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If the physician should fulfill his or her moral
obligation to promote the health and well-being
of the patient, then the use of Al should be
designed in such a way that it promotes or at

least maintains the physician’s decision-making
autonomy.
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(a) CheXpert: Chest X-rays with ‘pacemaker’.

[Nina Wang, Paraskevas Pegios]
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(b) NIH: Chest X-rays with ‘chest drain’.
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(a) Example of misclassified test point with true and predicted Label

g 0

(b) Training points with highest positive influence scores (Harmful)

‘¢) Training points with highest negative influence scores (Helpfull
gp g =4 P
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[Detecting Extrapolation with Influence Functions]
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