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Motivation and Problem

e Arecent review found that only 9% of FDA-registered Al-based healthcare tools include
a post-deployment surveillance plan
e Post-deployment monitoring is needed
o Once the model is trained it faces changing distributions, unanticipated use cases,
and data shift
o Hard to monitor due to limited access to labels
e FDA expects statistically valid post-deployment testing
e Gap: How do we do label-efficient statistically valid testing in post-deployment settings
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Proposal
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Addressing Label Scarcity for: (1), (2), (3), (4) Deployed Model Model Recalibration

Framing Post-Deployment Monitoring as Hypothesis Testing. (1) Hypothesis tests for covari-
ate shift, (2) concept drift. If a statistically significant change is observed, (3) a hypothesis
test for model performance degradation is performed. If a model is affected by the change,
(4) impacted subgroup identification is performed and used for target label collection and
model recalibration. One of the open problems is addressing label scarcity for each of the
described stages.



1. Covariate Shift
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2. Concept Drift

1. Covariate Shift
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3. Model Performance Monitoring
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3.1 Performance Deviation Testing
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4. Impacted Subgroups identification
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4. Impacted Subgroups identification Open Challenges

e Identifying features where the model’s
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Call to Action & Exciting Open Challenges

e Choosing the right test statistic for high dimensional settings and in the
presence of mixed data types

e Addressing label scarcity
o Data Shifts Detection
o Model Performance Degradation

e Impacted Subgroup Identification
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Thank you!
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