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Background Device Concept and Design Product Architecture

Post-anoxic coma after resuscitation from cardiac arrest is due to
the occurred temporary lack of oxygen to the brain. Only 20% to
30% of all patients survive after the first 24 hours of being in the

coma state [1]. The outcomes of this condition range from full
neurological recovery to different degrees of neurological
disability quantified by the Cerebral Performance Category (CPC)
scale [2]. A CPC score of 1 would mean that the patient had full
recovery of all neurological function, while a score of 5 would
mean death. Accurate prognosis of a patient's neurological
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treatment plans and resource allocations.

We will develop a software module for analysis of the EEG and ECG signals from
cardiac arrest (CA) patients using linear (Fourier-based and autoregressive model-
based) and nonlinear (entropy) measures of dynamics over hours following CA. The
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