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The complex fluctuations in heart rate variability (HRV) reflect cardiac autonomic modulation and
are an indicator of congestive heart failure (CHF). This paper proposes a novel nonlinear approach to
HRV investigation, the multi dynamic trend analysis (MDTA) method, based on the empirical mode
decomposition algorithm of the Hilbert–Huang transform combined with a variable-sized slidingwindow method. Electrocardiographic signal data obtained from the PhysioNet database were used.
These data were from subjects with CHF (mean age ¼ 59.4 6 8.4), an age-matched elderly healthy
control group (59.3 6 10.6), and a healthy young group (30.3 6 4.8); the HRVs of these subjects
were processed using the MDTA method, time domain analysis, and frequency domain analysis.
Among all HRV parameters, the MDTA absolute value slope (MDTS) and MDTA deviation
(MDTD) exhibited the greatest area under the curve (AUC) of the receiver operating characteristics
in distinguishing between the CHF group and the healthy controls (AUC ¼ 1.000) and between the
healthy elderly subject group and the young subject group (AUC ¼ 0.834 6 0.067 for MDTS;
0.837 6 0.066 for MDTD). The CHF subjects presented with lower MDTA indices than those of the
healthy elderly subject group. Furthermore, the healthy elderly subjects exhibited lower MDTA indices than those of the young controls. The MDTA method can adaptively and automatically identify
the intrinsic fluctuation on variable temporal and spatial scales when investigating complex fluctuaC 2016 AIP Publishing LLC.
tions in the cardiac autonomic regulation effects of aging and CHF. V
[http://dx.doi.org/10.1063/1.4941673]

Heart rate variability (HRV) is considered a noninvasive
indicator of the autonomic nervous system and is widely
applied in analyzing several cardiovascular diseases,
including congestive heart failure (CHF). Technically,
three approaches to determining HRV, time domain
analysis, frequency domain analysis, and nonlinear analysis have been used. However, these approaches have
some limitations and not suitable for analysis complex
fluctuations. Based on the empirical mode decomposition
(EMD) algorithm of the Hilbert–Huang transform
(HHT) combined with a variable-sized sliding-window
method, this article describes a novel nonlinear approach
to HRV investigation, the multi dynamic trend analysis
(MDTA) method, and more proposed two HRV parameters for assessing the effects of aging and CHF on autonomic function: the slope of the absolute value of MDTA
(MDTS) and the deviation in MDTA (MDTD). The
results reveal that the novel MDTA parameters have
higher discriminating power than the parameters for
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aging and CHF obtain through time domain analysis and
frequency domain analysis. Further, it has higher acute
sensitivity and specificity when identifying CHF than
time domain analysis and frequency domain analysis.
Theoretically, MDTA can adaptively and automatically
identify the intrinsic fluctuation from nonlinear and nonstationary signals on variable temporal and spatial scales.

