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Introduction

Background: Aims:

Vincristine is widely used in paediatric and adult cancer treatment but has a narrow therapeutic index ~ * Explore model averaging and dataset augmentation for vincristine PopPK
and high inter-individual variability, making dosing challenging [1]. Existing population pharmacokinetic ~ Modelling to assess impact on predictive accuracy and generalisability.

(Ezoth)K) mo(cjiels ofterépfrf[c;rrg] inconsistently for a given patient group due to differences in model . Compare their predictive performances against specialised single models
structure ana source data |2, 3. on unexposed validation data splits.

Modelling techniques such as averaging address model structure uncertainty by combining weighted
predictions from multiple models. Alternatively, dataset augmentation improves model generalisability
by integrating data from various sources [3,4]. This study investigates both methods to evaluate their
impact on the accuracy of vincristine concentration predictions in clinical practice.

Methods
Dataset Augmentation: Model Averaging:
Vincristine pharmacokinetic data from four clinical trials [5-8] were combined to create an augmented Model averaging was implemented by combining predictions from six
dataset comprising 209 patients. Study inconsistencies were addressed by standardising units, transcribed vincristine models [1, 8—12], with each model's contribution
harmonising covariates, and handling missing data and outliers. Eighteen unexposed patients were weighted inversely to its root mean square error (RMSE), following the
randomly selected and reserved for external performance evaluation. The remaining data were then methodology described by Uster et al. [2].
stratified by key covariates and split into 10 training/validation sets: each comprised a training set —
(n=148) and an internal validation set (n=38), with representativeness confirmed using the o
Kolmogorov-Smirnov test. (Newcastle)
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A baseline model from Nijstad et al. was selected, featuring three-compartment structure with tubulin '

binding and multiple dosing occasions [1]. It was enhanced by adding inter-site variability on central Weighted Average average ipred = » ~ (IPRED - Weight)
and peripheral volumes and by applying the M3 method to handle concentrations below the limit of
quantification. Parameters were re-estimated, and model performance was assessed using
bootstrap, sampling importance resampling (SIR), and visual predictive checks (VPC).
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FIGURE 3. Workflow for model averaging using an unseen dataset.

Results

Posterior Prediction-to-Observation Ratios
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200 X x
i i . i § * Refining the Nijstad et al. baseline model with inter-site variability and M3
150 i x x handling for BLQ data significantly improved model fit (AOFV: —261).

 Across 10 data splits, model averaging outperformed all individual
published models 8/10 times, while dataset augmentation outperformed
individual models 7/10 times.

Prediction/Observation (%)

» Both approaches achieved lower prediction error (RMSE 23-31%) and
bias (rBias between —6.3% and +1.9%), with 37-46% of predictions within
the target range.
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FIGURE 4. Comparison of posterior prediction-to-observation ratios across models.

Conclusion

- Model averaging and dataset augmentation both substantially improved predictive accuracy and consistency for vincristine concentrations compared to individual models.
« These approaches improve the reliability of popPK predictions, supporting safer and more precise model-informed dosing in clinical practice.
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