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Abstract This study presents a probabilistic knowledge discovery method to interpret heart
rate variability (HRV) based on time and frequency domain indexes, extracted using discrete
wavelet transform. The knowledge induction algorithm was composed of two phases: rule
generation and rule estimation. Firstly, a rule generation converts numerical attributes to intervals
using ROC curve analysis and constructs a reduced ruleset by comparing consistency degree
between attribute-value pairs with different decision values. Then, we estimated three measures
such as rule support, confidence, and coverage to a probabilistic interpretation for each rule. To
show the effectiveness of proposed model, we evaluated the statistical discriminant power of five
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A probabilistic knowledge model for analyzing heart rate variability

rules (3 for atrial fibrillation, 1 for normal sinus rhythm, and 1 for both atrial fibrillation and

normal sinus rhythm) generated using a data (n=58) collected from 1 channel wireless holter

electrocardiogram (ECG), ie., HeartCall®,

U-Heart Inc.

The experimental result showed the

performance of approximately 0.93 (93%) in terms of accuracy, sensitivity, specificity, and AUC

measures, respectively.
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A probabilistic knowledge model for analyzing heart rate variability
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