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Background: Pandemic control involves measures that reduce transmission and pro-
tect healthcare capacity, but that can also disrupt education and broader societal well-
being. Therefore, we frame this challenge as a multi-objective decision problem to iden-
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tify intervention strategies that balance this trade-off. o4 :
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* Decision space: 64 contact-scaling variables P = |py, ..., pg/- 4 controlled school set- and minimal-H B regions.
tings, 4 workplace settings over 8 two-week intervals (7).
* Digital twin: each candidate schedule reconstructs age-specific contact matrices from a E=  School E=  Work
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e Hospitalisation burden: simulated ICU and non-ICU occupancy relative to available COVID-19 bed High-Proximity Jobs Low-Proximity Jobs Medium-Proximity Jobs Other Jobs
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e Data inputs: social contact surveys, hospital-capacity data, and time-varying epidemiological param- 80
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* NSGA-II: evolutionary multi-objective algorithm used as a traditional benchmark for
approximating the Pareto front in high-dimensional decision spaces.

Figure 7: Setting-specific contact-scaling profiles by Pareto-front region. Points show average non-dominated
* MOTPE: Bayesian optimisation approach based on tree-structured Parzen estimators, schedules across the study period; stars indicate average reconstructed setting-specific contact levels during

used to guide the search towards promising regions of the objective space. the study period in Belgium.

* BO-GPR: surrogate-assisted Bayesian optimisation using Gaussian-process regres-
sion and hypervolume-based acquisition to prioritise candidate strategies likely to Take-home messages

improve the Pareto front.
P * The optimisation identifies a clear Pareto front of non-dominated contact-scaling

schedules P7., including solutions improving upon the benchmark objective values.

R €S ultS * BO-GPR provides the strongest Pareto-front approximation, although at a higher com-
putational cost.
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