Relative Sparsity for Medical Decision Problems

Sam Weisenthal
Medical Scientist Research Symposium, 2025
Thesis advised by Dr. Sally Thurston and Dr. Ashkan Ertefaie
(Some of my own, updated thoughts here)

University of Rochester
Rochester, New York



Framework

» |nitial state, random vector
» Example: (initial heart rate, initial blood pressure)
» Draw from distribution
» Treatment, binary random variable
» Example: vasopressors (yes or no) for hypotension
» Call distribution of treatment given initial state a “policy”

> Example: assign treatment, conditional on initial state, with
probability 0.3

» Final state, random vector
» Example: (final heart rate, final blood pressure)
» Draw final state conditional on treatment and initial state
» Sampling distribution
» Draw an initial state, a treatment (via policy), and then a
final state



Reward maximization

» Reward is a function of the initial state, treatment, and final
state

» Example: final blood pressure in setting of hypotension

» The expected reward depends on the sampling distribution

> ltis thus a function of the treatment policy
> One can thus obtain the expected-reward-maximizing
policy
> Policy search (Williams, 1992; Bagnell et al., 2003; Ng and
Jordan, 2013; Sutton and Barto, 2018)
> Antecedents: de Montmort (1713); Bernoulli (1738); Savage
(1951); Bellman (1957); Lindley (1975)



Estimation

» The standard of care (policy) generates observational
clinical data
» A density transform gives the expected reward of any
policy as a function of said standard of care
> If we assume: consistency, no interference, positivity, no
unmeasured confounding
»> We can find the reward-maximizing policy using
observational data
» Importance sampling (Precup, 2000; Owen, 2013)
> Inverse probability weighting (Horvitz and Thompson, 1952;
Robins et al., 1994, 1993)



Trust region policy optimization and our methodology

» Trust region policy optimization (Schulman et al., 2015)
» From robotics
» Objective

7% = arg max Vo(7) — yKLo(, 7°9)

> Stabilizes optimization
» Methodology
» Choose an interpretable, identifiable policy

» Assume that the standard of care is similar
> Sets the stage for relative sparsity,

/BO,A = arg mﬁax Vo(ﬁ) — /\H6J — boH1

> A window



Real data analysis

» We illustrate the proposed method on the MIMIC |V critical
care database (Johnson et al. (2016))
» Consider a decision in the medical intensive care unit

> Management of hypotension (during initial 30 minutes)
> Treatment is vasopressors (yes or no)
» Reward is final blood pressure



Real data analysis
» Note, 8, = arg maxg Va(8, bn) — A||B — bnll4
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Discussion

» Relative sparsity is a window into policy search

» Describes what change is recommended
» Could provide an easily justifiable policy
» Provides another layer of assessment

» Future work
» A more flexible model for the standard of care
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