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Continuous learning (PAGE 2018)

Implement
PK model

Use CDS in practice

Collect data

Refine model

Keizer et al. PAGE 2018



Why continuous learning?

• Improved drug efficacy / reduced toxicity

• Increase trust in software

• Reduce TDM sampling



Data stream



Data stream Numbers

~ 500 patients/day TDM

~ 15 drugs

... and increasing



Model updates (manual)

Vancomycin
Tong DMH et al. TDM 2021
Hughes JH et al. CPT 2021

Busulfan
Shukla P et al. Frontiers Pharmacol 2020

Gentamicin
Tong DMH et al. IATDMCT 2022



How can we update models automatically?



NLME vs ideal continuous learning algorithm

Aspect NLME 1,2 / MCMC 3 approaches Ideal

Computational load Intensive at scale Incremental estimation

Stability Dirty data à estimation instabilities Resilient to dirty data

Covariate effects Static Ad hoc

Dataset Combine data for estimation Federated

1  Chen et al. PAGE 2022
2 Lavielle et al. PAGE 2022

3 Maier et al. CPT 2021
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Define proposal distribution

Sample from proposal distribution

Calculate likelihood for each 
parameter set

Calculate posterior distribution, 
mode
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Technical implementation

Dosing data
TDM data
Covariates

New patient data

Calculate MAP (1 likelihoood)

Calculate likelihoods parameter 
sets  (e.g. 1000 likelihoods)

Sampled param. 
sets for models

Individual 
likelihoods for 
parameter sets

Database Potentially: filter 
likelihoods, based on 
model, site, covariates.

Calculate posterior 
distribution, mode.1

Use as new prior for 
predictions, MAP est.

MIPD software

1. Dosne et al. JPKPD 2016

For 100 patients, for 1 model:
100 * (1000 + 1) = 100,100 records

For 1000 patients, for 5 models:
1000 * 5 * (1000 + 1) = 5M records
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Composite importance sampling

• An approach to incrementally calculate the posterior by adding individual 
likelihoods

• Prerequisite: sampled parameter sets are static and sampled at start of analysis!

• Advantages: 

• no need to re-estimate / resample whole dataset
• ad hoc covariate analysis

• federated

• Disadvantage: 
• cannot adaptively explore the parameter space
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Is CIS able to update model parameters in MIPD,
to improve predictive performance?
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Summary

• A simple continuous learning method for data streams

• Advantages: 

• incremental estimation

• ad hoc covariate analysis: train model per site

• Drawbacks: 
• only lower-dimensional estimation, simpler models
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Future work

• How many parameters can be estimated reliably?

• How to apply safely in MIPD

• What are appropriate diagnostics?



Thank you for listening
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