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Continued learning in model-informed precision dosing (MIPD)
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the simple model system

- Dense sampling scenario results in much lower un-
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Z = (o, B) Z ~ Hyperprior(a, b, c) - Characteristics of the data are captured and pre-
diction of future data is possible in both scenarios.
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- Important to distringuish between biases from es-
timation and approximation.
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