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Introduction

In a clinical setting, methods for predicting
patient outcomes, and particularly patient
mortality, are often used to enhance the decision-
making of health-care professionals [1-3].

Heart rate variability (HRV) is a term
describing the natural variation in the timing

Data was pulled from the MIMIC-III clinical
database, which stores deidentified patient health
records and demographic data from upwards of
forty thousand patients from their stays in the
Beth Israel Deaconess Medical Center, and the
MIMIC-I1ll waveform database (matched subset),
which stores the ECG recordings that have been

Table 1. 5-minute heart rate and HRV statistics for 4259
independent hospital admissions, from 2664 patients. Statistical
significance was calculated using a Mann-Whitney U rank test,
using the scipy Python library.
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Figure 3. 5-minute moving window heart rate and HRV
statistics generated from an ICU patient ECG recording, over
roughly five hours of recording time
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