INTRODUCTION

Over the past decades, numerous studies have examined
variations in long-term recording of heartbeat intervals,
namely, HRV. HRV is considered a noninvasive indicator of
the autonomic nervous system and is applied in analyzing
several cardiovascular diseases, including hypertension,1
diabetes mellitus,2 sudden cardiac death,3 coronary artery
disease,4 and heart failure.5 Technically, three approaches to
determining HRV, time domain analysis, frequency domain
analysis, and nonlinear analysis have been established.
Our previous study used frequency domain analysis to
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demonstrate that aging plays a critical role in the decrease of
total power (TP), high frequency power (HF), and the ratio
of low frequency power (LF) to HF (LF/HF).6 Time domain
analysis also revealed that the standard deviation of normal
to normal R–R intervals (SDNN) is associated with aging.6
Among subjects with CHF, SDNN has been widely used to
predict mortality,7 with a decreased HF reflecting the loss of
vagal functioning.8 Compared with nonlinear analysis, time
domain analysis and frequency domain analysis are relatively widely used approaches, and most basic research and
clinical applications are based on these two methods.9,10
However, nonlinear analyses of HRV have generally
demonstrated higher acute sensitivity and specificity when
identifying cardiovascular disease than time domain analysis
and frequency domain analysis have.11,12 Nonlinear analysis
provides an improved decomposition of the intrinsic fluctuations in HRV compared with time domain analysis and frequency domain analysis because of technical limitations
associated with the latter two approaches. The superiority of
nonlinear analysis is based on the fact that time domain analysis and frequency domain analysis improperly process and
analyze the dynamic variation features in HRV generated
from complex physiological systems.13–15
Two types of HRV analysis, long-term (24 h) and shortterm (5 min),9 have been recommended by the Task Force of
the European Society of Cardiology and the North American
Society of Pacing Electrophysiology. However, there is
demand for a more flexible analysis than the single scale
window 5-min or 24-h methods for investigating rapid fluctuations in HRV.16 Consequently, nonlinear analysis has
recently received more attention, especially for investigating
nonlinear and nonstationary physiological signals.17–19
Studies have shown that the HHT,11 multiscale entropy,20
detrended fluctuation analysis,21 stochastic series expansion
quantum Monte Carlo,22 and compression entropy23 can
identify fluctuations and complexity in complex systems;
however, these approaches have usually been need sufficient
data to analyze24–26 and entropy limited by sensitivity to
both N and r27 in previous studies.
Huang et al. proposed a nonlinear approach based on
EMD that is regarded as a revolution of the digital signal
process.13 This technique was designated as the HHT and
has been applied to geophysical signals,28 atmospheric turbulence,29 structural applications,30 and speech recognition.13
The HHT has also been applied to physiological signals in
biomedical engineering and health monitoring.31–33
However, no previous study has combined the HHT with a
variable-sized sliding-window method to investigate the
variable temporal and spatial scales of HRV.
We hypothesized that the autonomic nervous system produces intrinsically complex fluctuations in HRV. Moreover,
this complexity, similar to the results obtained using nonlinear
methods, is reduced by aging and by CHF.16,34 This study
proposes a novel nonlinear approach to HRV investigation,
MDTA, which is based on the EMD algorithm of the HHT
combined with a variable-sized sliding-window method. The
specific aims of this study were to examine the correlation
between MDTA, time domain analysis, and frequency domain
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analysis of R–R intervals and to test whether MDTA can
effectively distinguish the effects of aging and CHF.
MATERIALS AND METHODOLOGY
Subjects

The present study examined three subject groups: (1) 20
subjects with CHF (mean age ¼ 59.40 years, range: 43–79
years), (2) 20 age-matched elderly healthy control subjects
(mean age ¼ 59.30 years, range: 40–73 years), and (3) 20
healthy young subjects (mean age ¼ 30.25 years, range: 20–35
years). Each group consisted of 10 men and 10 women. The
data for all subjects were collected from 24-h electrocardiogram
recordings obtained from the PhysioNet website (www.physionet.org/physiobank/database).35–37 The details of this database
were described previously (www.physionet.org/physiobank).38
We used the continuous 500 beat-to-beat interval time series
(approximately 7 min) of the normal sinus rhythm of the subjects while they were awake in the morning, enabling us to
exclude the effects of the circadian rhythm. All subjects and
continuous R–R intervals (RRs) were randomly selected to
avoid subjective influence. The RRs were verified using computer algorithms that recognized each the combination of three
of the graphical deflections seen on a typical electrocardiogram
(QRS complex) and rejected each ventricular premature complex or noise according to likelihood by using a standard QRS
template. The program for preprocessing the artifacts was
designed according to our previous investigations.6,39 For the
artifacts of the RR rejection procedure, a temporary mean and
standard deviation of all RRs were first calculated for a standard reference. Each RR was then validated: if the standard
score of an RR value exceeded 3, it was considered erroneous
or nonstationary and was rejected. The average percentile of
RR rejection according to this procedure was 1.2%.
The HRV data were processed using the MDTA method,
time domain analysis, and frequency domain analysis.
Multi dynamic trend analysis method

