Classification of Hemorrhagic Shock in a Porcine Model
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Overview

Hemorrhagic shock (HS) remains a preventable cause
of death, with casualties deteriorating before surgical
control despite point-of-injury care. Stable signal
evaluation and machine learning provide additional
insight as to the mechanisms driving HS.

Problem Motivation

With unknown blood loss, you run the risk of
insufficient triage for those in dire need of care. Signal
quality also degrades useful feature extraction that
would help classify HS. Robust and objective indicators
for HS phases are currently absent.

Experimental Design

Our dataset of 12 porcine subjects underwent
controlled exanguation at the BSOS laboratory (with
intervention). Pressure was measured in the aortic arch
and flow in the carotid and LAD arteries. Our target
variable was estimated blood volume (EBV). Five
minutes of stable signal were used as a baseline then
ensuing percentage loss was classified as BL (100%), C1
(85-100%), C2 (70-85%), C3 (60-70%), C4 (< 60%). To
combat signal degradation, a combination of Shannon
Entropy (> 45%) and in-band power (0.5 - 15Hz > 90%)
was used to evaluate a signals presence/periodicity.
Once validated, 20 extracted features were used in four
machine learning classification models, scaled with
PowerTransformer and validated with LOGO cross
validation. The best two models were ensembled
together. Model parameters were optimized /
regularized with GridSearchCV (LOGO)
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