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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’.
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(b) NIH: Chest X-rays with ‘chest drain’.

(c) ISIC 2018: Skin lesions with ‘ruler markers’.
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Idx: 7184 Idx: 33376 Idx: 18570 Idx: 22467 Idx: 27863
Label: 1 Label: 1 Label: 1 Label: 1 Label: 1

-
Influence: -0.5761 Influence: -0.6425 Influence: -0.7564 Influence: -0.7886 Influence: -0.8028 1 ’ I *e ‘] : l ’I . : . .o ° B .
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Idx: 42522 Idx: 27540 Idx: 4447 Idx: 3079 Idx: 2280
Label: 1 Label: 1 Label: 1 Label: 1 Label: 1
Influence: -0.8575 Influence: -0.8902 Influence: -1.1087 Influence: -1.2013 Influence: -1.2997

~

2O S D (639)9 0313 )5 Sy Camn ¢
(PR B} (5).651_» o315

Idx: 15758 Idx: 1907 Idx: 21415 Idx: 26490 Idx: 36433

Label: 0 Label: 0 Label: 0 Label: 0 Label: 5
Influence: 1.3253 Influence: 1.3151 Influence: 1.3051 Influence: 1.2790 Influence: 1.2628
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Idx: 42879 Idx: 41446 Idx: 39971 Idx: 31549 Idx: 14838
Label: 0 Label: 0 Label: 5 Label: 0 Label: 5
Influence: 1.2529 Influence: 1.2417 Influence: 1.2387 Influence: 1.2310 Influence: 1.2276
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(a) Example of misclassified test point with true and predicted Label ( ‘ Iy ) Lm d_) ) Lb}
Idx: 5218 ldx: 5522 Idx: 5595 ldx: 2817 Idx: 1841 )
Label: 4 Label: 4 Label: 4
Influence: 2.1490 Influence: 2.1077 Influence: 2.0810
. A—)
*e

Label: 4
Influence: 2.1515

Label: 4
Influence: 2.1613

Idx: 4409 Idx: 8380 Idx: 1118 Idx: 160 Idx: 8298
Label: 4 Label: 4 Label: 4 Label: 4 Label: 4
Influence: 2.0492 Influence: 2.0344 Influence: 2.0155 Influence: 1.9737 Influence: 1.9706 A .
- — - . — Absolute Influence for Each Training Point Index
1000
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(b) Training points with highest positive influence scores (Harmful) é L 3 l 3
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Idx: 8770 Idx: 7820 Idx: 6939 Idx: 1438 Idx: 4285
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(c) Training points with highest negative influence scores (Helpfull)
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Parameter change rate
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Parameter curvature
dEj

Max Prediction
Nearest neighbor (activation)

Nearest neighbor (pixels)

0.920
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P-value Avg. Active. + Max pred.

] dL;
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dEj
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0.970

Marginalized Sample Contrib. (64spe)

0.957

Marginalized Sample Importance (32 spe)
Marginalized Sample Importance (64 spe)

Marginalized Sample Importance (128 spe)
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0.977

[Detecting Extrapolation with Influence Functions]
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