The MDTA method comprises a variable-sized slidingwindow method and the EMD algorithm of the HHT. EMD is
an adaptive data analysis method developed by Huang et al.13
Briefly, unlike Fourier-based time series analysis, EMD is an
adaptive decomposition method without a priori assumptions
that is applicable to nonlinear and nonstationary signals with
multiple periodic component processes. The decomposition
can automatically extract any signal composed of a finite number of intrinsic components or oscillations and residual component (trend) without assumptions regarding signal stationarity.
Each oscillation component, termed an intrinsic mode function, is sequentially decomposed from the original time series
through a sifting process.13,40
The variable-sized sliding-window method processes
the HRV raw data by using a continuous variable window
size from a minimal time scale, namely, 30 s, to the complete
time scale (approximately 7 min). In each window, the EMD
of HHT was performed. Thus, MDTA delineates intrinsic
fluctuation trends and complex fluctuation patterns on different temporal and spatial scales.
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Time domain and frequency domain analysis of HRV

FIG. 1. Example of an HRV raw data pass using the multi dynamic trend
analysis method to create a three-dimensional color graph of the time, window size, and slope of the trend. The color change mean is the slope value.

These indicators were applied to a center position of the
variable-sized sliding-window method to create a threedimensional color graph of the time, the sliding window
size, and the slope of the trend. An example of application of
the MDTA approach in analyzing raw HRV data is shown in
Fig. 1. The two-dimensional relationship between the degree
of fluctuation and each analysis window size was used as the
standard deviation to calculate the slope change time series
of each window size from the three-dimensional color graph.
We proposed two HRV parameters for assessing the
effects of aging and CHF on autonomic function: MDTS and
MDTD calculated from two dimensions. These parameters
were obtained using the linear regression and mean absolute
deviation methods, respectively (Fig. 2).

The procedures for time domain analysis and frequency
domain analysis were based on standard methods and were
previously described.9 The two essential parameters of the
time domain analysis are the SDNN RRs over 7 min and the
root mean square successive difference of normal-to-normal
RRs (RMSSD).9,14,41
Power spectral analysis was performed using the fast
Fourier transform (FFT). The baseline shift was deleted, and
a Hamming window was used to attenuate the leakage
effect.42 Our algorithm was then used to estimate the power
density of the spectral components based on the FFT. The
resulting power spectrum was corrected for attenuation
resulting from sampling and the application of the Hamming
window. The power spectrum was subsequently quantified
and separated into standard frequency domain measurements, as previously reported,9,43 namely, the very low frequency power (VLF) (0.003–0.04 Hz), LF (0.04–0.15 Hz),
HF (0.15–0.40 Hz), TP, LF/HF, and normalized LF (LF%).
The LF% was calculated using LF/(total power  VLF)
 100. VLF, LF, HF, and LF/HF were logarithmically transformed to correct for their skewed distributions.6
We developed the MDTA method and conducted the
time domain analysis and frequency domain analysis of HRV
by using a mathematics software package (MathWorks,
Natick, Massachusetts, U.S.A.).
Statistical analysis

We compared the HRV parameters between the CHF
subjects and the age-matched elderly healthy controls and
between the elderly subjects and the young healthy subjects
by using one-way ANOVA. We further used receiver operating characteristic (ROC) curve analysis to identify whether
the HRV parameters enable distinguishing between the
CHF group and the age-matched elderly healthy group and
between the healthy elderly group and the young group.
C-statistics were used to obtain the area under the ROC
curve (area under the curve, AUC) with a standard error to
examine the significance, and an AUC higher than 0.5 indicated that the parameter can distinguish between two groups.
The sensitivity and specificity cutoff points were also analyzed. Next, we examined the correlations among the HRV
parameters obtained using the MDTA method, time domain
analysis, and frequency domain analysis by using Pearson’s
correlation coefficient obtained for the CHF subject group,
healthy elderly subject group, and healthy young subject
group. A p value <.05 was considered significant. Values
were expressed as means 6 standard deviation.
RESULTS

FIG. 2. The absolute value of the slope jdy/dxj in the multi dynamic trend
analysis and deviation (grey area) of the multi dynamic trend analysis were
calculated in two dimensions, the degree of fluctuation and the analysis
window size, by using the linear regression and mean absolute deviation
methods.

