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Abstract: Based on the analysis of heart rate variability (HRV), a prediction method for paroxysmal atrial fibrillation (PAF)
attacks is proposed. A new adaptive filtering technique is used for smoothing and coarse graining of HRV, followed by
entropy-based quantification of HRV complexity at multiple adaptive scales. After the features are normalized by Min-Max,
feature subsets are selected by sequential forward selection method, and then input to support vector machine to identify HRV
types and predict PAF attacks. Through 5-fold cross-validation on a set of 50 HRV sequences each lasting 5 minutes, the
optimal prediction results are obtained: 98% accuracy, 100% sensitivity, 96% specificity, demonstrating excellent
performance. In addition, the experiment shows significant changes (P<0.05) in the complexity eigenvalues of HRV far away
from and close to PAF at different frequency bands, reflecting alterations in nervous system regulation of cardiac rhythm and
a decline in the ability to adapt to external environmental changes such as stress regulation.
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Figure 1 PAF predietion flowchart
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Figure 2 Schematic diagram of coarse graining of elements
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Figure 3 Five-minute HRYV of a typical PAF attack (p20)
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Table 5 Prediction results of different methods for PAF using typical features
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Figure 6 Frequency—SE curves of two different types of HRV sequences
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