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B Background

B Knowledge Gaps

@

Predictive performance and utility of MTX PK NLME models to
support clinical decision-making are rarely assessed.

High doses of methotrexate (MTX) are first-line treatment for
central nervous system lymphoma'.

MTX

Neglecting uncertainty by simplifying to the posterior mode

MTX s primarily renally excreted (80 - 90%) while inducing :\_ (MAP) remains a limitation of clinical decision-support tools.

nephrotoxicity, potentially creating a vicious cycle!.

_ l Objectives

Delayed elimination (> 3 days to decline below a threshold of
Curx < 0.2 uM) increases toxicity but is difficult to predict?.

PK NLME appears suited to support clinical decision making by
—- predicting time to 0.2 uM (t, ,,), with several models published?.

How well does a newly developed NLME model predict delayed
eliminators at clinically relevant decision time points?

m

Can translation into a full-Bayesian*~ framework preserve
valid uncertainty quantification for t , ,,?

Hl Methods H Results (model application)
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Point estimate evaluation (test cohort)
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l Discussion
& Selected MTX model showed good descriptive performance (training)

&/ Uncertainty in predicting ty v Was maintained via full Bayesian

&/ Good predictive performance (t,,,,) if data >30h was provided (test)

X Insufficient identification of delayed eliminators at early time points

? Are competing approaches (e.g., machine learning) more predictive?

IFDA Label, Methotrexate Injection, USP, 2011  Abbreviations ALB: Albumin; CNS: Central Nervous System;

CRP: C-reactive Protein; eGFR: Estimated Glomerular

’Stoller et al., N. Engl. J. Med., 1977

Il Conclusion

Theoretical Quantiles

The full Bayesian-NLME framework
predicted delayed MTX elimination if
informative TDM data was provided
and preserved predictive uncertainty.
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