Figure 3 illustrates the results of MDTA of HRV for a
healthy young subject, a healthy elderly subject, and a CHF
subject in a three-dimensional color graph. For the CHF subject, the color changes were smaller and the graph was more
monotonous than those for the healthy young and healthy elderly subjects.
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FIG. 3. Original beat-to-beat interval time series of continuous 500 beat numbers (7 min) (R–R interval; top); three-dimensional color variation graph plotted
using the multi dynamic trend analysis method by variance of slope (MDTS, bottom); and three-dimensional color variation graph plotted using the multi
dynamic trend-derived quantitative indices (MDTD, bottom) for a 30-year-old man of the young healthy subject group (a), for a 67-year-old man of the elderly
healthy subject group (b), and for a 62-year-old man of the congestive heart failure subject group (c). All data were obtained while the subjects were awake in
the morning.

Table I shows the parameters of the MDTA method, the
time domain analysis, and the frequency domain analysis of
HRV for the three subject groups. The CHF subjects had a
lower MDTD and MDTS than those of the two control subject groups. In addition, the MDTS and MDTD were lower
among the healthy elderly subjects than among the healthy
young subjects. Similarly, the SDNN and TP were significantly lower among the CHF subjects than among the
healthy elderly subjects. This was also true for the healthy elderly subjects compared with the healthy young subjects.
The LF% and LF/HF were lower for the CHF subjects than
for the healthy elderly subjects but were not significantly

different between the healthy elderly and the healthy young
subjects. The healthy elderly subjects’ RMSSD and HF were
both lower than those of the healthy young subjects, but
there was no significant difference in the RMSSD and HF
between the CHF and the healthy elderly subject groups.
Figure 4 shows the relationship between each degree of
fluctuation and variations in the window size for the CHF,
healthy elderly, and healthy young subject groups. The CHF
subjects showed a lower degree of fluctuation and a smaller
standard deviation range than those of the healthy elderly and
healthy young subject groups when they were determined

TABLE I. Multi dynamic trend analysis parameters, time domain analysis
parameters, and frequency domain analysis parameters of heart rate variability for young healthy subjects, elderly healthy subjects, and congestive heart
failure subjects. SDNN, standard deviation of normal to normal; RMSSD,
root mean square successive difference; HF, high frequency power; LF%,
normalized low frequency power; LF/HF, LF to HF ratio; ln, natural logarithm; MDTS, multi dynamic trend slope (absolute value); and MDTD,
multi dynamic trend deviation.

Age
MDTA method
MDTS (absolute slope)
MDTD (deviation)
Time domain
SDNN, ms
RMSSD, ms
Frequency domain
TP, ln(ms2)
HF, ln(ms2)
LF%, nu
LF/HF, ln(ratio)
a

Young healthy
(n ¼ 20)

Elderly healthy
(n ¼ 20)

CHF
(n ¼ 20)

30.25 6 4.81

59.30 6 10.56a

59.40 6 8.42

0.60 6 0.19
1.00 6 0.33

0.38 6 0.17a
0.62 6 0.29a

0.06 6 0.02b
0.09 6 0.04b

55.29 6 18.51
30.67 6 11.60

35.85 6 18.10a
20.88 6 12.32a

13.66 6 7.57b
16.75 6 12.56

7.87 6 0.63
5.52 6 0.88
80.31 6 9.24
6.11 6 0.62

6.84 6 0.89a
4.31 6 1.04a
80.59 6 11.27
6.13 6 0.65

5.41 6 1.50b
3.96 6 1.55
44.23 6 20.92b
4.33 6 0.97b

p < 0.05 vs. young healthy control group.
p < 0.05 vs. elderly healthy control group.

