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GLP-1 receptor agonists are highly effective for weight management, but nausea (
remains a significant side-effect. Current clinical practice employs dose titration using PK é=PB(c—c) ABW %
a standard schedule to improve tolerability. Optimizing titration schedules requires ©
balancing of two competing objectives: Maximizing weight loss efficacy while

minimizing nausea burden.

We present a nausea time-to-event (T TE) simulation framework incorporating

1. Introduction
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Scalarized multi-objective optimization framework:

2. System and Optimization Problem
One coupled ODE system maps weekly doses to two outcomes:

(efficacy)

\P(nausea) (tolerability)
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tolerance development dynamics. Combined with an established weight loss model, nased relative weight loss
we propose a conceptual optimization framework for personalized dose titration. Umin < Uk < Umaxs, kK=1,...,T
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Molecular mass of drug. ard, H:ll: Hill coefficient (controls steepness of dose-response). compared to the original model to emulate future GLP-1 variants. N .
3. Simulations over Different Tolerance Parameters
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Figure 1: Body weight loss and nausea risk for different dosing schedules.
4. Dosing Optimization Example
Pareto Front — Week 28 and 56 Optimal Weekly Doses Concentration, Running Average C(t)
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Figure 2: Dosing optimization example with horizon T' = 56 weeks, and with dosing limits w,i;n» = 0 Mg, and wuma.x = 5 MQ.
5. Conclusion
» By combining the TTE nausea model with a weight loss » Solving the optimization problem repeatedly » To be clinically relevant, the nausea model requires
model, optimal dose titration for future GLP-1 can be across varying o approximates the Pareto refinement and parameter estimation from data.
planned by an open-loop control framework, with a optimal trade-off between nausea risk and weight Incorporation of covariates would further enable
natural extension to closed-loop receding horizon control. loss for a given patient. personalized predictions and dose optimization.
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