Enhancing Linear Accelerator Performance through Predictive Modeling of Downtime and Interlock Incidents
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PREDICT THE NEXT INTERLOCK (TOP-2 PREDICTIONS) Downtime Prediction: Bayesian Regression achieved average Mean Squared Error of 0.0179

ABSTRACT o . =
BB Function: predict_next_interlock() across k folds = 1.79% prediction error.
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e Useful for proactive maintenance and system reliability.
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