b

FIG. 4. Relationship between the degree of fluctuation and each analysis window size for the young healthy subject group, for the elderly healthy subject
group, and for the congestive heart failure subject group. The dotted blue
line represents the healthy young subject group (multi dynamic trend
slope ¼ 0.60 6 0.19; multi dynamic trend deviation ¼ 1.00 6 0.33), the
square-shaped red line represents the elderly healthy subject group (multi
dynamic trend slope ¼ 0.38 6 0.17; multi dynamic trend deviation ¼ 0.62
6 0.29), and the diamond-shaped green line represents the congestive heart
failure subject group (multi dynamic trend slope ¼ 0.06 6 0.02; multi dynamic
trend deviation ¼ 0.09 6 0.04). Symbols represent the mean values for each
group, and the bars represent the standard deviation.
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TABLE II. Correlation coefficients between multi dynamic trend slope
(absolute values) and parameters of time domain analysis and frequency domain analysis obtained for young healthy subjects, elderly healthy subjects,
and congestive heart failure subjects. SDNN, standard deviation of normal
to normal; RMSSD, root mean square successive difference; TP, total
power; HF, high frequency power; LF%, normalized low frequency power;
LF/HF, LF to HF ratio; and ln, natural logarithm.
Young healthy
Time domain
SDNN, ms
RMSSD, ms
Frequency domain
TP, ln(ms2)
HF, ln(ms2)
LF%, nu
LF/HF, ln(ratio)

Elderly healthy

TABLE IV. Area under the curve analyses of multi dynamic trend analysis,
time domain analysis, and frequency domain analysis between the young
healthy subject group and the elderly healthy subject group. AUC, area
under the curve; SDNN, standard deviation of normal to normal; RMSSD,
root mean square successive difference; TP, total power; HF, high frequency
power; LF%, normalized low frequency power; LF/HF, LF to HF ratio; ln,
natural logarithm; MDTS, multi dynamic trend slope (absolute value); and
MDTD, multi dynamic trend deviation.

CHF

0.940a
0.760a

0.987a
0.648a

0.199
0.040

0.934a
0.728a
0.078
0.143

0.947a
0.832a
0.058
0.015

0.171
0.022
0.432
0.442

a

p < 0.05; the indices of time domain analysis and frequency domain analysis were significantly correlated with the MDTS (p < 0.05), except for the
LF% and LF/HF (p > 0.05) among the young healthy and the elderly healthy
subjects.

MDTA method
MDTS (absolute slope)
MDTD (deviation)
Time domain
SDNN, ms
RMSSD, ms
Frequency domain
TP, ln(ms2)
HF, ln(ms2)
LF%, nu
LF/HF, ln(ratio)
a

using a small analysis window size. In addition, the degree of
fluctuation was lower and the standard deviation range was
smaller in the healthy elderly subject group than in the healthy
young group when they were determined using a small analysis window size.
Among the healthy elderly and healthy young subject
groups, all HRV parameters, except LF% and LF/HF, were
significantly correlated with the MDTS and MDTD (Tables II
and III). The SDNN and TP showed the highest correlation
coefficients. However, among the CHF subjects, only LF%
and LF/HF were moderately correlated with the MDTD.
Among all HRV parameters (Tables IV and V), the
MDTS and MDTD showed the greatest AUC in distinguishing the CHF subjects from the healthy elderly subjects
(AUC ¼ 1.000) and in distinguishing the healthy elderly subjects from the healthy young subjects (AUC of MDTS:
0.834 6 0.067; MDTD: 0.837 6 0.066). When the CHF
TABLE III. Correlation coefficients between multi dynamic trend deviation
and time domain indices and frequency domain indices for young healthy
subjects, elderly healthy subjects, and congestive heart failure subjects.
SDNN, standard deviation of normal to normal; RMSSD, root mean square
successive difference; TP, total power; HF, high frequency power; LF%,
normalized low frequency power; LF/HF, LF to HF ratio; and ln, natural
logarithm.

