
A review of Machine Learning-driven tearing studies for
disruption prediction

Recent advancements [1] have demonstrated the efficacy of machine learning (ML) techniques
in predicting and controlling tearing modes – magnetohydrodynamic (MHD) instabilities that can
degrade plasma confinement and lead to disruptions – in tokamak plasmas. These studies
leverage extensive experimental data and sophisticated ML algorithms to enhance plasma
stability and performance. Additionally, the threat of tearing modes has driven for years research
under the International Tokamak Physics Activity (ITPA) MDC-22 topic, aiming at designing a
successful trigger for ITER’s disruption mitigation system [2, 3]. In this contribution, we present
the ongoing challenge and summarize the latest achievements for identifying the path to stable
operations in ITER and beyond. Results presented will include both experimental analysis [4-8]
investigating the role of differential rotation and of current profile evolution, and modeling of
linear and nonlinear trends [9,10], to inform how to maximise passive resistance to island
formation for reactor relevant scenarios.
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