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Bayesian Sensitivity Analysis
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Nonparametric Bayes (1): BART
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Prior Modelling
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Nonparametric Bayes (2): Dirichlet process
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Nonparametric Bayes (3): NCRM
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Setting where sensitivity model is not centered at truth
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Special Case: Survival Outcome
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Nonparametric Bayes (4): Cox Model
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Special Case: Binary Outcome
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Setting where sensitivity model is centered at truth
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