Time domain
SDNN, ms
RMSSD, ms
Frequency domain
TP, ln(ms2)
HF, ln(ms2)
LF%, nu
LF/HF, ln(ratio)
a

Young healthy

Elderly healthy

CHF

0.882a
0.743a

0.970a
0.665a

0.195
0.067

0.877a
0.714a
0.083
0.143

0.934a
0.847a
0.086
0.015

0.205
0.005
0.470a
0.477a

p < 0.05; the quantitative indices of the time domain analysis and frequency
domain analysis were significantly correlated with the MDTS (p < 0.05),
except for the LF% and LF/HF (p > 0.05) for the young healthy subjects and
the elderly healthy subjects. p < 0.05; the LF% and LF/HF were significantly
correlated with the MDTD (p < 0.05) in the CHF subjects.

AUC

Standard error

p value

0.834a
0.837a

0.067
0.066

p < 0.001
p < 0.001

0.821a
0.808a

0.071
0.076

p ¼ 0.001
p ¼ 0.001

0.829a
0.800a
0.484
0.484

0.070
0.074
0.095
0.095

p < 0.001
p ¼ 0.001
p ¼ 0.866
p ¼ 0.866

p < 0.05.

subjects and age-matched controls were compared, all the
HRV parameters in time domain analysis and frequency domain analysis, except the HF, showed a significant AUC.
Furthermore, the lowest AUC was that for TP, 0.792. The
exception, the HF, did not show a significant AUC (0.570).
When the healthy elderly subjects and healthy young subjects were compared, all the HRV parameters showed a significant AUC, except for LF% and LF/HF.
DISCUSSION

Consistent with previous studies using nonlinear analysis of HRV, the novel MDTA parameters had higher discriminating power than the parameters obtained through time
domain analysis and frequency domain analysis did when
TABLE V. Area under curve analyses for multi dynamic trend analysis,
time domain analysis, and frequency domain analysis between the healthy
control group and the congestive heart failure group. AUC, area under the
curve; SDNN, standard deviation of normal to normal; RMSSD, root mean
square successive difference; TP, total power; HF, high frequency power;
LF%, normalized low frequency power; LF/HF, LF to HF ratio; ln, natural
logarithm; MDTS, multi dynamic trend slope (absolute value); and MDTD,
multi dynamic trend deviation.

MDTA method
MDTS (absolute slope)
MDTD (deviation)
Time domain
SDNN, ms
RMSSD, ms
Frequency domain
TP, ln(ms2)
HF, ln(ms2)
LF%, nu
LF/HF, ln(ratio)
a

