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Introduction & Background
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ypotension (a sustained decrease in blood pressure) within critical care patients is associated with a higher risk of mortality and other severe complications. It is periodically monitored |
non-invasively for all ICU patients. Continuous blood pressure monitoring via arterial line catheters has been shown to lead to faster response times but is also associated with complications such SN eITIE LY w
as infection. With recent advances in machine learning, we take an innovative approach and train a model that is able to predict Arterial Blood Pressure continuously and non-invasively through m
. the following three measures: Electrocardiogram, Photoplethysmography, and EHR Vasopressors medication. y non-invasively
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Fig. 1a Displays a predicted waveform with a patient with no vasopressor medication administered. By no surprise, we non-invasive, accurate, for patients in the ICU
which takes into account clinical interventions. In this particular frame, the prediction is performing better than the original. K additional instrume;ltation. /
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see that the predictions are identical. In Fig. 1b, we see differentiation between the first model versus our current model setting and beyond, without the need for any
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