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MATERIALS AND METHODS

The preDose package was developed in R 4.4.2 using the usethis()(5) framework. The package supports importing popPKPD models in. mixtran (MonolixSuite — licence
required(6)) and mrgsolve (7) formats alongside external validation datasets. To implement the first, lixoftConnectors package is used . For the latter, mrgsolve is combined with
mapbayr (9), an open-source R package. The workflow implements a sequential evaluation process : a) A Priori evaluation: Assessment of model performance using only
population parameters and individual covariates. b) A Posteriori evaluation: Sequential Bayesian updating of individual parameters using Maximum A Posteriori (MAP) estimation
as observations become available across multiple occasions. An overview of the package architecture is presented in Figure 2.
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preDose offers four flexible evaluation approaches: Progressive evaluation, Recent information approach, Benchmarking against a reference occasion, Proximity-based
comparison: For all these, preDose automatically calculates standard predictive performance metrics (rBias, Mean Absolute Percentage Error, Root Mean Squared Error, |F20,
IF30) for each sequential occasion and generates diagnostic plots using ggplot2 for model assessment and comparison. The package was thoroughly tested and validated using

mrgsolve
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several datasets, including real-world clinical data from different therapeutic contexts, to ensure robustness and reliability across various scenarios.

RESULTS

preDose automates the external evaluation workflow for popPKPD models, systematically quantifying how predictive performance evolves as individual data
accumulates across multiple occasions. The package includes several key functionalities:
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CONCLUSION

plot1<- metrics_Plot(mm= Metrics, type ="bias_barplot”

The preDose package provides a standardized, efficient, and reproducible workflow for external evaluation of popPKPD models intended for real-time MIPD applications. By automating the sequential evaluation process
across multiple candidate models, preDose enables objective model selection to inform dosing decisions in the clinical setting. The ability to quantify at which point predictions become reliable enough for clinical decision-
making helps bridge the gap between model development and practical implementation. This tool addresses a critical need in the field by reducing the complexity and time investment required for comprehensive model
validation, ultimately facilitating the broader adoption of model-informed precision dosing in clinical practice.
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