- Predicting Simulated Medical Outcomes

== MED-ENG using Blast Dosimetry

Jeffrey Levine, Jean-Philippe Dionne, Ph.D.,
Aris Makris, Ph.D.

Machine Learning (|\/| L) m 1000 soldier career profiles simulated

= [ncreasing use of soldier-borne blast dosimeters in training m Based on GBEV & Blast Exposure Count (BEC)

= Estimated incident peak pressures Validated through 5 actual retired soldiers (participants)

= Continuous recording of blast overpressure exposures and impulses estimated through ML covering all “CLARE” weapons types
: : : ® Independent of sensor orientation / CLARE 1: Small arms CLARE 3: Artillery (e.g. mortars)

= Large and growing longitudinal exposure datasets mounting location CLARE 2:Shoulderfred  CLARE 4/;52?!25;:2 )aow/mgm

= No direct correlation: dosimeter data vs. medical outcomes = Randomized service duration/exposure frequency

= Limits clinical usefulness and operational decision-making Face " Generates realistic cumulative exposure ranges
Rear m Assign real dosimeter pressure-time histories
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Machine Learning models
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Develop a framework to link blast All simulated medical observations

exposure data to medical outcomes Medical Data Simulation
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m Results are only illustrative

variability and discretization
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