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Motivation & Methods

. I\/IodeI—Ir.ncormed Precision Dosing (MIPD) can use Population level (o) 1~Normal
Sequential Monte Carlo (SMC) methods, such as particle (uncertainty) — \ w?~InvGamma
filters to individualize dosing based on patient data[4]. ‘ ’ ‘ ’

: , _ Individual level
* Benchmarking these methods requires a reliable reference (11V) 0 := log(CL) [ 10 |, w?]~Normal(y, w?) ]

hosterior (“ground truth”).

e |nference often involves an intractable integral such as: ( Observation level 1 | V1N == (V1, - VN,
° (RUV) yi= io woyy) | | [y ]6c] ~ logNormal (log (C;56))  €?)
p(Yl:N | Z) — fp(YLN‘el:N) p(el:N‘ Z) de1:N (1) )

 Pseudo-marginal methods, such as Grouped Independence

Metropolis Hastings (GIMH), use unbiased[2] Monte Carlo g 3.50- ~ J%a“t\;'lngenerating cL
estimates of (1) while targeting the exact posterior: = ;3(5) — PEGIMH
: : O D _ 0.
* Joint estimator (JGIMH)[3]. § ;;(5) C;; (0)) = vexp( exs( i) tij)
* Product-Form estimator (PFGIMH)[1]. P ' | _
(PROIMHIL 5221 Yo RSTULAA it ) CLs = exp(6)
. " . Q . T == ‘ =
 We investigate how data richness affects the performance of S 1.75- '
JGIMH and PFGIMH. 1207 1000 2000 3000 4000
MCMC Iteration
* Stan (gradient based MCMC sampler) is used as a reference
in the simple 1-compartment PK setting. Fig. 1
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Fig. 2: Rich data
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Fig. 3 : Sparse data, M=25 Fig. 5: Rich data, M=300
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