AUC

Standard error

p value

1.000a
1.000a

0.000
0.000

p < 0.001
p < 0.001

0.925a
0.687a

0.043
0.087

p < 0.001
p ¼ 0.042

0.792a
0.570
0.935a
0.935a

0.081
0.093
0.041
0.041

p ¼ 0.005
p ¼ 0.449
p < 0.001
p < 0.001

p < 0.05.
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investigating the effects of aging and CHF.16,34,44 More specifically, the intrinsic trend fluctuations of the complex HRV
analyzed using MDTA were found to be decreased in healthy
elderly subjects and CHF subjects. Because the MDTA
method is a nonlinear approach to HRV analysis comprising
EMD and a variable-sized sliding-window method, our findings indirectly support the hypothesis that HRV is a nonlinear and nonstationary biosignal, and consequently, that a
nonlinear approach is more appropriate for analyzing it.
Technically, time domain analysis is unable to include
dynamic structural information from heart rate time series
and may not fully delineate these time–space varying properties because it improperly analyzes dynamic variation features and the intrinsic fluctuation in HRV. Furthermore, the
most commonly used types of frequency domain analysis,
either the nonparametrically windowed FFT or parametrically autoregressive modeling, are limited by the implicit
assumption of a linear and stationary signal, a characteristic
that biological oscillations rarely exhibit.13,16,45 In addition
to executing EMD, MDTA involves applying a variablesized sliding-window method that simultaneously enhances
the time resolution (by using a different window size on different time frames) and the spatial resolution (by using a
flexible analysis window size). Almost all HRV studies41,46
have applied an approach that uses a fixed window with a
minimum window size of 5 min.9 However, the transient nature of rapidly changing physiological effects makes them
difficult to detect with the limitations imposed by such a
fixed window.
The physiological interpretation of MDTA can be based
on the association between parameters in both time domain
analysis and frequency domain analysis; this has been established in previous studies and is widely accepted. In brief,
the SDNN and TP reflect both sympathetic and parasympathetic activities and serve as predictors that can be used to
obtain a prognosis for cardiovascular disease, especially
CHF.7,47 The RMSSD and HF represent parasympathetic
activity and act as predictors of aging and cardiovascular disease. Conversely, the LF/HF and LF% represent sympathetic
activity.9 In this study, the MDTA parameters of healthy
subjects were found to be highly correlated with all predictors of aging and disease, and with various parasympathetic
activities.
HF obtained through spectral analysis has also been
found to correlate with MDTA among healthy subjects; it
has been commonly used in previous studies as a measure of
parasympathetic function when predicting disease and the
effects of aging.6,48 However, some pilot studies that examined EMD of HRV eliminated the fundamental limitations of
the FFT and avoided the spurious harmonics generated under
the conditions used.11,12,44 Furthermore, the variable-sized
sliding-window method can be used to assess the temporal
and spatial variations in HF and LF discrimination without
resorting to fixed high-pass and low-pass filtering. The combination of the HHT and variable-sized sliding-window
method seems to enhance both the temporal and spatial resolution simultaneously and therefore can isolate the main frequency components more adaptively. Thus, MDTA showed
a higher capacity to differentiate the CHF subjects from the

Chaos 26, 023109 (2016)

healthy elderly subjects, and the healthy elderly control subjects from the healthy young control subjects, than HF did in
the present study.
It is consequential that MDTA was correlated only with
the LF/HF and LF% among the CHF subjects. Heart failure
is characterized by decreased HRV, with sympathetic dominance and loss of parasympathetic activity.7,49,50 Therefore,
the decrease in parasympathetic activity, that is, vagal function,8 provided evidence of a poor correlation between
MDTA and HF among the CHF subjects. In this situation,
the characteristics of MDTA were amplified and the EMD
served as a powerful adaptive filter with the variable-sized
sliding-window method contributing toward identifying the
intrinsic trend fluctuation. The MDTA indices were found to
be correlated with the low-frequency sympathetic parameters
of HRV. Theoretically, MDTA more accurately represents
the intrinsic trend fluctuations at low frequencies than does
the LF determined by the FFT by using a fixed 5-min window. Although the LF% and LF/HF are considered by some
investigators to mirror sympathetic modulation, it is noteworthy that the LF/HF might be inappropriate for examining
CHF subjects.51 This is because subjects with a marked
reduction in ventricular functioning commonly present with
a paradoxical reduction rather than an increase in LF despite
clinical signs of sympathetic activation.52
The cross-sectional design of this study involved using a
convenience sample from the PhsyioNet database. This limited our ability to make causal inferences on the relationship
between HRV and the effects of aging and CHF.
CONCLUSION

Theoretically, MDTA can adaptively and automatically
identify the intrinsic fluctuation from nonlinear and nonstationary signals on variable temporal and spatial scales. In an
experiment using HRV data, it proved to be a powerful
approach to obtaining a prognosis of cardiovascular disease
and the effects of aging as well as a potential indicator of
cardiac autonomic sympathetic and parasympathetic modulation. This pilot study developed a novel technique that provides new insights into the complex fluctuations in cardiac
autonomic regulation.
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