temperature, exhibiting nonlinear trends that align with known precipitation strengthening mechanisms in traditional
materials science. Local interpretable model-agnostic explanations (LIME) method is also applied for local
interpretability verification, demonstrating strong consistency and stability at the individual sample level. These
results confirm the effectiveness of the proposed interpretable modeling approach in both property prediction and

revealing the underlying composition—process synergy in cast Al-Si alloys.
Keywords: machine learning; XGBoost; SHAP; LIME; Al-Si alloy
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Fig.2 Prediction results of tensile strength by four models
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