
Real-world shifts 
Online revision of a COPD risk prediction model that integrates 
predictions from an evolving gradient-boosted tree. Applied 
retrospectively to EHR data from UCSF from 2012 to 2020.
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Background 
• The prevailing FDA policy for machine learning(ML)-

based Software as a Medical Device (SaMD) is to lock 
algorithms post-approval. There is now growing interest 
in developing a regulatory framework for algorithms that 
learn continuously (or online).


• Online learning algorithms can outperform locked 
systems by protecting against changes in the 
environment and learning from accumulating data. 
Nevertheless, algorithmic modifications carry the risk of 
deteriorating model performance instead.


• The most popular procedure for updating clinical 
prediction models is logistic recalibration and revision.


• Can we design an online logistic recalibration and 
revision procedure that provides performance 
guarantees, even in the presence of arbitrary 
distribution shifts? 

Contributions 
• We introduce two online error quantities—Type I and II 

regret— for characterizing the long-term safety and 
effectiveness of an online model revision procedure.


• We design Bayesian logistic regression procedures for 
online recalibration and revision that control of Type I 
and II regret in the presence of arbitrary distribution 
shifts.


• We evaluate the methods empirically via simulation 
studies and a real-world case study.
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Online performance guarantees for Bayesian model revision

Quantifying safety and effectiveness for online model revision
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Type I Regret (“Safety”)


How much worse is the model reviser �  
compared to locking the original model � , with 
respect to loss function � ?
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Type II Regret (“Effectiveness”)


How much worse is the model reviser �  
compared to the oracle model reviser � , with 
respect to loss function � ?
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Bayesian Logistic 
Regression (BLR): 
Defines a prior over 
locked logistic regression 
parameters �  per a 
gaussian prior.

θt = θ

• The Bayesian framework is naturally designed for online learning.

• At each time � :


• Predict the posterior mean for �  given variables � 

• Observe the true outcome �  and update the Bayesian 

posterior for � .
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Bayesian Logistic 
Regression with a Markov 
prior (marBLR): Defines a 
prior over dynamic logistic 
regression parameters � , 
where shifts occur with 
probability �  at each time.
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Simulation Results

• Online logistic 
recalibration of the 
original model


• Online logistic 
revision of the 
original model, 
adjusting for 
additional variables


• Online revision that 
combines the original 
model with an 
evolving black-box 
model

We simulate distribution 
shifts and perform: Estimated Calibration 

Index (ECI)

AUROC

We derive Type I and II regret bounds in terms of Bayesian model hyperparameters in the 
presence of arbitrary distribution shifts, which provides a recipe for selecting model priors.

Estimation error

Calibration curves

Receiver operating characteristic (ROC)


