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Abstract:
Spectral analysis on heart rate variability (HRV) has been a widely accepted linear method inSpectral analysis on heart rate variability (HRV) has been a widely accepted linear method in 

the assessment of autonomic nervous system (ANS), in which HRV reveals a delicate balance 
between the two antagonistic parts of ANS: sympathetic and parasympathetic activities. However,
a major problem on analyzing HRV via spectral method is related to nonstationarities, e.g., mean 
and standard deviation vary with time. The presence of nonstationarities makes the traditional 
spectral method assuming stationary signals not reliable. To resolve the difficulties related to 
nonstationary behaviors, Hilbert-Huang transform (HHT), a new time-frequency representation 
method of signal analysis developed by Huang et al is based on nonlinear chaotic theories and hasmethod of signal analysis, developed by Huang et al. is based on nonlinear chaotic theories and has 
been designed to extract dynamic information from nonstationary signals at different time scales.
In this talk, I will present the depth of sleep is related to changes in autonomic control, in which 
continuous HHT analysis of the electroencephalogram (EEG) and HRV was performed in twelve 
patients with obstructive sleep apnea (OSA). The sympathovagal index, i.e., low-/high-frequency 
power ratio of HRV (LF: 0.04-0.15 Hz; HF: 0.15-0.40 Hz), was significantly and negatively 
correlated with delta power of EEG (0.5-4.0 Hz). In addition, vagal regulation was positively 
related to the depth of sleep Compared to the results of normal subjects I may conclude that OSArelated to the depth of sleep. Compared to the results of normal subjects, I may conclude that OSA 
patients can be characterized by concurrent sympathetic activation and vagal withdrawal.
Therefore, HHT offers a clear quantitative analysis to study the interaction between cerebral 
cortical and autonomic activities.
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1. Introduction to sleep stages

stage W to stage I

stage IIstage II

stage III

Name Stage Properties of EEG
ti k (AW) W i d i t

stage III

stage IV

Specific wave Properties
α wave 8 Hz < f < 13 Hz
θ wave 4 Hz < f < 7 Hz

active wake (AW) W α wave is dominant

rapid eye movement (REM) REM similar to stage I

light sleep I α wave is less than 50% 
d θ spindle 12 Hz < f < 14 Hz

k-complex combination of vertex sharp 
waves and sigma paroxysmNREM

g p and θ wave appears

II spindle or k-complex

deep sleep III slow wave 20%~50%
delta wave 0.5 Hz < f < 4 Hz 

slow wave: f < 2 Hz

deep sleep
slow wave sleep(SWS)

quiet sleep (QS)

III slow wave 20% 50%

IV slow wave is more than 
50% Delta-wave power is associated with the depth of QS.

2. Spectrum analysis on heart rate variability (HRV)

Spectrum analysis on HRV during graded orthostatic 
tilt, where LF: 0.04-0.15 Hz and HF: 0.15-0.4 Hz.Task Force of  the European Society of Cardiology and the 

North American Society of Pacing and Electrophysiology, 
Circulation 93 (1996) 1043 1065Circulation 93 (1996) 1043-1065

Effect of six different respiration rates (RR) on 
measurements of HRV, where R is the ratio 
between LF and HF.  

J D Schipke et al Journal of Clinical and Basic Cardiology 2J. D. Schipke et al., Journal of Clinical and Basic Cardiology 2 
(1999) 92-95

3. Why HHT is better than FFT to analyze physiologic signals? Nonstationary behaviors

Lorenz model:



Using HHT to detect embedded sources in nonstationary time seriesUsing HHT to detect embedded sources in nonstationary time series

Y.-H. Shiau et al, Optics Communications 283 (2010) 1909-1916

4. Relationship between delta power and HRV during sleep

4.1 FFT analysis on normal subjects
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4.2 HHT analysis on normal subjects
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4.3 Comparisons between FFT and HHT results

Cheryl C.H. Yang et al., Neuroscience Letters 329 (2002) 213-216

P. Busek et al., Physiol. Res. 54 (2005) 369-376

5. FFT and HHT results for OSA patients
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Mean RR (ms) ↓Mean delta [ln(μV)2] ↓ Mean LF/HF [ln(ratio)] ↑

1 d l [l ( )2]1. Mean delta [ln(μV)2] ↓
2. Mean RR (ms) ↓
3. Mean LF/HF [ln(ratio)] ↑
4. Mean HF(nu) ↓
5 M LF( ) ↑

Mean HF(nu) ↓ Mean LF(nu) ↑

5. Mean LF(nu) ↑

Mean HF(nu) ↓ Mean LF(nu) ↑

Fast Fourier Transform (linear) Hilbert Huang Transform (linear)Fast Fourier Transform (linear) Hilbert-Huang Transform (linear)

Using cubic spline interpolation for the resampling process could improve above-mentioned results.

FFT analysis on normal subjects (cubic spline)FFT analysis on normal subjects (cubic spline)
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HHT analysis on normal subjects (cubic spline)
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Comparisons between FFT and HHT results (cubic spline)

Cheryl C.H. Yang et al., Neuroscience Letters 329 (2002) 213-216



FFT and HHT results for OSA patients (cubic spline)
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Fast Fourier Transform (cubic spline)Fast Fourier Transform (cubic spline)

Cheryl C.H. Yang et al., Neuroscience Letters 329 
(2002) 213-216

Thanks for your attention


