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• Model-Informed Precision Dosing (MIPD) can use 
Sequential Monte Carlo (SMC) methods, such as particle 
filters to individualize dosing based on patient data[4].

• Benchmarking these methods requires a reliable reference 
posterior (“ground truth”).

• Inference often involves an intractable integral such as: 

• Pseudo-marginal methods, such as Grouped Independence 
Metropolis Hastings (GIMH), use unbiased[2] Monte Carlo 
estimates of (1) while targeting the exact posterior:

• Joint estimator (JGIMH)[3].
• Product-Form estimator (PFGIMH)[1].

• We investigate how data richness affects the performance of 
JGIMH and PFGIMH.

• Stan (gradient based MCMC sampler) is used as a reference 
in the simple 1-compartment PK setting.
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Fig. 3 : Sparse data, M=25 
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Fig. 4: Rich data, M=25 
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Fig. 5: Rich data, M=300 
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• The Trade-off: Lower estimator variance improves inference but 
requires a high number of Monte Carlo samples.

• The Result: PFGIMH achieves lower variance than JGIMH.

• The Impact: PFGIMH produces stable posterior inference, 
especially for sparse data.
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