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ABSTRACT

Clinical treatment guidelines play an important role in managing chronic diseases at the population level by providing 
standardized recommendations to guide medical decision-making. While many existing guidelines include some degree 
of patient stratification, these groupings may not be optimized to maximize population-level health outcomes. In 
contrast, fully personalized treatment policies can theoretically optimize population-level health, but can be impractical 
to implement at a wide scale due to their complexity and potential technological requirements. Accordingly, we propose 
the Treatment Guideline Design Problem (TGDP), a new data-driven optimization framework that jointly partitions a 
population into a fixed number of subgroups and determines an optimal treatment policy for each subgroup. In the 
TGDP, we model each patient as a Markov Decision Process to capture heterogeneity in disease progression and 
treatment response. We prove that the TGDP is NP-hard and that the expected population-level utility increases 
monotonically with the number of stratifications. To address computational intractability, we develop both exact and 
heuristic algorithms to solve the TGDP. Numerical experiments show that our heuristic methods achieve near-optimal 
outcomes while scaling efficiently to large populations. We then apply our methods to a case study on hypertension 
management using a nationally representative U.S. dataset. We find that even a small number of optimized 
stratifications can yield substantial improvements in population-level outcomes over current clinical guidelines. Overall, 
our framework provides a principled and practical approach for designing treatment guidelines that balances 
personalization and implementability, helping clinicians, managers, and health policymakers make advances toward 
optimal population health outcomes.
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