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Abstract: Data-driven machine learning methods, by establishing complex mapping relationships between material
characteristic parameters and target properties, provide a novel paradigm for ductile iron research and development,
overcoming the limitations of time and cost inherent in traditional research and development (R&D) approaches. Recent
progress in the application of machine learning within the ductile iron R&D process is systematically reviewed. The
fundamental implementation framework is elucidated, encompassing data collection, data preprocessing, model construction
and training, and model evaluation. The applications of machine learning are summarized in various areas, including
microstructure and defect control, prediction of mechanical properties, and prediction of service performance. Critical
challenges demanding urgent solutions in machine learning-based ductile iron R&D and applications are discussed. Finally,
research directions and future development trends for machine learning-driven ductile iron development are proposed.
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Fig.1 Machine learning workflow
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Fig.2 Data resources and intelligent algorithms: (a) data sources for machine learning in materials science; (b) overview of machine
learning methodologies
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Fig.5 Evaluation metrics: (a) confusion matrix; (b) ROC curve and AUC value
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Fig.7 Machine learning-based prediction of the mechanical properties of ferritic ductile iron: (a) composition-mechanical property
model training results with MSE (mean squared error); (b) mechanical property prediction curve of the optimal tensile strength model;

(c) thermodynamic prediction curve for the ferrite element content-phase composition relationships
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Fig.8 Segmentation of graphite nodules in ductile iron via unsupervised-coordinated supervised learning: (a) graphite nodule
distribution in the original ductile iron microstructure; (b) predicted output displaying the graphite nodule distribution; (c) original
micrograph annotated with the predicted results, showing the graphite nodule distribution®?
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Fig.9 Corrosion prediction and experimental validation of ductile iron in near-neutral solutions: (a) ANFIS model architecture;
(b) correlation heatmap between the input variables and corrosion rate; (c) comparison of the experimental and predicted tensile
strength®!
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Fig.10 Predicted effects of shrinkage cavities on fatigue strength in nodular graphite iron: (a) relationship between shear stress
amplitude and equivalent normal stress amplitude in tensile fatigue tests; (b) comparison of shear stress amplitude and equivalent
normal stress amplitude in torsional fatigue tests; (c) correlation of shear stress amplitude and equivalent normal stress amplitude in

biaxial fatigue tests
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