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A Physics-Guided Approach to Disruption Prediction Model results and interpretability analysis

While machine learning enables accurate disruption prediction, poor Model results

interpretability limits physical insight and model transfer. We propose a e One-vs-Rest ROC shows strong and balanced performance on all three classes.
e Confusion matrix indicates high and consistent accuracy across all discharge

hierarchical model for density-limit disruptions, replacing Greenwald
categories.
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e Stronger density fluctuations and steeper gradients raise disruption risk, reflecting turbulence-
Physically-guided hierarchical interpretable model driven destabilization.
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CONCLUSION
eAn interpretable hierarchical model is developed to classify DLD, NDLD,

| ¥ T’a'“'“g and ND, replacing the Greenwald fraction with physics-guided features.
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*SHAP analysis reveals that edge density asymmetry and turbulence near
0.6a—0.7a are key drivers of density-limit disruptions, while Cill
eThe authors would like to acknowledge the help from J-TEXT team. This asymmetry has a stabilizing effect.
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