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Introduction

Population Treatment Optimization

* Treatment optimization can improve the
achieving therapeutic objectives’

* Multi-objective optimization
* Maximize efficacy
* Limit toxicity and exposure
* Preventresistance/tolerance

Case Study

* Ciprofloxacin (CIP) and tobramycin (TOB)
* Pseudomonas aeruginosa infection
* Treatment objectives
Achieve target endpoint bacterial density
Avoid sepsis
@ Avoid drug toxicity (C,,,, and exposure)

probability of .

Involving inter-individual variability (IIV) in optimization could

improve population outcomes
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1. Propose a treatment optimization method for a patient
population by considering IV for multiple treatment

objectives

2. Case study: design of a combination antibiotic therapy to
prevent antibiotic resistance
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* Population-optimized therapy

» Standard monotherapy :=50.8%
* Typicalindividual-optimized : 75.8%
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Fig. 1| Target attainment probability of standard
monotherapy and optimized combination therapy

achieved
treatment objectives in 93.4% of the population

* Other optimization algorithms
e Simulated annealing (SA): 81.2%

¢ Genetic algorithm (GA) : 83.1%
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Fig. 2 | Population-optimized
combination therapy

* Multi-criteria decision analysis to
assign weight in cost function
* Disadvantages of this method

¢ Computationally heavy
* Objective has to be a range

* Involving IIV in optimization could
yield better population outcomes

* In this case study, PSO+BFGS
strategy? was the most effective for
identifying optimal treatment design

* The presented method can be used
to optimize dosing schedule for a
patient population
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