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Background * Application in healthcare: strategies for model selection, a priori and a posteriori
Clinicians often lack patient-specific insights when making dosing decisions. predictions, uncertainty quantification, treatment regimen optimisation, and
Overreliance on imprecise dosing methods fails to consider interpatient variability, continuous integration of patient data.
leading to suboptimal outcomes. o
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MIPD, supported by popPK can personalise dose selection by accounting for patient A priori (Ge?ne(;?vtz mgaerzmifss of
demographics, organ function, and response. Despite its potential, PK-informed e J
precision dosing remains underutilised due to a lack of standardisation, robustness [proﬂlefor standard regimen](

and clinical integration.
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2. Recommendations for integrating popPK models into software to facilitate dose
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Best practice recommendations were provided for each stage of popPK modelling “—[ capacity ]
and MIPD integration: v
* Data considerations: importance of standardised data collection, formatting, [ Update population model ]

xploration, and cleaning to ensur mpliance, repr ibility, an racy.
exploration, and cleaning to ensure compliance, reproducibility, and accuracy FIGURE 3 Workflow diagram illustrating the application of popPK models to optimise treatment. Dashed arrows

Base model indicate steps to be performed after several iterations of the preceding workflow have been carried out.
PK: Pharmacokinetic, MAP: Maximum a posteriori.
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|y peemees * The consolidation of recommended approaches into standardised guidelines
- Iy ? ) ’ covering the entire workflow from data handling to clinical application.
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records can transition academic effort into direct patient impact.

FIGURE 1 A workflow diagram of the recommended steps in the pharmacokinetic model development process:

a. Pre-development, b. Structural model, c. Statistical model, d. Covariate model, e. Final analysis. * Appropriate Ackngw|edgements and References

metrics and diagnostics should be considered throughout the building process, but all should be considered

collectively at this step. Adapted from Byon et al. [1] The authors thank UK Research and Innovation for their financial support (Project ID 10111236).
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effects models, including structural, statistical, and covariate models.
« Adaptation of literature models: guidelines for sourcing, transcribing,

Abbreviations used: MIPD: model-informed precision dosing, popPK: population pharmacokinetics

verifying, and evaluating published models. Correspondence: jugal.suthar@vesynta.com
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FIGURE 2 An illustrative map of population pharmacokinetics (popPK) modelling software packages across stages of the model building workflow. Tools marked with an asterisk (*) were last updated before 2020.
EDA: Exploratory data analysis, NCA: Non-compartmental analysis, NLME: Nonlinear mixed-effects, MAP: Maximum a posteriori, ML: Machine learning.



